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Motion patterns in humans have been closely associated with neurological/musculoskeletal/
behavioral/psychological health issues and competitive sports performance. Recent
decades have witnessed the development of a number of motion capture and analysis
techniques to assist professionals in quantitatively evaluating motion patterns. However,
current assessments still mainly rely on the professionals’ experience, questionnaires or
scales, and functional tests. As a result, some pathological or elite athletes’ motion patterns
remained unclear. Moreover, the in-depth biomechanical/neuromuscular mechanisms of
motion patterns are poorly understood. Therefore, in this Special Issue, we have assembled
23 research articles and review papers on the state-of-the-art advances in motion analy-
sis from fundamental in vitro cell [1] and cadaveric studies [2] to in vivo experiments on
human subjects. These studies have either applied validated biomechanical models and
neuromuscular analyses to answer unresolved clinical/sports-related questions or focused
on the development of novel motion analysis methods. We expect this Special Issue to shed
light on future research and developments in biomechanics and motion analysis.

1. Evaluation of Motion Patterns Using Validated Biomechanical Analysis

Biomechanical motion analysis is generally based on two types of models: multibody
models and finite element models (FEMs) [3]. A multibody model refers to a set of rigid
bodies connected by joints; inverse dynamics are normally incorporated to calculate joint ki-
netics from the measurable kinematics of body segments [4]. In contrast, FEMs reconstruct
internal strain, stress, or deformation in flexible bodies based on continuum mechanics the-
ories [3,5]. These validated models have been instrumental in exploring the motion patterns
in specific patients/athletes and examining the effects of specific interventions/treatments
on motion patterns. The analyzed body parts range from global posture, balance, gait, or
sports performance to localized trunk, upper-limb, or lower-limb joint motions.

Regarding global motion analyses, validated multibody models have been used to
quantify postures in healthy adults, gait initiation in patients with Parkinson’s disease,
walking patterns in pregnant women, running performance, and swimming performance.
Huthwelker et al. [6] quantitatively measured the spine postures in healthy adults of dif-
ferent age and gender groups, serving as reference data for studies of abnormal spine
postures. The freezing of gait is common in patients with Parkinson’s disease and may
lead to falls; thus, Palmisano et al. [7] investigated underlying balance control in gait initia-
tion and identified that the center of pressure parameters, rather than the center of mass
parameters, could be related to the freezing of gait. Li et al. [8] investigated the effects of
different shoe-heel heights on pregnant women’s walking balance, providing new insights
on reducing fall risks in this population. Fadillioglu et al. [9] compared running patterns in
novice runners vs. expert runners, and identified the key spatiotemporal and kinematic
parameters indicating better running performance. In addition, Fernandes et al. [10] con-
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ducted a comprehensive review on whether swimming performance is related to kinematic
parameters, i.e., intracycle velocity variations.

Regarding the motion analyses of localized body components, both validated multi-
body models and FEMs have been used. Using multibody models, Herteleer et al. [11]
continuously monitored shoulder joint angles in patients after surgeries of humerus frac-
tures, and examined the effects of different rehabilitation protocols, i.e., early postoperative
mobilization vs. immobilization, on the shoulder joint motions. Similarly, Kwak et al. [2]
compared knee joint kinematics following two different protocols of total knee arthroplasty
to evaluate the effectiveness of the treatments. However, when some newly proposed inter-
ventions cannot be conducted directly on human subjects due to ethical reasons, FEMs can
help simulate how interventions may cause changes in specific biomechanical indicators
in vitro and simulate the possible clinical outcomes. Giordano et al. [12] used FEMs to
examine mechanical properties within the femur (such as stress distribution) by simulating
different constructions of implants for treating femur head fractures, and evaluated the
treatment effects of different implant construction methods. Similarly, Wong et al. [13]
used FEMs to evaluate the stress of different thoracolumbar reconstruction constructs on
proximal junctional levels, providing insights on the optimal selection of reconstruction
constructs to treat thoracolumbar burst fractures and minimize postoperative complica-
tions. In addition, Nispel et al. [14] reviewed the contemporary use of coupled multibody
models and FEM simulations to analyze both the holistic biomechanics of the spine and
the stress distribution within flexible components (e.g., intervertebral discs), providing a
more comprehensive view of facilitating the evaluations and diagnoses of spine-related
health issues.

2. Evaluation of Motion Patterns Using Validated Neuromuscular Analysis

The in-depth analysis of surface electromyography (sEMG) signals can also be used
to explain abnormal motion patterns. He et al. [15] investigated how Schroth exercises,
one of the commonly used training methods for patients with adolescent idiopathic scol-
iosis in clinical settings, activate the paraspinal muscles in concave and convex sides; the
findings provide evidence for the effectiveness of this treatment. Son et al. [16] analyzed
the sEMG signals of neck, shoulder, and arm muscles during dentists’ daily occupational
tasks, and found that the repetition of one task causes muscle fatigue, a finding which
supports the importance of rest for reducing occupation-related musculoskeletal disorders.
By examining elbow flexor sEMG signals in patients after spinal cord injuries (SCIs) vs.
healthy controls, Li et al. [17] found that both the muscle fiber conduction velocity (indicat-
ing muscle properties) and the sEMG–force relationship (indicating central neural drive)
had been altered after SCI. These applications of validated neuromuscular analyses have
complemented biomechanical analyses in advancing the assessment and management of
motor function impairments.

3. Methodological Optimization and Development in Motion Analysis

To meet the huge demands for wearable motion capture and remote motion analysis
in healthcare sectors [18–21], new trends are emerging to optimize existing motion analysis
models or combine them with the novel statistical, machine learning, or deep learning
algorithms. Li et al. [22] proposed the use of multivariable linear regression models and a
composite index, which was derived from the most significant differences in patients with
anterior cruciate ligament deficiency (ACLD) vs. healthy controls, to facilitate the clinical
diagnosis of ACLD. Zhao et al. [23] proposed a new model of using only the easily available
anthropometric data (i.e., leg length, body weight, and walking cadence) to estimate
vertical stiffness in hip and knee joints, providing alternative insights for gait analysis.
Human ankle subtalar and talocrural joint motions are difficult to quantitatively measure
in outdoor environments; therefore, Agudelo-Varela et al. [24] proposed a wearable device
using a new statistical method of angle calculation. Machine/deep learning algorithms
have further facilitated marker-free motion capture and analysis. Using machine learning
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algorithms, Haufe et al. [25] found that the gait events could accurately be determined
by as few as two lower-limb muscles’ sEMG signals in patients with Parkinson’s disease.
Sikandar et al. [26] used deep learning algorithms to classify walking speeds based on two-
dimensional marker-free video images. Similarly, Tang et al. [27] attempted to estimate joint
moments and power using video data and deep learning algorithms; however, differences
existed when comparing marker-free and marker-based estimates, which indicated that
their marker-free approach could be further improved to identify the joint centers/center of
segment mass more accurately. In addition to video images, Wang et al. [28] utilized motion
data collected by two inertial measuring units (IMUs) to identify students’ classroom
behaviors using deep learning algorithms. Similarly, Xia et al. [29] used IMUs and thin-
film force sensors in hand exoskeletons designed for stroke survivors, enabling intention
recognition based on the biomechanical data collected using the deep learning algorithms.

4. Conclusions

Collectively, the studies presented in this Special Issue have used various validated
biomechanical models or proposed novel methods of motion analysis to gain new insights
into health-related problems and sports performance. As the editors of this Special Issue,
we look forward to the continuous efforts of applying novel biomechanics-based motion
analysis to support clinical practice and overcome any unsolved challenges. We expect that
further steps are needed to translate the methodological developments of motion analysis
methods into broader applications.

Author Contributions: Conceptualization, C.Z.-H.M., C.H. and Z.L.; writing—original draft prepa-
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Abstract: The effect of extracellular matrix (ECM) stiffness on embryonic trophoblast cells invasion
during mammalian embryo implantation remains largely unknown. In this study, we investigated
the effects of ECM stiffness on various aspects of human trophoblast cell behaviors during cell–
ECM interactions. The mechanical microenvironment of the uterus was simulated by fabricating
polyacrylamide (PA) hydrogels with different levels of stiffness. The human choriocarcinoma (JAR)
cell lineage was used as the trophoblast model. We found that the spreading area of JAR cells, the
formation of focal adhesions, and the polymerization of the F-actin cytoskeleton were all facilitated
with increased ECM stiffness. Significantly, JAR cells also exhibited durotactic behavior on ECM
with a gradient stiffness. Meanwhile, stiffness of the ECM affects the invasion of multicellular JAR
spheroids. These results demonstrated that human trophoblast cells are mechanically sensitive,
while the mechanical properties of the uterine microenvironment could play an important role in the
implantation process.

Keywords: embryo implantation; human choriocarcinoma cell; extracellular matrix; stiffness;
durotaxis

1. Introduction

Embryo implantation is a critical feature of mammalian pregnancy and requires a
series of interactions between the embryo and the uterus, which can be divided into three
different steps: apposition, attachment, and invasion [1]. In brief, after hatching from
the zona pellucida, the spheroid of cells floats freely and finds the proper implantation
site (apposition), and the trophoblasts firmly attach to the uterine wall (adhesion). The
trophoblasts then differentiate into cytotrophoblasts and syncytiotrophoblasts under tight
regulation, thereby invading the endometrium (invasion) and leading to compromised
placental development and pregnancy complications [2].

Recent research on embryo implantation primarily focused on biochemical aspects,
including some molecular mechanisms and related signaling pathways. During the early
stages of implantation, there are many molecular mediators coordinated by ovarian steroid
hormones involved in the initial maternal-fetal communication and interaction. These
mediators include adhesion molecules, cytokines, growth factors, and lipids [3,4]. Mean-
while, using human endometrium Ishikawa and PL95-2 cells, Ming Yu et al. found that
N-glycosylation of the endometrium is necessary to maintain the receptive functions of the
uterus [5].
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Several studies recently uncovered the role of mechanical forces before and during
human embryo implantation [6–8]. The mechanical properties of the human endometrium
are complex, and spatiotemporal changes exist during embryo implantation [8,9]. Me-
chanical indentation was used to demonstrate that mechanical properties significantly
differ between anatomical locations in both nonpregnant and pregnant uterine tissue [10].
For instance, in pregnant tissue, Young’s modulus of fundus tissue is higher than that
of the posterior and anterior tissue. The stiffness of decidual basalis (implantation site)
is much higher than the decidua parietalis, nonpregnant endometrium, and placenta
(~103 Pa vs. ~102 Pa) [11]. When the uterus is in a pathological state or there is a scar in
the endometrium, the stiffness will increase [12,13]. For example, the shear modulus in
a pathological state is about 7 kPa (calculated elastic modulus: 18.2 kPa), and the shear
modulus in an extreme pathological state is about 17.4 kPa (calculated elastic modulus:
45.2 kPa) [6,13]. Endometrium extracellular matrix (ECM) stiffness is lower during the
secretory phase than during the proliferative phase (shear modulus: 3.34 kPa vs. 1.97 kPa;
calculate elastic modulus: 8.68 kPa vs. 5.12 kPa) [14].

Recent work demonstrated that the implantation process may be regulated by mechan-
ical factors. Firm adhesion between trophoblast-type cells and endometrium epithelial cells
was only observed when the trophoblast-functionalized tip indented the apical surface of
the epithelial cell [15], indicating the role of mechanical forces during the maternal-fetal
interaction [7]. Meanwhile, recent work studied the mechanobiological regulation of pla-
cental trophoblast fusion through ECM stiffness [6]. Using a stiffness-tunable hydrogel
culture system, Ma et al. suggested that stiffer ECM promotes the spreading and fusion
of trophoblast cells [6]. Wong et al. demonstrated that thicker ECM promotes the self-
assembly of 3D trophoblast cells spheroids [16]. These might suggest an effect of ECM
stiffness on the invasion of trophoblast cells, but they do not directly demonstrate how
substrate stiffness regulates the invasion behaviors of trophoblast cells. Therefore, it is
important to reveal the effect of ECM stiffness on trophoblast cell adhesion, migration, and
invasion of multicellular spheroids.

Polyacrylamide hydrogels are widely used as a biocompatible material with easy
fabrication and adjustable stiffness to study the effect of substrate stiffness on cell behav-
iors [17–19]. In this study, we generated collagen-coated polyacrylamide (PA) hydrogels
with different stiffness gradients to mimic the microenvironment of the uterus and inves-
tigate the role of ECM stiffness in trophoblast cell morphology, migration, and invasion.
We chose the human choriocarcinoma (JAR) cell lineage, which is derived from human
choriocarcinoma and is the most widely-used cytotrophoblast-like cell model [20–27]. Our
results showed that as the simulated ECM stiffness increased, the spreading area of JAR
cells gradually promoted, and the number of focal adhesions increased, while the cytoskele-
ton became more robust and filamentous. We also found that individual trophoblast cells
exhibited durotaxis behavior, and simulated ECM stiffness enhanced the invasion capacity
of trophoblast spheroids. This study complements the effect of mechanical forces on the
invasion behaviors of trophoblast cells, revealing the important role of ECM stiffness in
embryonic implantation, while being able to provide some references for the study of
diseases related to implantation.

2. Materials and Methods
2.1. General Cell Culture

The JAR human choriocarcinoma cell line (TCHu156 ATCC) was maintained in RPMI
1640 medium (Hyclone) at 37 ◦C under 5% CO2 in incubator. The culture media was
supplemented with 10% (v/v) fetal bovine serum (FBS, SERANA), 100 units/mL penicillin,
and 100 units/mL streptomycin.

2.2. JAR Spheroid Formation

For the spheroid formation assay, we seeded 100 µL of JAR cells at a density of 1× 105 cells/mL
in each well of an ultra-low attachment 96-well round bottom plate (Corning, NY, USA).
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Cells were incubated overnight at 37 ◦C in a 5% CO2 incubator. During this incubation,
JAR cells formed spheroids of 50–200 µm in diameter via natural aggregation. The aggre-
gate diameter of the spheroids was measured by CellSens standard software (Olympus,
Tokyo, Japan).

2.3. Fabrication of Polyacrylamide Hydrogels with Stiffness Gradients

A polymer solution containing 20% (v/v) acrylamide monomer (Bio-Rad) and 0.4%
(v/v) N,N′-methylenebisacrylamide cross-linker (Bio-Rad) was prepared in 1× Dulbecco’s
phosphate-buffered saline (PBS, Life Technologies, Gaithersburg, MD, USA) without Mg2+

and Ca2+. An amount of 1 mL aliquots were degassed for 5 min, and 4 µL of 10%
(w/v) ammonium persulfate (APS) (Sigma-Aldrich) was added and mixed for 0.5 s; then,
1.2 µL of N,N,N′,N′-tetramethylethylenediamine (TEMED) (Bio-Rad) was quickly added
and mixed for 1 s. An amount of 120 µL of this solution was transferred into a glass mold,
and a functionalized glass coverslip was placed over the solution at an angle so that no
air remained under the coverslip. The solution was allowed to polymerize for 30 min at
room temperature, after which the coverslip was removed from the mold. The gels were
rinsed and stored in 1× PBS without Mg2+ and Ca2+ for subsequent use. For cell adhesion,
Sulfosuccinimidyl 6-(4′-azido-2′-nitrophenylamino) hexanoate (sulfo-SANPAH, Thermo
Fisher Scientific, Waltham, MA, USA) was applied to the PA gel surface for 15 min under
365 nm UV light (2 times). Then, the gel was coated with collagen I (100 µg/mL) overnight
at 4 ◦C. Before the cell seeding, PA gels were washed 3 times with PBS. PA hydrogels with
this structure have thickness gradient and apparent stiffness gradient [28].

To measure the thickness of the gel, PA gel was stained with Coomassie brilliant
blue G-250 for about 10 min. Using confocal microscope (Leica TCS SP8 X, Germany,
Wetzlar, Germany), we obtained a series of Z-stack images and reconstructed to measure
the thickness of the PA gel.

An atomic force microscope (AFM, MFP-3D, Asylum Research Inc., Santa Barbara,
CA, USA) with the colloidal probe cantilever was used for the apparent Young’s modulus
measurement. The cantilever used in the experiments was a non-tip cantilever (NSC36,
MikroMasch, Watsonville, CA, USA) with a spring constant of 2 N/m. The colloidal probe
was assembled, as described previously, by adhering a glass sphere of diameter d = 26.3 µm
to the front end of the cantilever [29]. To effectively reduce the adhesion between the probe
and the PA gel, the surface of the colloidal probe was coated with a thin layer of PLL-g-PEG
(SuSoS AG.) [30]. The AFM measurements were carried out in contact mode with 1~8 µm
indentation depths. The measured force–distance curves were recorded and fitted with
Hertz model F = 4

3(1−υ2)
ER0.5δ1.5 to calculate the reduced Young’s modulus E [31], where

F is the measured force, R is the probe radius, δ is the indentation distance, and υ = 0.33
is the Poisson ratio. Prior to each force measurement, the spring constant of the colloidal
probe is calibrated in situ using the thermal power spectral density method [29].

The topography of PA gel surface was visualized using scanning electron microscopy
(SEM, Quanta 200 FEG). PA gels were flash frozen and were then lyophilized overnight. A
layer of platinum (Pt) was deposited on the gel surface using a turbomolecular pump coater
(Q150T, Quorum Technologies, Lewis, UK) prior to observation to enhance the electrical
conductivity of the gel.

In each independent experiment, the PA gel was fabricated under the same condi-
tion. The size, thickness, and partitioning of the PA were controlled consistently. The
reproducibility of the gel fabrication was verified.

2.4. Cell Immunofluorescence

JAR cells in hydrogel substrates were fixed in 4% (w/v) paraformaldehyde in PBS for
15 min at room temperature. The hydrogel was washed twice with PBS, permeabilized
in 0.1% (v/v) triton X-100 in PBS for 15 min, and washed twice more with PBS. JAR cells
were blocked in 2.5% (v/v) goat serum in PBS for 2 h at room temperature to prevent
non-specific binding. Then, cells were incubated with anti-vinculin antibody (1:200, Abcam,
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GR3270283-14, overnight, 4 ◦C) in goat serum. For secondary staining, cells were washed
twice with PBS and incubated with goat anti-rabbit IgH H&L (488 nm) antibody (Abcam,
1:500, GR320844-3, 3 h, room temperature). Directly stained cells were incubated with
1:200 DAPI and phalloidin (546 nm) in goat serum solution (2 h, room temperature) and
thoroughly washed with PBS. Confocal microscope (Leica TCS SP8 X, Germany, Wetzlar,
Germany) was used for acquiring images.

2.5. Image Analysis and Figure Preparation

Unless otherwise stated, images were adjusted and analyzed using the Fiji distribution
of ImageJ. R was used to generate all graphs and perform all statistical analyses. Figures
were made using Photoshop Creative Cloud and PowerPoint.

2.6. Live Cell Imaging, Cell Tracking, and Migration Analyses

Cells plated on PA hydrogels were incubated overnight in RPMI 1640 with 10% FBS.
For cell tracking, 1 × 106 cells were seeded in the confocal dishes (BioFroxx, BDD-12-35)
and incubated overnight. Cells were monitored using an automated live-cell imager (Leica,
Germany) with a 10× dry objective and maintained at 37 ◦C in a 5% CO2 environment
during imaging. Phase-contrast images were captured every 15 min for 14 h. Imaris’ cell
tracking module was used to track individual cells and obtain (x, y) coordinates to calculate
displacement, track length, and cell velocity (track_length/time). Migrating cells were
identified as those that migrated beyond a circular area 2 times the diameter of the cell over
14 h of imaging. The maximum displacement was calculated as the maximum change in
the Euclidean distance of a particular cell throughout the imaging process.

2.7. F-Actin Skeletonization

F-actin skeletonization was performed using a steerable filter with MATLAB and
ImageJ [32]. In brief, multiple-scale steerable filtering was used to enhance the curvilinear
features, and centerlines of curvilinear features were extracted. Next, the filament fragments
were clustered into high and low confidence and the fragments were connected with a
graph matching. A network of F-actin was obtained after the reconstruction and each
filament was represented by an ordered chain of pixels and a local filament orientation.
ImageJ was used to determine the length of detected filaments (Plugins > NeuronJ) and
enhance filament thickness for visualization.

2.8. Focal Adhesion Area Measurement

Focal adhesion area was measured using ImageJ software [33]. Briefly, the original
image of immunofluorescence was firstly subtracted the local background by applying
SUBSTRACT BACKGROUND. Then, the local contrast of the image was enhanced by
adjusting Contrast Limit Histogram Equalization. Mathematical exponential and BRIGHT-
NESS & CONTRAST tool were used for further minimizing the background. Next, we
used the LOD3D plugin to filter the image and ran the THRESHOLD command to convert
the image to a binary image. Finally, ANALYSE PARTICLES command was executed to
scan the binary image and find the edge of focal adhesions.

2.9. Particle Image Velocimetry (PIV) Measurement

PIV analysis was performed using a custom algorithm based on MATLAB’s PIVlab
software package (Matlab2020a, PIVlab2.36). We used live cell image sequences of JAR
cells to analyze the direction and magnitude of cell movement. To avoid the influence
of the background movement on the calculated results, the calculated velocity field was
subtracted from the average velocity. For the velocity vectors arrows, each pixel of length
represents 0.05 µm/min.
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2.10. Durotaxis Assays

Cells were seeded on PA hydrogels with stiffness gradients. The cells were mounted
and maintained on the microscope as described above. After live cell imaging and cell
tracking, the direction of cell movement was calculated based on the results of the PIV
analysis (fractional velocities in the x and y directions).

2.11. Spheroid Spreading Assay

Multicellular spheroids were generated as described above. Diameters of JAR spheroids
were similar to those of human embryos at the periods of implantation (5–6 days after fertil-
ization), with an average of 150 ± 15 µm [34,35]. By observation under a stereomicroscope
(Olympus, Japan), each spheroid at the bottom of the well was carefully aspirated with a
disposable pipette tip and transferred into a small dish (LABSELECT 12111). Spheroids
with proper size were gently collected and evenly dispersed into six-well plates containing
hydrogel-coated coverslips. Spheroids were then incubated for 24 h for attachment and
spreading before imaging with 10× or 20× objectives. To quantify the degree of disper-
sion, images were firstly converted into 8-bit image and then thresholded using ImageJ
(Image > Adjust > Threshold) to outline the periphery of the aggregate, and the spreading
area (total area–spheroid area) of the 24 h image was divided by the area of the spheroid,
which was considered the spreading ratio.

2.12. Statistical Analysis

All statistical analyses were performed using R software (version 4.1.1). Results were
expressed as the mean ± standard deviation (SD). Every experiment was repeated three
times (n = 3). After confirming that the data were normally distributed and homogeneous
in variance using the Shapiro–Wilk significance test as well as the Bartlett test, Student’s
t-test was used for analysis. For all comparisons, p < 0.05 was considered statistically
significant.

3. Results
3.1. Simulated ECM Stiffness Regulates Trophoblast Cell Morphology and Spreading Area

Numerous studies demonstrated that cell spreading and focal adhesion maturation are
positively correlated with ECM rigidity in various cells [36–42]. However, this correlation
was not investigated in cytotrophoblasts. Therefore, we fabricated PA hydrogels (Figure S1),
examined the surface morphology of the gels by SEM (Figure S2), and measured the
apparent elastic modulus by AFM (Figure S3), which represent varying ECM stiffnesses
independently of topographical and compositional cues [28]. We cultured JAR cells on
simulated ECM with stiffness gradients ranging from 10 kPa to 100 kPa (Figure 1A,B).
We then divided the hydrogel into three regions according to their stiffness: a stiff region
(46.7 ± 25 kPa), an intermediate region (14.6 ± 8.0 kPa), and a soft region (6.9 ± 0.5 kPa).

After 24 h incubation, the cells were observed by phase-contrast microscope
(Figure 1C). Cells growing on simulated ECM with different stiffness showed signifi-
cant changes in cell morphology and spreading area. On the stiffer simulated ECM, JAR
cells were polygonal with a larger cell spreading area, while the spreading area of the cells
tended to decrease as stiffness decreased, and the cell morphology gradually became round
(Figure 1D). These results demonstrate that JAR cell morphology and spreading area are
regulated by simulated ECM stiffness.

3.2. F-Actin Organization and Focal Adhesion Formation Are Affected by Simulated ECM
Stiffness in JAR Cells

Since cell spreading is regulated by the cytoskeleton and focal adhesion complex [43],
we measured the assembly of F-actin and the focal adhesion in JAR cells on simulated
ECM with different stiffnesses (Figure 2A). The images revealed significant differences in
actin organization and focal adhesion formation between three simulated ECM regions
with different stiffnesses. The focal adhesion area indicated by the staining of vinculin,
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which was measured by ImageJ software, increased as simulated ECM stiffness increased
(Figure 2B). To quantify the F-actin cytoskeleton structure differences, we applied a steerable
filter to extract F-actin bundles [32] (Figure 2C). The results demonstrated that JAR cells in
the stiff simulated ECM region had longer and more robust stress fibers compared to other
simulated ECM regions (Figure 2D). This demonstrates that stiff simulated ECM enhanced
the F-actin organization and focal adhesion assembly of JAR cells.

Figure 1. Simulated ECM stiffness regulates trophoblast cell morphology and spreading area.
(A) (Top): schematic diagram of PA gel with stiffness gradient. The Young’s modulus of the PA gel is
1 kPa, and its apparent Young’s modulus gradually increases with the decrease in the gel thickness.
According to the change of the apparent Young’s modulus, the surface of the PA gel is evenly divided
into three regions, namely Stiff, Intermediate, and Soft. (Bottom): schematic representation of JAR
cells cultured on different regions. E indicates the apparent Young’s modulus. (B) Phase contrast
images of JAR cells cultures on different regions scale bar: 20 µm. The yellow dashed line indicates
the boundary of cells. (C) Measured average cell spreading area of JAR cells cultured on different
regions. **** p < 1 × 10−6, n = 31, 27, 23 for Soft, Inter and Stiff, respectively. Data reported as
mean ± standard deviation for N = 3 independent experiments. Each scatter indicates each cell being
measured, and each color indicates an independent experiment.

3.3. Stiff Simulated ECM Enhances JAR Cell Motility

Several studies demonstrated that cell migration is regulated by ECM stiffness [44–48].
To investigate cell migration behavior on ECM with different stiffness, we used a time-lapse
microscope to visualize the motility of JAR cells. To examine the relationship between
ECM stiffness and JAR cell migration, we used particle image velocity (PIV) to analyze the
movement of JAR cells on simulated ECM with different stiffnesses (Figure 3A). Meanwhile,
we selected JAR cells in different simulated ECM regions (stiff, intermediate, and soft) and
tracked their migration for 5 h (Figure 3B). The migration distance (track length) as well
as the migration velocity (track_length/time) of JAR cells on the inter and stiff regions
were significantly increased compared to JAR cells on the soft region (Figure 3C,D). The
displacement of JAR cells significantly increased as simulated ECM stiffness increased
(Figure 3E). These results indicate that stiff simulated ECM increases cell motility in
JAR cells.
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Figure 2. F-actin organization and focal adhesion formation are affected by simulated ECM stiffness
in JAR cells. (A) Immunofluorescence staining of JAR cells cultured on different regions (red: F-actin;
green: vinculin, scale bar: 20 µm). (B) Measured focal adhesion area of JAR cells cultured on dif-
ferent regions. **** 1 × 10−6, n = 18, 27, 24 for Soft, Inter, and Stiff, respectively. Data reported as
mean ± standard deviation for N = 3 independent experiments. Each scatter indicates each focal
adhesion being measured. (C) Skeletonization of F-actin in JAR cells cultured on different regions
(scale bar: 20 µm). (D) Measured cytoskeleton length of JAR cells cultured on different regions.
**** 1 × 10−6, n = 35, 27, 24 for Soft, Inter, and Stiff, respectively. Data reported as mean ± stan-
dard deviation for N = 3 independent experiments. Each scatter indicated each F-actin filament
being measured.
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Figure 3. Stiff simulated ECM enhances JAR cell motility (A) (Top): Vectors of JAR cell migration.
(Bottom): heatmap of velocity magnitude on different regions of simulated ECM (scale bar: 50 µm,
color bar: 0~0.2 µm/min). (B) Tracking of JAR cells cultured on different regions (scale bar: 100 µm,
time bar: 5 h). Each scatter indicated each cell being analyzed. (C,D) Velocity and track length of
JAR cell migration. **** p < 1 × 10−6, *** p < 0.001, n = 11, 11, 9 for Soft, Inter, and Stiff, respectively.
Data reported as mean ± standard deviation for N = 3 independent experiments. Each scatter
indicated each cell being analyzed. (E) Track displacement of JAR cells cultured on different regions.
*** p < 0.001, ** p < 0.01, n = 11, 11, 9 for Soft, Inter, and Stiff, respectively. Data reported as
mean ± standard deviation for N = 3 independent experiments.

3.4. JAR Cells Exhibit Durotaxis

Spatial changes in ECM stiffness were shown to induce migration toward increased
stiffness in numerous cell types both in vitro and in vivo [49]. This process, which is a key
regulator of cell migration and invasion, is called durotaxis [50–52]. Although durotaxis
was observed in many cell types [53–56], few studies described durotaxis in the context of
human trophoblast cells. Therefore, we performed tracing for JAR cells grown on simulated
ECM with a large stiffness gradient for 9.5 h (Figure 4A). By analyzing these trajectories,
we found that most cells tended to migrate toward the stiffer simulated ECM region
(Figure 4B,D). PIV analysis that was performed on two adjacent frames also demonstrated
that the migratory direction of most cells coincided with the positive direction of the
stiffness gradient (Figure 4C). These results demonstrate that JAR cells exhibit durotaxis.
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Figure 4. JAR cells exhibit durotaxis. (A) Tracking of JAR cells cultured on stiff region (scale bar:
50 µm, time bar: 9.5 h). E indicates the apparent Young’s modulus. Arrows indicated the displacement
of each cell, (B) Representative JAR cell migration plots on stiff region over 9.5 h. The total cell number
n = 56, number of independent experiments N = 3. (C) Vector map of JAR cell migration on stiff
region (scale bar: 150 µm). Arrows indicated the vector of velocity. (D) Rose diagram of cell migration
direction, which displays the angular between migration and stiffness gradient and the frequency of
each class. The total cell number n = 56, number of independent experiments N = 3.

3.5. Stiff Simulated ECM Enhances the Adhesion and Invasion of Multicellular JAR Spheroids

During the complex biophysical process of embryo implantation, trophoblasts con-
tribute to successful implantation via attachment and invasion. Numerous studies demon-
strated many similarities between embryo implantation and tumor progression [57–60].
Components that are crucial to tumor cell migration and invasion are shared by the hu-
man trophoblast, including the involvement of the extracellular matrix (ECM), proteases
(including serine proteases, cathepsins, and matrix-metalloproteinases), and cell-surface
receptors (integrins) [59]. F-actin remodeling regulated by fascin plays a critical role in both
cancer metastasis and trophoblast migration and invasion [60,61].

As such, we inferred that if the migration of individual JAR cells is affected by the
mechanical forces of their microenvironment, the invasion behaviors of multicellular JAR
spheroids could also be regulated by ECM stiffness. During the first step of the embryo
implantation process, the blastocyst, a spheroid, establishes adhesion to the endometrium.
Wong et al. demonstrated that ECM stiffness regulates the self-assembling of 3D placental
trophoblast spheroids [16], but few studies directly demonstrated how ECM stiffness affects
adhesion or spreading of 3D human trophoblast spheroids.

Based on this, we referred to tumor research methods to study the effect of ECM
stiffness on invasion of multicellular JAR spheroid [62]. Multicellular JAR spheroids were
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formed in ultra-low attachment 96-well plates, as described in Methods, and were then
seeded onto PA hydrogels with different stiffness and allowed to attach for 24 h (Figure 5A).
JAR spheroids on stiff and intermediate-stiff simulated ECM had larger adhesion areas
and showed a higher degree of invasion compared to spheroids on soft simulated ECM
(Figure 5B–D). No significant difference was found in the degree of spheroid invasion on
the stiff and intermediate-stiff simulated ECM. This demonstrated that the invasion of
multicellular JAR cell spheroids is regulated by simulated ECM stiffness.

Figure 5. Stiff simulated ECM enhances the adhesion and invasion of multicellular JAR spheroids.
(A) (Left): schematic diagram of JAR spheroid invasion assay. (Right): schematic diagram of the
calculation of the invasion ratio. (B) Image of JAR spheroid invasion taken by an inverted microscope
(scale bar: 200 µm). (C) Calculated adhesion area of JAR spheroids on different regions. ** p < 0.01,
n = 24, 17, 12 for Soft, Inter, and Stiff, respectively. Data reported as mean ± standard deviation for
N = 3 independent experiments. Each scatter indicated each spheroid being measured. (D) Calculated
invasion ratio of JAR spheroids on different regions. **** p < 1× 10−6, n = 43, 35, 25 for Soft, Inter, and
Stiff, respectively. Data reported as mean ± standard deviation for N = 3 independent experiments.
Each scatter indicated each spheroid being analyzed.

4. Discussion

Although ECM stiffness was demonstrated to be a key regulator of several devel-
opmental processes, the importance of extracellular mechanics for embryo implantation,
especially for embryo attachment, was not established. This work identified trophoblasts as
mechano-responding malignant tumor-like cells. Using PA hydrogels that mimic Young’s
modulus values of the human endometrium, we demonstrated that stiffer substrate en-
hances various cellular processes closely related to trophoblast adhesion and invasion,
including JAR cell morphology, migration, contractility, and multicellular spheroid disag-
gregation. Our results demonstrate that adhesion and invasion of trophoblasts could be
regulated by the mechanical properties (e.g., stiffness) of the endometrium. Altogether,
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these results suggest that mechanobiological properties may regulate the adhesion and
invasion of human embryo during the process of implantation, and that the stiffness of the
endometrium may affect the selection of embryo implantation sites and the subsequent
invasion process.

Scar pregnancy (CSP) occurs when an embryo implants on a scar in the uterus, and
the incidence of CSP increases with the number of previous cesarean deliveries [63]. The
exact pathogenesis of CSP is not known, but the mechanical properties of the uterine
scar significantly differ from other sites. The stiffness of the uterine scar appears to be
significantly increased compared to the intact myometrium, as measured by ultrasound
elastography [12], which could also affect embryo implantation. In addition, the stiff-
ness of the endometrium in the pathological state is significantly higher than that of the
normal state [6,13]. Our experiments demonstrated that in the context of normal and
diseased human endometrium tissue characteristics (difference in stiffness), the mechanobi-
ological regulation of trophoblast migration and attachment likely plays a critical role
in implantation.

More broadly, this work demonstrated that trophoblast migration and adhesion are
mechanically sensitive, which highlights the importance of strategies using extracellular
tissue engineering to better understand and develop treatments for diseases related to
implantation. This knowledge of mechanically mediated mechanisms for migration and
adhesion can be further leveraged to create better technologies to increase the success
rate of in vitro fertilization (IVF). In addition, the identification of this process will help to
identify new regulatory mechanisms of embryonic adhesion and provide new ideas for the
development of therapeutic strategies related to pregnancy.

Considering the difficulty in obtaining pure, primary, first-trimester human tro-
phoblast cells, we used human choriocarcinoma (JAR) cell lineage instead of primary
trophoblast cell line in this study. However, compared with primary trophoblast cells,
choriocarcinoma cell lines have different transcriptomic profiles, are malignant and contain
an abnormal number of chromosomes, which is unfavorable for studying the uniquely
invasive extravillous trophoblast (EVT) cell behavior [64]. Therefore, in the subsequent
study of embryo invasion, we will choose human embryonic stem cell (hESCs) or adult pro-
genitor cells to derive trophoblast organoids. Endometrial epithelial cells are also involved
in the embryo implantation process [65,66]. Under normal conditions, the trophoblast cells
interact with endometrial epithelial cells to achieve maternal–fetal adhesion. The stiffness
of the ECM could also affect the function of endometrial epithelial cells and the expression
of related proteins. Therefore, to better simulate the in vivo environment, it is necessary
to consider the mechanism of interaction between these two cells under the regulation of
mechanical properties. Furthermore, since mechanical stiffness affects the invasion behav-
iors of trophoblast cells, the mechanobiological regulation of trophoblast migration and
adhesion is most likely to be related to integrin-related signaling pathways. The integrin
protein mediates the adhesion between cells and ECM. After being affected by mechan-
ical forces, integrin binds to its ligands and mediates FAK, PI3K, AKT/PKB, and other
signaling pathways that regulate cell proliferation, migration, and epithelial-mesenchymal
transition [67,68]. By upregulating integrin-β1, the invasion of human trophoblasts can be
promoted [69]. We also examined the expression of integrin-β1 of JAR cells on different
regions and found no significant differences either between soft and inter or between
inter and stiff, with stiff being slightly higher than soft (Figure S4), and the expression
of other subunits of integrin did not change significantly with substrate stiffness [16]. In
addition, several studies demonstrated the significant role of Rho protein in the process of
implantation [26,70,71]. For example, Rho GTPase, most likely RhoA, regulates the adhe-
sion of human trophoblasts to uterine epithelial RL95-2 cells [26].RhoA can also regulate
trophoblast migration through cytoskeleton reorganization [70]. By interfering with related
proteins such as integrin and Rho, we can further study the precise molecular mechanism
of this phenomenon, which is also the content of our follow-up research.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/bioengineering10030384/s1, Figure S1: Fabricated sample of
polyacrylamide hydrogel with stiffness gradient. Scale bar = 10 mm. Figure S2: SEM analysis of
PA gel surface. Scale bar = 30 µm. Figure S3: Elastic modulus measured by AFM. Data reported as
mean ± standard deviation for N = 3 independent experiments. Figure S4: Left: Immunofluorescence
staining of JAR cells cultured on different regions (green: integrin-β1; blue: DAPI, scale bar: 20 µm).
Right: mean fluorescence intensity of integrin-β1 in JAR cells cultured on different regions. n = 12, 13,
13 for Soft, Inter and Stiff, respectively. Data reported as mean ± standard deviation.
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Abstract: Background: Recent evidence supports that restoration of the pre-arthritic condition
via total knee arthroplasty (TKA) is associated with improved post-TKA performance and patient
satisfaction. However, whether the restored pre-arthritic joint line simulates the native mid-flexion
biomechanics remains unclear. Objective: We performed a matched-pair cadaveric study to explore
whether restoration of the joint line via kinematically aligned (KA) TKA reproduced native knee
biomechanics more accurately than the altered joint line associated with mechanically aligned (MA)
TKA. Methods: Sixteen fresh-frozen cadaveric knees (eight pairs) were affixed onto a customized
knee-squatting simulator for measurement of femoral rollback and medial collateral ligament (MCL)
strain during mid-flexion. One knee from each cadaver was randomly designated to the KA TKA
group (with the joint line restored to the pre-arthritic condition) and the other to the MA TKA group
(with the joint line perpendicular to the mechanical axis). Optical markers were attached to all
knees and rollback was analyzed using motion capture cameras. A video extensometer measured
real-time variations in MCL strain. The kinematics and MCL strain prior to and following TKA were
measured for all specimens. Results: KA TKA was better for restoring the knee kinematics to the
native condition than MA TKA. The mid-flexion femoral rollback and axial rotation after KA TKA
were consistently comparable to those of the native knee. Meanwhile, those of MA TKA were similar
only at ≤40◦ of flexion. Furthermore, KA TKA better restored the mid-flexion MCL strain to that of
the native knee than MA TKA. Over the entire mid-flexion range, the MCL strain of KA TKA and
native knees were similar, while the strains of MA TKA knees were more than twice those of native
knees at >20◦ of flexion. Conclusions: The restored joint line after KA TKA effectively reproduced
the native mid-flexion rollback and MCL strain, whereas the altered joint line after MA TKA did not.
Our findings may explain why patients who undergo KA TKA experience superior outcomes and
more natural knee sensations during daily activities than those treated via MA TKA.

Keywords: rollback; ligament strain; kinematic alignment; mechanical alignment; total knee
arthroplasty

1. Introduction

Despite advances in technology and surgical technique, recent evidence indicates
that mechanically aligned (MA) total knee arthroplasty (TKA) does not improve residual
symptoms, natural knee sensations, or patient satisfaction [1–5]. In addition, neutrally
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aligned TKA fails to reproduce patient-specific knee kinematics [6–8]. Thus, kinematic
alignment that restores patient-specific pre-arthritic alignment, joint line obliquity, and
soft tissue laxity has attracted increasing interest [9,10]. Many studies have shown that
kinematically aligned (KA) TKA better restores the pre-arthritic knee kinematics and
functional performance than MA TKA, thereby increasing patient satisfaction [11–18].
However, biomechanical data explaining these improvements are lacking.

Many daily activities, including walking and rising from a chair, are performed in
the mid-flexion range [19]; restoration of preoperative knee performance within that range
is essential for TKA to be successful. It has been suggested that mid-flexion instability is
inevitable after well-balanced MA TKA [20]; joint line elevation after MA TKA was a risk
factor for instability [21–23]. Theoretically, KA TKA that restores both the joint line height
and obliquity of the pre-arthritic knee should provide more natural mid-flexion kinematics
and laxity than MA TKA. However, reports on the relationship between restoration of the
joint line configuration (height and obliquity) and mid-flexion biomechanics/laxity have
been inconsistent [12,15,21,24–26].

The objective of this matched-pair study was to determine whether the restored pre-
arthritic joint line configuration after KA TKA provided femoral rollback closer to that of
the native knee than the altered joint line perpendicular to the mechanical axis created after
MA TKA, and whether KA TKA more effectively restored MCL strain in comparison to MA
TKA. We hypothesized that KA TKA reproduced the natural mid-flexion knee kinematics
(rollback and tibiofemoral axial rotation) better than MA TKA. In addition, we proposed
that KA TKA would more naturally reproduce MCL strain in the mid-flexion range than
MA TKA.

2. Materials and Methods
2.1. Participants

Eight freshly frozen full-body specimens (human cadavers, donated to the College of
Medicine, The Catholic university of Korea, 16 knees; five male pairs and three female pairs;
mean age, 76 years; range: 58–86 years) were used (Table 1). The two knees of each cadaver
were randomly assigned to either the KA TKA or the MA TKA group. All specimens were
macroscopically intact, and none exhibited any gross pathology. This cadaveric study was
approved by Institutional Cadaver Research Committee (College of Medicine, The Catholic
University of Korea) (R19-A018).

Table 1. Demographic variables of the specimens.

Specimen
Number

Age
(y)

Hight
(cm)

Weight
(kg)

Sex
Left Knee
HKA (◦)

Right
Knee

Alignment

OA
Severity

HKA (◦) Alignment
OA

Severity

1 85 163 74 Male 3.6 MA Mild 5.2 KA Mild

2 71 175 64 Male 2.9 KA Mild 2.9 MA Mild

3 84 163 50 Male 7.1 MA Mild 8.0 KA Mild

4 58 166 78 Male 5.1 MA Mild 2.1 KA Mild

5 86 167 48 Female 4.0 MA Mild 0 KA Mild

6 79 164 58 Female 3.3 KA Moderate 4.4 MA Moderate

7 63 170 56 Male 7.6 MA Mild 4.6 KA Mild

8 81 160 48 Female 3.5 KA Mild 1.0 MA Mild

2.2. Preparation of Specimens

The specimens were frozen at 20 ◦C until they were thawed to room temperature on
the evening prior to dissection. All skin and subcutaneous tissues were dissected away,
leaving only the extensor mechanism, knee capsule, and periarticular soft tissues intact.
We took high-resolution anterior-to-posterior photographs of each leg and measured the
anatomical and mechanical axes of both the femur and tibia and the hip–knee–ankle axis.

20



Bioengineering 2022, 9, 564

The severity of osteoarthritis (OA) in each cadaveric specimen was graded as mild (no
articular cartilage lesions), moderate (focal lesion present), or severe (extensive lesion
present) (Table 1). Separation of the quadriceps femoris revealed the vastus medialis,
rectus femoris/vastus intermedius, and vastus lateralis. Additionally, separation of the
hamstring muscles revealed the biceps femoris and semimembranosus/semitendinosus.
Then, suturing the parted muscle branches with wire ensured the connection between the
muscles. The femur and the tibia were cut 30 cm proximal and 25 cm distal to the joint line,
respectively.

2.3. Surgical Procedure

A senior surgeon (one of the authors) performed all arthroplasties following a standard
posterior-substituting (PS) prosthetic system (Legion Total Knee System; Smith & Nephew,
Memphis, TN, USA). Furthermore, a subvastus approach ensured exposure of the knee
joint; the patella was not resurfaced in any case. We sought to ensure that all medial (distal
and posterior femoral) resections were 9.5 mm in thickness, because the thicknesses of the
distal and posterior femoral implants were 9.5 mm. KA TKA was performed using the
previously described calipered technique [27,28]. The femur and tibia resection thicknesses
were equivalent to those of the implants placed in the native joint lines; there was no
manipulation of soft tissue. Calipers were used to measure the thickness of each resected
osteochondral fragment, followed by adjustment of each resection until it matched the
thickness of the implant (Figure 1). The angle of the tibial resection guide was altered until
the saw slot and angle were parallel to the coronal and sagittal proximal articular surfaces
(after compensating for wear). In the MA TKA group, TKA was performed with the
conventional measured resection technique. Resection of the distal femur proceeded using
intramedullary instrumentation that considered the difference between the mechanical
and anatomical axes of each individual specimen; the trans-epicondylar axis was used as
the reference for determining the femoral component external rotation. Extramedullary
instrumentation was then used to perform resections of the coronal and sagittal proximal
tibias at a cutting angle of 90◦ relative to the tibial axis (Figure 1). Lastly, a tensor device
(B Braun-Aesculap, Tuttlingen, Germany) under a 200-N distraction force was used to
measure the 0◦ and 90◦ flexion gaps. The resected osteochondral fragment thickness and
gap after bone resection with KA TKA contrasted with those after MA TKA (Table 2).

Figure 1. The resected osteochondral fragments. During KA TKA, the femur and tibia resection
thicknesses were the same as those of the implants placed in the native joint lines. In the MA TKA
group, distal femoral resection was performed perpendicular to the mechanical axis of the femur; the
trans-epicondylar axis served as the reference when determining the external rotation of the femoral
component. Tibial resection was then performed perpendicular to the mechanical axis of the tibia.
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Table 2. Resected osteochondral fragment thickness and gaps after KA and MA TKA.

KA TKA (n = 8) MA TKA (n = 8) Significance

Resected bone thickness (mm)
Distal femur

Medial 9.6 (0.7) 10.1 (0.8) 0.227
Lateral 9.8 (0.7) 7.0 (1.1) <0.001

Posterior femur
Medial 10.4 (1.5) 11.5 (1.5) 0.158
Lateral 10.5 (1.6) 8.3 (1.0) <0.001
Tibia

Medial 6.3 (1.5) 2.1 (0.3) <0.001
Lateral 6.9 (0.8) 9.6 (1.7) <0.001

Gap (mm)
Full extension

Medial 11.1 (2.2) 12.8 (1.0) 0.076
Lateral 11.8 (2.4) 12.8 (1.0) 0.293

90◦ flexion
Medial 12.8 (2.4) 13.4 (1.2) 0.525
Lateral 16.0 (2.3) 13.9 (1.3) 0.078

All data are the mean (standard deviation). KA, kinematic alignment; MA, mechanical alignment; TKA, total knee
arthroplasty.

2.4. Test Procedure

Following preparation, each knee was affixed in its original axial position onto a
customized knee-squatting simulator system (RNX and Corentec, Seoul, Korea) [18]; this
induces continuous flexion–extension knee motion under physiological muscle loading and
allows both the femur and the tibia to be positioned with six degrees of freedom (Figure 2A).
The ratio between the physiological cross-sectional multiplane loading of the quadriceps
and hamstring muscles simulated physiological knee joint loading [29].

Figure 2. Schematic of the knee-squatting simulator with six degrees-of-freedom (A) and locations of
the optical markers (B) on the femur (FML and FMM); tibia (TBL and TBM); and RIG system (FM1,
FM2, and FM3 BTT and BTB).
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2.4.1. Knee Kinematics

A motion capture system combined with optical markers (Cortex 8.1; Motion Analysis,
Rohnert Park, CA, USA) was used to measure knee kinematics. Five motion capture
cameras (Kestrel 1300; Motion Analysis) were employed. Optical markers were attached to
the medial and lateral epicondyles of the femur (the FML and FMM); medial and lateral
ends of the longest medial-lateral axis of the tibia (the TBL and TBM); and RIG system (FM1,
FM2, and FM3 BTT and BTB) to analyze the medial and lateral femoral rollback (Figure 2B).
We used an L-frame and 200-mm wand to calibrate the system. After calibration, the
wand length was typically 199.99~200.02 mm. We checked the accuracy during continuous
movement by measuring the distance between two markers on the rotational disk. Over
60 s at 60 Hz, the root mean square error was 0.012 mm. Samples fixed to the knee rig
system were tested from 20◦ to 80◦ of flexion. The marker positions were measured at 60 Hz
by the motion capture cameras, and the positional coordinates were calculated (Figure 3A).

Figure 3. Biomechanical test setup. The motion capture system included five cameras; optical markers
were placed when measuring knee kinematics (A). Real-time changes in MCL strain during flexion
were analyzed using a noncontact video extensometer with a high-resolution digital camera and
real-time image-processing software. A camera was placed 1 m from each specimen mounted in a
customized knee-squatting simulator (B).

2.4.2. MCL Strain

Real-time variations in the mid-flexion MCL strain were examined with a noncontact
video extensometer featuring a high-resolution digital camera (ISG Monet 3D; Sobriety s.r.o.,
Kuřim, Czech Republic) and real-time image processing software (ISG; Mercury RT × 64
2.7; Sobriety). The camera was placed 1 m from each knee (field of view, 485 × 383 mm;
resolution, 1.87 µm). In order to minimize the effects of illumination, each test was com-
pleted under two 36-W light-emitting diodes. The MCL strain was assessed at knee flexion
angles from 20 to 80◦ at intervals of 10◦. The strain was measured over the entire MCL area;
measurements were performed on each specimen prior to and following TKA (Figure 3B).

2.5. Statistical Analysis

All data were displayed as means with their corresponding standard deviations. We
used the paired t-test to determine whether the medial and lateral rollback, axial rotation,
and MCL strain differed between the preoperative and post-TKA specimens. All analyses
were completed using SPSS for Windows software (ver. 26.0; IBM Corp., Armonk, NY,
USA), and a p-value < 0.05 indicated statistical significance. Additionally, an a priori
power analysis based on a pilot test of changes in the femoral rollback and MCL strain
of native knees was performed to determine the required sample size. We found that, for
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two-sided hypothesis testing at an alpha value of 0.05 and power of 90%, seven pairs of
knees (14 knees) were needed to detect a 1-mm difference in the rollback and 5% difference
in the MCL strain.

3. Results
3.1. Femoral Rollback

KA TKA restored the mid-flexion medial and lateral rollback and tibiofemoral axial
rotation to levels closer to those of the native knee than MA TKA. The medial and lat-
eral rollback of KA TKA and native knees was similar over the entire mid-flexion range
(Figures 4A and 5A). The medial and lateral rollback after MA TKA were significantly
lower compared with native knees at both > 40◦ (Figure 4B) and >20◦ (Figure 5B) of flexion.
In addition, tibiofemoral axial rotation during flexion after KA TKA was similar to that of
the native knee (Figure 6A), while that of MA TKA differed from the native knee in the
mid-flexion range (Figure 6B). Remarkably, the femur moved forward during flexion after
MA TKA over the entire mid-flexion range, except at 20◦ of flexion (Figures 4B, 5B and 6B).

Figure 4. Medial femoral rollback after KA TKA (A) and MA TKA (B). Rollback following KA TKA
and of the native knees were similar at all flexion angles. Meanwhile, rollback following MA TKA
was reduced at flexion angles > 40◦. Error bars denote standard deviations. Significant differences
(p < 0.05) are marked with asterisks.

Figure 5. Lateral femoral rollback after KA TKA (A) and MA TKA (B). Rollback after KA TKA
compared to native knee rollback over the entire mid-flexion range, but in the case of MA TKA, the
rollback was significantly smaller, except at a flexion angle of 20◦. A paradoxical forward movement
was observed after MA TKA. Error bars denote standard deviations. Significant differences (p < 0.05)
are marked with asterisks.
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Figure 6. Tibiofemoral axial rotations after KA TKA (A) and MA TKA (B). During flexion, KA TKA
and native knee rotations were similar, while rotation following MA TKA was quite different from
that of the native knee. A paradoxical forward movement was observed after MA TKA. Significant
differences (p < 0.05) are marked with asterisks.

3.2. MCL Strain

KA TKA was better for restoring the MCL strain to that of the native knee over the
entire mid-flexion range than MA TKA. The mean strain measurements following KA
TKA and those of the native knee were alike over all ranges (Figure 7A). The MCL strain
after MA TKA was two-fold greater than that of the native knee at flexion angles > 20◦

(Figure 7B).

Figure 7. MCL strain after KA TKA (A) and MA TKA (B). The mean strains following KA TKA and
that of the native knee were consistently similar, while the mean strain after MA TKA was about
two-fold higher at >30◦ of flexion. Error bars denote standard deviations. Significant differences (p <
0.05) are marked with asterisks.

4. Discussion

Despite advancements in both technology and surgical techniques of MA TKA, patient
dissatisfaction with post-TKA pain relief and overall outcomes remains high; a substantial
proportion of patients report knee abnormalities [1,2,5,30,31]. KA TKA seeks to restore
the anatomy of each individual patient; the kinematic and clinical outcomes are better
than those of MA TKA [14–16,18]. Joint line elevation after MA TKA is associated with a
risk of mid-flexion instability; theoretically, KA TKA restoration of native joint line height
and obliquity makes mid-flexion biomechanics more natural than MA TKA [20,21,25,32].
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However, it remains unclear whether restoration of the joint line configuration affects
post-TKA mid-flexion kinematics and laxity [12,18,21,24–26]. Therefore, this matched pair
cadaveric study tested which TKA alignment concept, KA or MA, would reproduce more
native mid-flexion rollback and MCL strain.

The present study’s results endorse that KA TKA provides better physiological kine-
matics over the mid-flexion range than MA TKA, as hypothesized. We found that after KA
TKA, medial and lateral femoral rollback, and axial rotation, were consistently similar to
those of the native knee, whereas for MA TKA this was the case only at ≤40◦ of flexion.
In addition, a paradoxical femoral forward movement during flexion was observed after
MA TKA. Our findings agree with those of recent cadaveric studies, which suggest that
compared to MA TKA, knee kinematics after KA TKA were more alike to those of native
knees [14,15,26]. Our results, and those of previous studies, reveal why patients who
undergo KA TKA often report superior mid-flexion functional performance compared with
those who undergo MA TKA.

Our findings also support the hypothesis that the joint line following KA TKA is better
for restoring natural MCL strain during mid-flexion than the perpendicular joint line after
MA TKA. KA TKA resulted in MCL strain that was consistently comparable to that of
native knees, whereas, in the case of MA TKA, it was twice as high. Our findings agree
with those of a recent cadaveric study: KA TKA was better for restoring the magnitude and
distribution of MCL strain to natural levels than MA TKA [18]. Although it is challenging
to directly liken our results with those of prior studies that assessed MCL strain via
linear, two-dimensional measurements of length changes under valgus stress, our findings
support previous studies that report that restoration of the pre-arthritic joint line provided
a more physiological MCL strain than traditional MA TKA [12,14,15,26,33]. Furthermore,
our results, when taken into consideration with the widely acknowledged existence of a
nociceptor in the MCL [34], indicate that patients may experience less pain and more native
knee sensations during mid-flexion after KA TKA, as opposed to MA TKA.

The results of the present study propose that restoration of natural MCL strain via KA
TKA may explain the more physiological knee kinematics evident after KA TKA compared
to MA TKA. In this study, KA TKA reproduces more physiological medial pivot motion,
while MA TKA results in paradoxical anterior motion during mid-flexion. Given that the
MCL serves as the fundamental restraint in ACL-deficient, prosthetic knees, our findings
suggest that MCL strain may be strongly associated with restoration of knee kinematics.
Interestingly, a recent cadaveric study reported that restoration of joint line obliquity was
not associated with mid-flexion coronal plane laxity, if the medial joint line height was
restored [21]. However, although we restored the medial joint line height in all knees, our
study found a significant difference between KA and MA TKA knees in the MCL strain.
Still, the correlation between these findings is limited, since the previous study assessed
soft tissue laxity by the length changes of MCL after the valgus load, and information on
knee kinematics was not presented. Although the cause of the inconsistencies is unclear,
one plausible explanation is that, although valgus stress increases the MCL strain, the MCL
length may not change if the stress is lower than the threshold required for such change.

Due to the use of a cadaveric model, this study has some limitations. First, specimen
preparation and the squatting loads used may not have been entirely natural. Second, as
the tissue quality around the knee joint is associated with the severity of knee OA, the
experimental results could be affected by the OA status of the cadaver. However, most
knees in this study lacked advanced osteoarthritis necessitating TKA, so caution is required
when extrapolating our findings to clinical practice. Third, this study featured PS prosthesis,
which requires consideration of the implant feature prior to any broad generalizations,
as implant design has been shown to be strongly correlated with knee kinematics [26,35].
Generally, when performing KA TKA, a cruciate-retaining (CR) prosthesis is recommended.
However, a recent study found that native knees, and knees in which CR and PS prostheses
were placed during KA TKA, had similar kinematics and soft tissue laxity [14]. Fourth,
because the thresholds for pain and mechanical failure in the human knee are unknown,
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assessing the clinical significance of MCL strain was difficult. Fifth, it is possible that the
study was underpowered and subject type-II error with respect to detecting all relevant out-
comes. Sixth, the group assignment for the knees were not kept blinded to all investigators,
which could have raised ascertainment bias. Finally, biofeedback, which is natural in knee
function and enhanced by the innovative TKA surgical technique, could have introduced
nonlinearity in the feedback and improved the signal-to-noise ratio in the loop [36]. Thus,
the video extensometer that we used does not process data with 100% accuracy; changes in
illumination may affect image processing, because illumination affects the properties of
biomaterials. Nevertheless, we used a matched-pair design to minimize confounders, and
this is the first study to simultaneously measure femoral rollback and MCL strain. These
results provide valuable insight on the differences regarding mid-flexion kinematics and
patterns of MCL strain between KA TKA and MA TKA.

5. Conclusions

We investigated whether restoration of the pre-arthritic joint line following TKA
would affect post-TKA biomechanics. Restoration of the height and obliquity of the pre-
arthritic joint line following KA TKA reproduces more natural rollback and MCL strain
than alteration of the joint line following MA TKA over the entire mid-flexion range. Future
studies focused on the development of both the motion analysis system that assesses the
knee kinematics of patients in real clinical practice and the algorithm that recommends the
optimal implant position restoring native knee kinematics are required.
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Abstract: Numerical models of the musculoskeletal system as investigative tools are an integral part
of biomechanical and clinical research. While finite element modeling is primarily suitable for the
examination of deformation states and internal stresses in flexible bodies, multibody modeling is
based on the assumption of rigid bodies, that are connected via joints and flexible elements. This
simplification allows the consideration of biomechanical systems from a holistic perspective and
thus takes into account multiple influencing factors of mechanical loads. Being the source of major
health issues worldwide, the human spine is subject to a variety of studies using these models to
investigate and understand healthy and pathological biomechanics of the upper body. In this review,
we summarize the current state-of-the-art literature on multibody models of the thoracolumbar spine
and identify limitations and challenges related to current modeling approaches.

Keywords: musculoskeletal multibody dynamics; spinal biomechanics; spinal alignment; spinal
loading; muscle force computation; thoracolumbar spine; biomechanical model

1. Introduction

Chronic back pain is one of the major health issues worldwide. Though general risk
factors such as occupation, obesity or anthropometric parameters could be identified in
the past years [1], the specification of individual biomechanical indicators for the predic-
tion of symptoms and chronicity is challenging, as it requires an in-depth knowledge of
spinal kinematics and resulting loads. Even though experimental methods are essential
to help build this knowledge, they come with limitations. In vitro studies can help un-
derstand segment mechanics but are not applicable when it comes to the investigation of
complex in vivo biomechanics of the whole torso [2]. The invasive character of the in vivo
measurement of these parameters via intradiscal pressure sensors [3,4] or instrumented
vertebral implants [5,6] makes these methods unsuitable for clinical analysis. Compu-
tational, biomechanical models can provide a valuable alternative when it comes to the
estimation of spinal loads. There are two approaches for the numerical analysis of spinal
loading. While finite element models (FEM) hold the potential to investigate internal stress
states in flexible bodies and their underlying or resulting deformation, multibody models
(multibody system, MBS) can help analyze mechanical loads on the musculoskeletal system
at a holistic level. Breaking the system down to its essential mechanical components, classic
MBS models incorporate rigid bodies connected by joints and, depending on the respective
research question, force elements representing flexible structures such as intervertebral
discs (IVD), ligaments, cartilage, and other connective tissue. This way, MBS models rep-
resent a valuable tool to increase a profound understanding of healthy and pathological
biomechanics. Gould et al. published a review on FEM and MBS models of the healthy and
scoliotic spine in 2021 [7]. Focusing on the latter one, the authors state that their review
provides solely a brief overview on MBS models of the healthy spine and refer the reader
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to the review on MBS modeling of the cervical spine by Alizadeh et al. [8] and the review
by Dreischarf et al. on in vivo studies and computational models, published in 2016 [9].

The wide range of applications, improved technical capabilities, and increasing knowl-
edge of spinal biomechanics, which answer old questions and raise new ones, mean that
the demand for high-quality MBS models is not abating. As a consequence, the number of
published models is increasing every year providing new opportunities and insight.

In recent years, models have been introduced that extend the classic notion of a
multibody or musculoskeletal models. These models incorporate flexible bodies such
as beam elements into rigid body models and thus soften the boundary between FEM
and MBS models [10,11]. However, within the scope of this work, we want to review
the developments in the field of multibody models of the healthy thoracolumbar spine,
focusing on classical rigid body models. Hereby, we shed light on common modeling
methods and applications, as well as identify and discuss related limitations and challenges
in state-of-the-art spine modeling.

2. Methods

To generate a list of potentially relevant publications, a systematic search was carried
out in PubMed and Scopus in November and December 2022. The search included the
keywords “spine AND model AND ((multi AND body) OR musculoskeletal)”. Excluding
results prior to 2013 left 1288 publications on PubMed and 1304 on Scopus. However,
relevant citations in the articles were also included, if they were published before 2013. Sub-
sequently, duplicates were removed by identical PubMedIDs and titles. Remaining articles
were then filtered by title and abstract and the full text eventually analyzed. Publications
were excluded if they featured at least one of the following topics:

• Finite element modeling;
• Models of the cervical spine;
• Models without muscle incorporation;
• Models of the scoliotic spine;
• Models of the nonhuman spine;
• Studies with a medical scope other than biomechanics.

Inclusion criteria were set to

• Musculoskeletal models;
• Multibody models;
• Models of the thoracolumbar spine;
• Models of the healthy spine.

We analyzed the remaining studies systematically according to the represented model-
ing methods and applications and identified existing limitations and challenges.

3. Multibody Modeling of the Healthy Spine

After filtering a total of 2592 articles, 81 articles remained, which were included in
this review. Focusing on extensive musculoskeletal models of the thoracolumbar spine,
we discuss models with reduced complexity, such as abstracted models [12–16], skeletal
models neglecting muscular effects [17,18] or models of the lumbar spine [19–29] only
in passing.

Overall, our literature review revealed that a large proportion of published studies
was based on a few original models [30–33]. Due to the accessibility of these models
via the commercially available software AnyBody (AnyBody Technology A/S, Aalborg,
Denmark) [30,33] or the open-source software OpenSim [31,32,34], numerous studies can
be found that used, modified, and extended these models, beyond the boundaries of the
respective research groups as well [35–58]. Apart from these widely reused models, further
original models can be found in the literature using alternative software [59–64]. Table 1
provides an overview of the original models found and subsequent studies associated
with them.
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Table 1. Overview of original models of the musculoskeletal thoracolumbar spine and related
modeling methods. Semi-individualized models are those that contain both individualized and
generic musculoskeletal components. Joint definitions include potentially assigned constraints.

Reference Included
Segments Joint Definition Generic/Indiv. Passive Force

Elements

Muscle Model
and Force

Estimation
Software Related Studies

de Zee et al. [30] Pelvis, sacrum,
L1-L5, thorax 3 rot. DOFs (IV) Generic - Act., ID, SO AnyBody [33,35,36,39,44,

45,47,65]

Christophy
et al. [31]

Pelvis, sacrum
L1-L5, thorax 3 rot. DOFs (IV) Generic - Hill type OpenSim [37,40,41,46,48–

53]

Bruno et al. [32]

Pelvis, sacrum
T1-L5, ribs,

sternum,
upper limbs,
head–neck

3 rot. DOFs (IV)
1 rot. DOFs (CV) Generic - Hill type, ID, SO OpenSim [38,42,43,54–58]

Ignasiak et al. [33]

Pelvis, sacrum
T1-L5, ribs,
sternum
head–neck

6 rot. DOFs (IV)
1 rot. DOFs
(CV/CT)

3 rot. DOFs (CS
I)

6 rot. DOFs (CS
II-X)

Generic CS, CT, CV, IV
joint (lin.)

Act., ID,
FSK [66], SO AnyBody [39,67,68]

Lerchl et al. [59]

Pelvis, sacrum,
L1-L5, thorax,
upper limbs,
head–neck

3 rot. DOFs (IV) Semi-indiv. Lig. (nonlin.)
IVD (nonlin.)

Actuators, ID,
SO Simpack -

Favier et al. [69]

Lower limbs
pelvis, sacrum,
L1-L5, thorax
(3 segments),
upper limbs,
head–neck

3 rot. DOFs (IV) Semi-indiv. Joint (lin.) Hill type, IK, ID,
SO OpenSim -

Malakoutian
et al. [60]

Pelvis, sacrum,
L1-L5, thorax,

humeri
6 DOFs (IV) generic Joint, IAP Hill type,

FD-assisted SO AriSynth [70]

Rupp et al. [61] Pelvis, sacrum,
L1-L5, thorax 6 DOFs (IV) Generic Lig. (nonlin.)

IVD (nonlin.) Hill type, FD In-house -

Fasser et al. [62] Pelvis, sacrum,
L1-L5, thorax 3 rot. DOFs (IV) Semi-indiv. - Hill type, IK, ID,

SO Matlab [71]

Bayoglu et al. [72]

Pelvis, sacrum,
C1-L5, ribs,
sternum,

skull
(3 segments),

shoulder
(3 Segments)

3 rot. DOFs (IV)
6 DOFs (CS)

1 DOF (CV/CT)
Individ. Joint (lin.) Act., ID, SO AnyBody [73–75]

Huynh et al. [63] Full-body, C1-L5 3 rot. DOFs (IV) Generic Lig. (lin.)
IVD (lin.), IAP IK, ID, SO LifeMOD [76]

Khurelbaatar
et al. [64]

Pelvis, sacrum,
C1-L5, ribs,

sternum, upper
limbs, head

6 DOFs (IV/CS),
3 rot. DOFs (CV)

Semi-indiv.
(bones)

Lig. (nonlin.),
IVD (nonlin.), CS

cartilage (lin.),
facet joints

Act., ID, SO RECURDYN -

Guo et al. [77]

Pelvis, sacrum,
C1-L5, ribs,

sternum, upper
limbs, head

6 DOFs (IV) Generic
Lig. (nonlin.),

IVD (lin.), facet
joints, IAP

Hill type, ALE,
FD OpenSim -

The definition of the abbreviations can be found at the end of this article.

3.1. General Model Setup and Kinematics

In the past two decades, simplified models of the whole torso with a detailed lum-
bar spine were developed to investigate lumbar loads [30,31,59,61,69]. One of the first
generic models for lumbar load estimation was introduced by de Zee et al. in 2007 [30],
which comprised seven rigid bodies for the pelvis including the sacrum, five lumbar ver-
tebrae, and one lumped segment representing the thoracic spine including the rib cage
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and cervical spine. The model anatomy was based on publications by Hansen et al. [78]
and Bodguk et al. [79]. De Zee defined intervertebral joints as spherical joints with their
respective center of rotation (COR) located in the intersection of the instantaneous axis of
rotation and the midsagittal plane according to Pearcy and Bodguk [80]. A total of 154
actuators representing muscle fascicles for the erector spinae (ES), rectus abdominis (RA),
internal obliques (IO), external obliques (EO), psoas major (PM), quadratus lumborum
(QL), and multifidus (MF) were implemented in the model either as a straight line between
insertion and origin or, in order to mimic more realistic lines of action, redirected using
so-called via points or wrapping surfaces [30].

Inspired by de Zee’s model, Christophy et al. published a generic multibody model of
the lumbar spine in 2012 [31], incorporating a more detailed muscle architecture regarding
the latissimus dorsi (LD) and the MF muscle. Using the open-source software OpenSim [34],
the model has been widely used and extended in the past years [31,37,40,41,48–52,81,82].
In recent years, other models with simplified thorax have been published [59,61,69].

Favier et al. published a full-body model with a detailed lumbar spine in 2021 [69].
The model was created in OpenSim and included in total 20 rigid bodies including the
head–neck, three-segment thoracic and cervical spine (spherical joints in T7-T8 and C7-
T1), five lumbar vertebrae, pelvis with sacrum, as well as upper and lower extremities.
The model incorporated a total of 538 muscle actuators for the lower limbs and lumbar
spine [69].

Lerchl et al. introduced a pipeline for the semiautomated generation of individualized
MBS models with a detailed lumbar spine created in the commercial multibody modeling
software Simpack (Dassault Systèmes, France) in 2022 [59]. Based on CT data, the models
included individual vertebrae T1-L5 with a fused thoracic part and rib cage and spherical
lumbar intervertebral joints, and generic segments for the head–neck, pelvis, sacrum,
and simplified arms. A total number of 103 actuators representing the muscles of the lower
back were incorporated [59].

Research devoted to the loading of the thoracic spine is less common and therefore,
only few models incorporating a detailed thoracic spine and rib cage can be found in the
literature [32,33,72]. As opposed to musculoskeletal models with a rigid thorax, these
models allow a comprehensive analysis of spinal loading for load cases involving tho-
racic movement. Based on the generic model of the lumbar spine by de Zee et al. [30],
Ignasiak et al. introduced a musculoskeletal model of the thoracolumbar spine with a
detailed articulated rib cage [33]. Ignasiak et al. extended the model by individual rigid
bodies of 12 vertebrae, 10 pairs of ribs, and a sternum. Intervertebral thoracic joints were
defined as six-DOF joints and lumbar joints, originally modeled as spherical joints [30],
were also modified, respectively. Costovertebral (CV) and costotransverse (CT) joints were
defined as revolute joints with the rotation axis in the frontal direction and all joints between
the ribs and the sternum were modeled with six DOFs, except the first pair, which were
modeled as spherical joints. The model was validated against in vivo data and used in
follow-up studies [33,39,67,68].

A comprehensive model of the upper body including 60 segments (vertebrae, ribs,
skull, sternum, hyoid, thyrohyoid, clavicles, scapulas, humeri, sacrum, and pelvis) created
in AnyBody was published by Bayoglu et al. in 2019 [72].

Based on the lumbar spine model of Christophy et al. [31], Bruno et al. developed
and validated a fully articulated model of the thoracolumbar spine in OPENSIM includ-
ing individual vertebrae, ribs, and sternum [32]. Like Christophy’s model, the thora-
columbar model of Bruno et al. has been widely used and adapted since its publica-
tion [32,43,54,56–58,83,84].

In biomechanical MBS modeling, intersegmental connections are usually implemented
as joints with defined DOFs, which can either be defined directly in the joint or are im-
plemented as constraints, limiting the joint’s effective degrees of freedom to its relevant
components. It is common practice to model intervertebral joints as spherical joints allow-
ing rotation around three spatial axes [31,62]. Few models exist, that defined intervertebral
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joints with six DOFs, additionally accounting for translational motion [33,37,41,61]. The cen-
ters of rotation are located either in the geometrical center of the IVD [33,59,62] or in the
instantaneous axis of rotation according to Pearcy and Bodguk [30,31,69,80]. CV joints
are modeled as pin joints rotating around the vector between the costovertebral and cos-
totransverse joints [32,33,72] or spherical joints [64] and CS joints as six DOFs [33,64,72].
Depending on the simulation approach (Section 3.4), kinematic data have been most com-
monly assigned to the respective DOFs according to findings from our own experimental
studies or the literature (Section 3.3). This way, model kinematics are usually described
using relative minimum coordinates. However, for inverse kinematic approaches, absolute
coordinates are assigned to the end link of the kinematic chain. Providing stable boundary
conditions for the mechanical analyses, the models are usually connected to the inertial
frame of reference and therefore leaving the head–neck complex as the end link of the open
kinematic chain. Upper-body weight is either combined and included in the center of mass
of the lumped thoracic body [61], distributed according to the literature [85,86] or derived
from patient-specific CT or MRI data and distributed levelwise along the thoracolumbar
spine [59,62].

3.2. Passive (Visco)elastic Components

Various approaches have been taken regarding the modeling of viscoelastic structures
that passively stabilize the spine, such as IVD, spinal ligaments, or the (cartilage) tissue
of the thorax. The modeling approach can vary both in the level of detail and in the
mechanical characteristics considered. Thus, some models neglect the effects of these
components entirely [30–32,62], whereas others combine them partially or completely into
one single stabilizing element per joint [60,69,72], or even integrate individual components
explicitly [59,61,64,77]. The majority of approaches simplify the mechanical properties of
connective tissue to linear elastic force elements, which produce corresponding forces and
moments exclusively depending on their deformation. In multibody models, such material
behavior is described via spring elements with constant stiffness for the corresponding
DOFs. Only a few models incorporate the nonlinear mechanical behavior of biological
passive structures [87]. However, modeling these components as purely elastic does not
account for viscous effects that influence the mechanical response as a function of the
deformation rate, also known as damping behavior. A detailed nonlinear viscoelastic
modeling of IVDs and spinal ligaments, such as the anterior and posterior longitudinal
ligament, the flavum ligament, as well as the interspinal and supraspinal ligament, can
be found in only a few models [59,61]. The respective parameters are usually taken from
in vitro studies available in the literature [88–92].

To examine thoracic loads, models require an appropriate force transmission from
the rib cage to the thoracic spine in addition to intervertebral passive structures. In this
context, costosternal (CS), costotransverse (CT) and costovertebral (CV) articulations are a
central issue. Commonly, these connections are constrained and modeled as linear elastic
elements according to the resulting DOFs. Stiffness parameters are usually taken from
in vitro studies or adapted from previously published in silico studies. Bruno et al. included
point-to-point actuators, which were placed between the ends of the ribs and the sternum
(ribs 1–7) or between the ends of adjacent ribs (ribs 8–10) to represent forces transmitted by
costal cartilage. As a result of a sensitivity analysis, forces generated by the actuators were
set to 1000 N allowing the costal cartilage to provide a high supporting force to the end of
the ribs [32].

Mechanical properties are usually incorporated either directly from mechanical testing,
such as ligament tensile tests [88,93] or by simulating in vitro protocols, such as stepwise
reduction studies, where individual connective structures are gradually removed from
functional biological units, such as the FSU or the rib cage, while measuring the mechanical
properties of the units after every resection [89,94,95]. However, due to the high level of
intra- and interindividual variability regarding the mechanical characteristics of biological
materials, the resulting parameters usually come with high standard deviations [96].
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3.3. Scaling and Individualization

Spinal loading is highly dependent on a variety of subject-specific characteristics, such
as spinal alignment, anthropometry, body weight distribution, or kinematics. While finite
element models exist that account for individual characteristics [97–104], multibody models
are predominantly generic in nature. In the past years, an increasing number of studies have
been published, putting an emphasis on the individualization of the models [54,55,58,59,62].

A wide range of MBS models are based on measurements available in respective
databases, e.g., in the OpenSim database (https://simtk.org/projects/osimdatabase, ac-
cessed on 27 December 2022). To gain reliable insights for the examined load cases, it is
important to match the subject characteristics to the investigated kinematics as congruently
as possible. It is common scientific practice to use available data based on measurements of
bone geometries derived from imaging data or cadaver studies of individuals and scale
and adapt the relevant parameters to the desired anthropometry depending on the charac-
teristics of the studied target group. The need to make use of various sources in this regard
makes it essential to be clear about the underlying data sets, in order to draw meaningful
conclusions from simulation results. Thus, segment masses and body weight distribution
and simplified kinematics are usually taken from the literature [85,86,105]. Some studies
include experimental data collection of kinematics to scale the existing model appropri-
ately [45,51,83] and include muscle activity from electromyography (EMG) measurement
to drive the model [52]. This usually does not incorporate individual bone geometries,
muscle morphology, or the mechanical properties of viscoelastic components.

However, the neglect or only limited consideration of interindividual variation makes
these models poorly suitable for a detailed subject-specific analysis. Models based on coher-
ent datasets regarding bone geometry, anthropometry, and muscle architecture, and kine-
matics are rare in the literature. Bayoglu et al. built a model based on extensive measure-
ments of one cadaver, incorporating general kinematic data from the literature [72–74].
Dao et al. published a patient-specific model based on CT and MRI data [20] of the lumbar
spine. Bruno et al. used their generic model [32] for the investigation of the impact of
the integration of subject-specific properties [42]. Therefore, they incorporated CT-based
measurements of trunk anatomy, such as spinal alignment and muscle morphology, indi-
cating the relevance of considering these factors [42]. Based on this publication, Banks et al.
investigated lumbar load in a patient-specific MBS model using CT data and marker-based
motion capturing to combine individual musculoskeletal geometry and coherent kinemat-
ics [58]. However, the individualization of those models usually involves a time-consuming,
manual, or semiautomated process which requires expert knowledge. To the best of our
knowledge, only two publications can be found that deal with the topic of automating the
individualization of MBS models [59,62].

Fasser at al. used annotated bi-planar radiography images (EOS imaging, Paris, France)
for the automated generation of semi-subject-specific MBS models of the torso. The models
included individual size and the alignment of bony structures as well as an individual
body mass distribution. In the process, 112 and 109 points were marked in the frontal and
sagittal plane, respectively, and converted into 3D coordinates. The body mass distribution
was determined using the individual body contour of the imaging data. Individual bone
geometries, muscle morphology, and passive elements were not included in the model. [62]

Based on the use of artificial neural networks (ANN), Lerchl et al. introduced a pipeline
for the automated segmentation of vertebrae [106] and soft tissue of the torso, as well as the
generation of the points of interest defining muscles and ligaments’ attachment points and
the location and orientation of intervertebral joints. All data were derived from CT imaging
and the model generation required minimal manual interaction, making it suitable for the
analysis of large patient cohorts. However, the individual characteristics of the muscles
and connective tissue could not yet be integrated in the process [59].
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3.4. Muscle Force Estimation

A mechanical analysis with multibody systems can follow two approaches, which
define the necessary input data. Forward dynamic simulations (FD) require kinetic data to
drive the model to generate specific kinematics. This usually means that muscle forces are
applied directly or indirectly to the model to produce a desired motion. This is contrasted
with the idea of inverse dynamic simulations(ID), which use kinematic data as input to
calculate the required kinetic data. Thus, joint kinematics during as specific movement
is imposed to the model and necessary joint moments and therefore, associated muscle
forces are calculated. However, having more control variables, namely, muscle fascicles,
than DOFs, the human musculoskeletal system is redundant. This leads to an infinite
number of solutions for each load case. In order to determine the most suitable solutions,
a mathematical optimization is a commonly used method. Numerous algorithms are
available to find the optimal solution. Hereby, depending on the chosen algorithm, control
variables, namely, muscle activation, excitation, or forces are varied in a deterministic or
stochastic way until some given optimality criteria and constraints are met. Most commonly,
a combination of inverse dynamics and static optimization (SO) is used [30,32,45], some-
times including inverse kinematics (IK) to determine individual joint kinematics [62,63,69].
The inverse dynamic simulation provides joint moments necessary to generate the simu-
lated movement. Subsequently, the static optimization solves the redundancy problem for
each time frame sequentially under the consideration of meeting equilibrium conditions.

In MBS models of the spine, muscles of interest are usually modeled as multiple
fascicles, which comprehensively consider the respective lines of action (Section 3.1). Indi-
vidual fascicles are modeled either as simple force actuators or, more complex, as Hill type
muscles [107]. The classic muscle model according to Hill comprises serial and parallel
elastic elements, representing passive elastic properties of the muscle–tendon complex
as well as a contractile element representing the active component, namely, the function
of myofilaments. This element can include muscle-specific characteristics, such as the
force–length and force–velocity relationship as well as activation dynamics. Depending on
how far these dynamics are taken into account, the muscle excitation, activation, or force
can drive the model and therefore represent control variables for optimization routines.
Detailed definitions of muscle-specific dynamics can be found in the literature [108,109].

4. Applications of MBS Models

MBS models can be used to address a wide range of questions. There are numer-
ous publications devoted to the evaluation of methods in numerical modeling, including
sensitivity analyss or validation studies. Furthermore, validated models can help to gain
valuable insights into biomechanically or clinically relevant load cases. However, depend-
ing on the investigated load case and subject collective, model extensions, and modifications
are usually necessary. Table 2 provides an overview of the most relevant studies using
existing models to address specific research questions.

Table 2. Overview of representative studies using available original models to address methodologi-
cal or biomechanical research questions.

Study Focus Modifications Original Model

Actis et al. [48]

Methodological Validation for flexion,
extension, lateral bending, axial

rotation for participants with and
without transtibial amputation

model extension by lower body [110],
muscle strength [32], and body mass

distribution [86] inclusion of
experimental protocol for EMG and

kinematic data collection

[31]

Arshad et al. [38]
Biomechanical Influence of spinal
rhythm and IAP on lumbar loads

during trunk inclination

Adapted spinal rhythm, inclusion of
ligaments, IVD, and IAP [30]

Arx et al. [83] Biomechanical Lumbar loading
during different lifting styles

Integration of measured kinematic
data [32]
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Table 2. Cont.

Study Focus Modifications Original Model

Banks et al. [58]

Biomechanical Comparison of static
and dynamic vertebral loading during

lifting patient-specific models in an
older study population

CT-based individualization and
integration of patient-specific

kinematic data
[32]

Bassani et al. [45]
Methodological Model validation for
various loading tasks via spinopelvic

rhythm and IDP according to [4]
Integration of kinematic data [30]

Bassani et al. [47] Biomechanical Effect of spinopelvic
sagittal alignment on lumbar loads

Variation of spinal alignment based on
four parameters [30].

Bayoglu et al. [75]
Methodological Sensitivity of muscle

and IV disc force computations to
variations in muscle attachment sites

Variation of the location of muscle
insertion [72]

Raabe et al. [40] Biomechanical Jogging biomechanics Combination with full-body model
by [111] [31]

Beaucage-Gauvreau et al. [49–51] Biomechanical Effects of lifting
techniques on lumbar loads

Adjust all spinal joints with 3 DOFs
and inclusion of kinematic data from

motion capturing during lifting
[31,40]

Burkhart et al. [54]

Methodological Reliability of
optoelectronic motion capturing for

subject-specific spine model
generation

Combination with model of lower
limbs [110] [32]

Malakoutian et al. [70] Methodological Effect of muscle
parameters on spinal loading

Variation of biomechanical parameters
of paraspinal muscles [60]

Senteler et al. [41] Methodological Joint reaction forces
for flexion and lifting

Combination with models of upper
limbs and neck, IV joints set to 6 DOFs,

added passive lin. joint stiffness
[31]

Meng et al. [37] Methodological Force-motion
coupling in 6-DOF joint 6 DOFs (IV), added 6-DOF stiffness [31]

Molinaro et al. [52]
Biomechanical Effects of throwing

technique solid waste collection
occupation on lumbar loads

Incorporation of collected kinematics
and EMG data, EMG-assisted muscle

force estimation and SO
[49]

Schmid et al. [56]
Methodological Validation of a

thoracolumbar model for children and
adolescents

Combination with model of the lower
limbs [112], scaling to anthropometry

of children and adolescents
[32]

Schmid et al. [57]
Methodological Feasibility of a

skin-marker based method for spinal
alignment modeling

Reduction of muscle architecture,
implementation of skin-marker

derived alignment
[56]

Wang et al. [84] Methodological Implementation of a
physiological FSU

Adaption of IV joints to represent
passive properties of a physiological

FSU
[32]

Overbergh et al. [55]

Methodological Workflow for
generation of an image-based (CT),

subject-specific thoracolumbar model
of spinal deformity

Addition of kinematic coupling
constraints, personalization of bone

geometries, alignment, IV joint
definitions and kinematics

[32]

Han et al. [36]

Methodological Effect of centers of
rotation on spinal loads and muscle
forces in total disc replacement of

lumbar spine

Ligaments and facet joints added,
altering location of CoR [30]

Zhu et al. [46] Biomechanical Effects of lifting
techniques on lumbar loads

Combining with models of upper and
lower limbs, 6-DOF IV joint,

integration of a customized marker set
[31]

Kuai et al. [44]
Biomechanical Influence of disc

herniation on kinematics of the spine
and lower limbs

Integration of kinematic data from
patients with lumbar disc herniation [30]

Senteler et al. [113]
Methodological Sensitivity of

intervertebral joint forces to CoR
location

Altering location of CoR [41]
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4.1. Studies with Methodological Focus

Various publications can be found in the literature evaluating and validating new
approaches in MBS modeling [19,30–32,45,63,64,69]. For the purpose of validating these
approaches, it is common scientific practice to compare simulation results with existing
results from in vivo or in vitro measurements. Of note, those comparisons are mainly
relative, as few in vivo measurements are available and exact boundary conditions are
hard to control. Frequently used in vivo studies to validate results on spinal loading from
simulation are intradiscal pressure measurements [4,114]. Estimated muscle forces are
usually compared to EMG measurements from one’s own experimental studies [48] or the
literature [59].

Apart from evaluating the validity of the modeling approach, the simulation results of
generated MBS models can be used to validate novel methods in data processing regarding
the derivation of both relevant modeling data from imaging [19–21] and kinematic data
motion capture [54]. Due to the usually extensive effort connected to the processing of
individual data, recent publications have focused on the automation of the process [59,62].

Simplifications are an integral part of any model and have to be taken into considera-
tion when it comes to the interpretation of the results. To understand and evaluate their
influence, MBS models have been used to systematically investigate common assumptions,
such as the reduction of complex mechanics of the functional spine unit (FSU) [37,115].
Further, the sensitivity of the model accuracy to assumed positions of intervertebral cen-
ters of rotation [23,36] or muscle insertions [75] have been analyzed. Rockenfeller et al.
investigated the effect of muscle- or torque-driven centrodes using an MBS model of the
lumbar spine.

Furthermore, a systematic model-based analysis can help standardize clinical proce-
dures, such as the classification of spinal shapes [116] or to define boundary conditions for
experimental protocols [24].

4.2. Studies with Biomechanical or Clinical Focus

Validated models are used to comprehensively investigate biomechanical and clin-
ical aspects of a wide range from routine scenarios to nonphysiological, or even trau-
matic events.

The relevance of low-dynamic everyday or work-related activities for the general
population, as well as their experimental accessibility, make these scenarios among the
most studied in biomechanical simulations. Therefore, numerous models exist that deal
with the mechanical effects of lifting [12,13,25,46,76,77,82], everyday activities such as
walking, flexion, extension, or lateral bending [15,43,69] or work-related situations such
as high-frequency axial loading [17,18]. In this context, different lifting techniques were
evaluated [50,51,83,117]. Accident situations were investigated by Wei et al. [16] for snow-
boarding and for frontal impact by Valdano et al. [14]. Incorporating noncritical higher
dynamics, Raabe et al. combined a generic model of the lumbar spine [31] with a model of
the lower limbs [111] to analyze the biomechanics of jogging [40]. Studies investigating
specific kinematic boundary conditions usually involve an experimental setup to collect
kinematic data in a healthy adult population [46,47,52,58,83]. Comparably few studies
target more vulnerable populations, such as amputees [48,53] or children [27,56], who used
validated models of adults and scales them according to the literature to match the average
anthropometric data of children.

Regarding the influence of healthy anatomical and anthropometric and anatomical
characteristics, biomechanical modeling have been used to determine the effect of spinal
alignment [28,43,47], to gain insight into load sharing of passive structures of the FSU [22],
the effect of ligament stiffness [65] or muscle strengthening [118].

Furthermore, MBS models can help to understand and treat pathological developing
or surgically induced pathological biomechanics. Kuai et al. analyzed the impact of disc
herniation on the kinetics of the spine and lower extremities during everyday activities [44].
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Surgical interventions always represent a major intervention in the natural biomechan-
ics of the musculoskeletal system. Thus, several studies on the effects of spinal fusion can
be found in the literature [29,71,119]. The resulting kinematic effects of spinal fusion were
investigated by Ignasiak et al., who proposed a method for the prediction of a full-body
sagittal alignment including reciprocal changes as a reaction to spinal fusion [68].

5. Limitations and Challenges

It is in the nature of numerical models that they come with limitations. One of
the great challenges is to keep the balance between necessary accuracy and reasonable
complexity. This requires not only in-depth knowledge of the object to be modeled but also
the corresponding data from experimental studies and the appropriate technical solutions
for implementation. During our literature research, we were able to identify several core
limitations that could be found in a wide range of MBS models of the spine and the related
challenges when it came to addressing these limitations.

5.1. Database

Any model can only be as good as its input data. In the context of biomechanical
models, this comprises bony geometry, anthropometry, muscle architecture, the mechanical
parameters of viscoelastic components and kinematic data. Due to the necessary measure-
ments to determine these parameters, it is currently not possible to build models based
on fully consistent datasets. While anthropometric and kinematic data can be determined
via noninvasive measures in biomechanics labs, such as marker-based motion capturing,
the derivation of bony geometries, muscle architecture, and a detailed distribution of
soft tissue usually need medical imaging or are performed in cadaver studies. However,
the mechanical properties of viscoelastic components such as ligaments or the IVD can
currently only be determined with the help of in vitro studies, which require the isolation
of the structure of interest to mount them in respective testing machines. Consequently,
these measurements are also usually performed with specimens from cadaver studies and
highly dependent on the experimental conditions.

In the past years, more studies including widely individualized models were pub-
lished [55,59,62]. However, even these models can only offer a limited customization.

In order to obtain consistent data sets for biomechanical models, alternative, noninva-
sive methods must be developed to determine these parameters in large subject cohorts.
Here, the combination of experimental studies, multimodal imaging, and ANNs could be
a possible solution to increase the level of model individualization beyond its anthropo-
metric and skeletal characteristics. Thus, the individual mechanical condition of functional
components can be evaluated partly on the basis of imaging data. For instance, according
to the Pfirrmann scale, a potential degradation of the IVD can be determined via the height
and signal intensity from MRI data [120]. Correlating this degradation with the mechanical
alteration of IVD [121], this can be used to consider the individual mechanical state of
connective tissue, when it is implemented in respective models. Training ANNs with these
data will provide large, more diverse datasets for individualized multibody models.

Furthermore, invasive experimental studies on spinal loading for model validation
are rare and are not widely feasible due to ethical reasons. Accordingly, even consistently
constructed models cannot ultimately be validated against data pertaining to the individual
in question. Additionally, the high level of variability in mechanical properties of biological
materials as mentioned in Section 3.2, and therefore, the integration of parameters with
high standard deviations inevitably leads to models containing inaccuracies. Depending
on the complexity of the model, these inaccuracies can accumulate and further blur the
generated results. It is necessary to be aware of existing inconsistencies and imprecision
when interpreting simulation results in order not to draw incorrect conclusions.
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5.2. Joint Definition

Intervertebral connections are a complex combination of the IVD, ligaments, facet
joints, and articulated capsules. Depending on the applied load, this leads to complicated
kinematics in which the instantaneous center of rotation migrates in the course of the
motion [122]. However, in the vast majority of spine models, intervertebral joints are sim-
plified to spherical joints allowing three rotational DOFs around a fixed center of rotation.
The sensitivity of this assumption has been subject to several in silico studies [23,113,123],
indicating that the effect of this assumption on the calculated muscle forces and spinal
loading should not be neglected. Detailed modeling requires six degrees of freedom and the
consideration of appropriate stabilizing structures, the validity of which depends primarily
on the definition of their mechanical parameters (Section 5.1). There are some models
to be found in the literature incorporating such detailed representation of intervertebral
connection [22], mainly focusing on load sharing in passive structures.

Larger data sets could also help to better understand intervertebral dynamics in order
to develop corresponding valid modeling approaches. As already mentioned in Section 5.1,
the combination of imaging, machine learning for process automation, and in vitro studies
can contribute to progress.

5.3. Intra-Abdominal Pressure

The stabilizing influence of intra-abdominal pressure (IAP) on the spine has been widely
studied [124,125]. However, only a few MBS models consider its effects [38,60,63,70,77]. In
consequence, spinal loads in lifting tasks or the inclination of the upper body are assumed
to be overestimated in the MBS modeling of the spine. Arshad et al. observed a decrease
of up to 514 N in lumbar compression force and 279 N in global muscle force due to the
inclusion of intra-abdominal pressure [38]. These results indicated that it was necessary to
consider the effects of IAP to obtain reliable quantitative results on spinal loads.

5.4. Muscle Modeling and Muscle Force Estimation

A valid representation of relevant muscles is crucial to gain meaningful findings on
the biomechanics of the spine. Most of the models contain a detailed muscle architecture
consisting of multiple fascicles spanning between origin and insertion according to the
literature. Deploying modeling components, that are usually defined as point-to-point force
elements, can lead to nonphysiological lever arms depending on the imposed movement.
De Zee’s model used so-called via points to redirect the lines of action of the modeled
long muscle fascicles along the rib cage and thus create more realistic lines of action
compared to simple straight lines [30]. However, this approach came with an increased
computational cost, making it only conditionally suited for a systematic analysis of large
participant cohorts.

Another aspect that has to be critically discussed is the applied muscle model. While
simple force actuators are considered sufficient for a static investigation, high-dynamic
load situations require the consideration of activation and contraction dynamics. This
requires an in-depth knowledge of the characteristics of individual muscle morphology
such as optimal fiber length, physiological cross-sectional area (PCSA), or pennation angle.
Again, the need for subject-specific solutions is evident, as muscle morphology is highly
dependent on the individual.

The vast majority of currently published models use a combination of inverse dy-
namics and static optimization for muscle force calculation. This approach provides a
sufficient accuracy in static and quasi-static simulations but is dependent on the defined
cost function, constraints, and used algorithm. Most commonly used are criteria for min-
imum fatigue [126], or the sum of squared muscle strength [127] or activation [34], and
the maximum muscle stress is defined as the upper-bound constraint, which is usually set
to 100 MPa [32,49,59] to guarantee that equilibrium conditions are met reliably. However,
this value does not correspond to a physiological value [49]. Furthermore, SO neglects
cocontraction, which incorporates the activation of the antagonist in addition to the ag-
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onist stabilizing the respective joint and therefore increasing muscle activation. This is
in contradiction to the idea of static optimization, which aims at minimizing the defined
cost function (e.g., muscle activation) [128]. In high-dynamic load cases, where the role of
cocontraction is more evident, this leads to an underestimation of spinal loading.

One way to address this problem is to use dynamic optimization (DO). In contrast to
static optimization, the entire time history of the motion under investigation is taken into
account [128]. Integrating the respective criteria in the optimization objective, stabilizing
effects such as cocontraction can come into play [25]. However, this method comes with a
massive increase of computational cost [129]. Another possibility would be to train models
with the help of artificial intelligence. However, such training requires large quantities of
data, which is not possible due to the still widely manual and therefore time-consuming
process of modeling [128]. Anderson et al. compared both approaches for the simulation
of normal gait in 2001, stating that both provided equivalent results for low-dynamic
simulations [129]. A similar comparison was made by Morrow et al. for wheelchair
propulsion, noticing significant differences in estimated muscle activations [130]. Keeping
in mind that wheelchair propulsion comprises higher dynamics than normal gait, these
findings indicate that the validity of the chosen approach was largely dependent on the
investigated load case.

6. Conclusions

Multibody models are a powerful tool to gain insight into the healthy and patho-
logical musculoskeletal system. They can promote a general understanding of the patho-
biomechanics of a large set of medical impairments and might even be able to support
diagnostics and therapy planning in the future. Although simplifications and assumptions
are an integral part of any model, it is essential to look closely at the implications of these
assumptions, potential interactions, and possible solutions. Modern technology holds
the potential to provide some of these solutions. Thus, artificial intelligence and state-of-
the-art medical imaging can provide the necessary extensive data basis to systematically
investigate critical parameters to derive appropriate solutions. These technical approaches
coupled with a distinct awareness of existing limitations will lead us towards a growing,
more profound understanding of musculoskeletal mechanics.
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MBS Multibody system
FEM Finite element method
DOF Degree of freedom
FSU Functional spine unit
IAP Intra-abdominal pressure
EMG Electromyography
COR Center of rotation
IVD Intervertebral disc
IV Intervertebral
CS Costosternal
CV Costovertebral
CT Costotransversal
FD Forward dynamic
ID Inverse dynamic
IK Inverse kinematic
SO Static optimization
DO Dynamic optimization
ANN Artificial neural network
ALE Arbitrary Langrangian–Eulerian
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Abstract: Visual examinations are commonly used to analyze spinal posture. Even though they
are simple and fast, their interrater reliability is poor. Suitable alternatives should be objective,
non-invasive, valid and reliable. Videorasterstereography (VRS) is a corresponding method that is
increasingly becoming established. However, there is a lack of reference data based on adequate
numbers of participants and structured subgroup analyses according to sex and age. We used VRS
to capture the spinal posture of 201 healthy participants (aged 18–70 years) divided into three age
cohorts. Three-dimensional reference data are presented for the global spine parameters and for every
vertebral body individually (C7-L4) (here called the specific spine parameters). The vertebral column
was found to be systematically asymmetric in the transverse and the coronal planes. Graphical
presentations of the vertebral body posture revealed systematic differences between the subgroups;
however, large standard deviations meant that these differences were not significant. In contrast,
several global parameters (e.g., thoracic kyphosis and lumbar lordosis) indicated differences between
the analyzed subgroups. The findings confirm the importance of presenting reference data not only
according to sex but also according to age in order to map physiological posture changes over the life
span. The question also arises as to whether therapeutic approximations to an almost symmetrical
spine are biomechanically desirable.

Keywords: surface topography; rasterstereographic back shape analysis; normative data; healthy
adults; posture analysis; spine

1. Introduction

The spine connects the pelvis and the head with 24 vertebral bodies that can move
against each other in three directions of movement. It stabilizes the torso and enables
verticalization. The posture and movements of the spine are individually varied and highly
characteristic of each person [1]. Visual inspection and posture analyses are important
aspects of the basic examination of patients affected by spinal disorders [2]. Many muscu-
loskeletal examiners have reported that visual estimations are one of their most commonly
used assessment tools when analyzing spinal posture in clinical practice [3]. Although these
visual assessments are simple and quick to perform, their results are relatively subjective,
and their interrater reliability is statistically poor [3,4]. This becomes problematic when
the results contribute to the clinical decision making process or are used in follow-up
examinations to assess the progress and outcomes of the initiated therapies [5]. In order to
address this problem, the collection of data regarding spinal posture should be objective
and standardized using valid, reliable and reproducible measurement approaches. It is
crucial for the assessments to be non-invasive for the patient and quick and easy to conduct
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in daily clinical routines. Videorasterstereography (VRS) seems to be a corresponding
method that is increasingly becoming established in clinical practice [6–8].

The VRS system is based on a horizontal light line pattern projected onto the patient’s
unclothed back and creates a virtual plaster cast of the individual back surface within only
a few seconds [7]. In addition to information about the surface topographic curvature
picture, the system is able to precisely estimate the position of every vertebral body (from
C7 to L4) and the pelvis in a virtually constructed three-dimensional model of the human
vertebral column [7,9–12]. VRS has evolved since its initial development in the 1980s and
has been described in various publications [6,7,13]. The system has been proven to be valid
and highly reliable compared to the clinical gold standard (X-ray imaging) [8,14–17].

In order to implement VRS for spinal posture analysis as a routine assessment in
clinical practice, it is essential to have systematic reference data available for comparison
with the potential pathological findings. Unfortunately, the current datasets are only
conditionally able to fulfill these requirements, as they have several limitations.

Thus far, there are reference data for the global spine parameters of children [18],
young adults [19–21] and young and middle-aged adults [22,23]. Either relatively heteroge-
neous study cohorts with very small numbers of participants have been analyzed without
any further subgroup specifications [22,23], or subgroup-analyses have focused only on the
potential differences between female and male participants in young, relatively homoge-
nous study cohorts [19–21]. Possible changes in physiologic spinal posture according to
sex and/or age over the adult life span have not yet been investigated. This knowledge,
however, is essential for the consultation of reference data in clinical practice, in which not
only young but also older patients are examined using VRS measurement devices.

In order to close this gap in our knowledge, the first aim of the current study was to
provide practitioners and researchers with an additional set of VRS reference data that,
firstly, included a preferably high number of healthy participants. Secondly, structured
subgroup analyses were used depict possible physiologic changes in the spinal posture
parameters according to sex and age over an adult life span of 18 to 70 years.

The second aim of this study was to provide the respective reference data for specific
spine parameters: the isolated position of each vertebral body from C7 to L4 in all three
dimensions of movement. These data are currently missing from the literature. As of
up to a few years ago, only global spine parameters such as the thoracic kyphosis and
lumbar lordosis angles were exportable from the DICAM 3 software. Meanwhile, the
three-dimensional position of each vertebral body can be analyzed using an additional
export interface.

In contrast to the work previously published by our own research group, describing
a subgroup analysis of 100 asymptomatic females based on the dataset included here [24],
this project involved a more differentiated analysis providing reference data for three differ-
ent age cohorts (18–30 years, 31–50 years and 51–70 years) and for both sexes, respectively.

2. Materials and Methods

The data analyzed in this work were part of a prospective, explorative, cross-sectional
and monocentric study assessing the three-dimensional spinal posture and movement be-
havior of healthy participants in the upright standing position and at four different walking
speeds (2 km/h, 3 km/h, 4 km/h and 5 km/h). Ethical approval was obtained from the re-
sponsible ethics committee of the Rhineland-Palatinate Medical Association, and the study
is registered with the World Health Organization (WHO) (INT: DRKS00010834). Based on
a statistical sample size calculation, 201 healthy participants (sex ratio of 2/3 females to
1/3 males, aged 18–70 years) who gave their informed consent prior to participation were
included in three different age cohorts (young (18–30 years), middle (31–50 years) and old
(51–70 years)).

50



Bioengineering 2022, 9, 809

2.1. Participants

In order to participate, the volunteers had to be free of pain, and due to data capture
requirements, their body mass index (BMI) had to be≤30.0 kg/m2. All the participants had
to demonstrate adequate gait stability (timed up-and-go test [25]), an age- and sex-accorded
walking speed (two-minute walk test [26]) and spinal function (back performance scale [27]),
as well as an appropriate joint mobility in order, theoretically, to be able to perform
a physiological gait pattern [28]. Interested volunteers were excluded from participation in
cases where they reported a history of surgery or fracture between the spinal segments of
C7 and the pelvis. Further exclusion criteria were medical or therapeutic treatments due
to spinal or pelvic girdle complaints (C7-pelvis) within the last 12 months or medical or
therapeutic treatments due to musculoskeletal problems (musculoskeletal system except
for C7-pelvis) within the last six months prior to the investigation.

2.2. Experimental Setup and Data Capture

In the study, “4D average” posture analyses were performed on all the participants
using the DIERS Formetric III 4D measuring device (software versions DICAM v3.7.1.7
(DIERS International GmbH, Schlangenbad, Germany) for the data collection and DICAM
v3.5.0Beta11 (DIERS International GmbH, Schlangenbad, Germany) for the data export),
a VRS system based on the principle of triangulation [13]. A slide projector, used as the
optical equivalent to an inverse camera, projects horizontal and parallel light lines onto the
unclothed back of the participant, who is standing upright on a treadmill (height: ~18 cm)
at a predefined distance from the measuring device (~2 m), with the eyes looking towards
a standardized point ~2 m away and 20 cm below the individual’s body height (measured
from the ground). Twelve series recordings of the transformed line pattern (due to back
surface curvatures) were captured for a period of 6 s with an associated camera system.
The three-dimensional scatter plot derived (consisting of up to 150,000 individual data
points, depending on the body size) was used to create a virtual plaster cast of the surface
of the participant’s back. The three-dimensional position of the underlying spine and the
pelvis was estimated based on this information in combination with a clinically validated
correlational model [11–13].

Even though it is technically not required for static VRS posture analyses, all the
participants were marked with seven reflective markers prior to the data capture (on
the spinal process of C7, the spinous processes between the medial parts of the spinae
scapulae (~T3) and the thoracolumbar transitions (~T12), the left and right posterior
superior iliac spine (PSIS) and on both acromia). This was necessary because the superior
study protocol meant that the data for the dynamic gait analyses were also captured on
the same measurement appointment. In order to best control for potential palpation or
measurement bias, however, the same investigator (physical therapist) always performed
the complete procedure themselves, including the entrance examinations (checking for
inclusion and exclusion criteria), palpation, marker attachments and the VRS measurements,
following a strict and standardized protocol. A static control scan was also performed to
check for the correct placement of the markers. Where there were clinically inconclusive
measurement results or any uncertainty on the part of the investigator, the placement
of the markers was checked, palpated again, and corrected, if necessary, until the final
marker position was defined. The measurements were repeated if the first graphical data
output revealed clinically incomprehensible, inconsistent measuring artefacts or apparent
software misinterpretations. For reasons of quality assurance, the investigator and an
additional technician, who were both highly familiar with the software and the measuring
device, further inspected all the pictures and the graphical data output visually after
completion of the data collection phase for further abnormal spinal representations or other
measuring artefacts and corrected them if necessary. In total, 46 specific and 14 global spine
parameters were exported using the export interface of the DICAM v3.5.0Beta11 software.
The Statistical Analysis System (SAS version 9.4) was used to combine all the exported
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files into one editable sheet of raw data. Figure 1 provides a schematic flow chart of the
experimental process.

Figure 1. Schematic flow chart of the experimental process.

2.3. Data Analysis

The “4D average” measurement approach used meant that 12 individual values
per participant were exported for every spine parameter. Several clinically inconclusive
extreme values and, for one participant, isolated missing data points were identified in
a preliminary visual data review. The Statistical Package of the Social Sciences (IBM
SPSS Statistics for Windows, Version 23.0. Armonk, NY, USA: IBM Corp.) was used
to systematically identify these values for every analyzed parameter, and all the extreme
outliers revealed by the stem-and-leaf plot were removed from the raw dataset. The missing
values were treated as extreme outliers, and the respective cells were removed from the
raw dataset as well. The remaining values for every parameter were aggregated to finally
create one mean value for every participant and for every parameter of interest.

Descriptive statistics were used to describe the reference values for all the specific
(C7–L4 and the pelvis) and global spine parameters according to the mean of means
(MoM) and the standard deviation (SD) in all three dimensions for the entire group, for
all the female and all the male participants, and for the female and male participants
within the three different age cohorts, respectively. An explorative two-way analysis
of variance (two-way ANOVA) was used to check for possible differences between the
groups according to sex, age cohort or a combination of both (level of significance p < 0.05).
Possible deviations from the symmetrical zero positions of the different spine parameters
were checked by one-sample Wilcoxon signed rank tests (level of significance p < 0.05).
Graphical figures were created using Microsoft Excel (Microsoft Corporation, Version 2016.
Redmond, WA, USA).

The authors do not include a detailed definition or description of the analyzed global
and specific spine parameters. Instead, the reader is referred to the respective previous
publications [19,24].

3. Results
3.1. Participants

A total of 201 healthy participants (132 females and 69 males) were included in the
data analyses and were subdivided into three different age cohorts (67 participants per
group). Their detailed characteristics, according to age and BMI, are presented in Table 1.

3.2. Data Analysis

The spinal posture data were analyzed using descriptive and explorative statistics.
Reference values for the specific and global spine parameters are presented in Table 2 for
the transversal plane, in Table 3 for the coronal plane and in Table 4 for the sagittal plane.
Figure 2 (transversal), Figure 3 (coronal) and Figure 4 (sagittal) are the respective graphical
representations of the specific spine parameters for those three investigated planes. The
results of the explorative statistical analyses are presented in Table 5.
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198
200

194
194

195
196

201
198

198
M

oM
−

1.1
−

1.1
−

1.5
−

1.7
−

1.3
−

0.5
0.3

1.0
1.2

1.1
0.8

0.5
0.3

0.3
0.0

−
0.2

0.1
0.7

−
0.1

−
0.2

−
1.7

3.6
−

1.8
3.2

−
4.9

SD
1.3

2.1
2.3

2.6
3.1

3.0
2.6

2.1
2.0

2.2
2.1

1.9
1.9

1.9
1.6

1.7
2.4

3.1
0.8

0.8
7.3

1.7
7.1

3.0
3.3

Sex

A
llFem

ales
N

131
129

128
127

132
131

131
131

132
132

131
131

131
130

129
129

129
131

127
126

128
130

132
131

130
M

oM
−

1.3
−

1.2
−

1.6
−

1.8
−

1.4
−

0.7
0.1

0.8
1.1

1.1
0.8

0.5
0.3

0.3
0.1

−
0.1

0.3
1.0

−
0.1

−
0.2

−
1.6

3.5
−

2.3
2.9

−
4.9

SD
1.4

2.2
2.3

2.5
3.1

3.0
2.5

1.9
1.9

2.1
2.0

1.9
2.0

2.0
1.7

1.8
2.5

3.2
0.8

0.9
7.7

1.7
6.7

2.8
3.3

A
llM

ales
N

69
68

67
67

67
67

67
67

69
69

69
69

69
69

69
69

69
69

67
68

67
66

69
67

68
M

oM
−

0.9
−

1.0
−

1.3
−

1.3
−

1.1
−

0.3
0.6

1.2
1.4

1.2
0.8

0.5
0.4

0.2
−

0.1
−

0.4
−

0.3
0.2

−
0.3

−
0.2

−
2.0

3.8
−

0.8
3.8

−
4.7

SD
1.3

2.1
2.3

2.8
3.1

3.2
2.8

2.3
2.3

2.4
2.3

2.0
1.8

1.8
1.5

1.5
2.2

2.8
0.8

0.8
6.6

1.6
7.7

3.4
3.2

Age Cohort “Young”

A
llY

ou
n

g
P

articip
an

ts
N

67
66

66
66

67
66

66
66

67
67

67
67

67
67

67
67

66
66

64
66

66
65

67
66

66
M

oM
−

1.0
−

0.9
−

1.2
−

1.3
−

0.6
0.2

0.9
1.2

1.0
0.7

0.5
0.4

0.4
0.4

0.0
−

0.3
0.4

1.2
−

0.1
−

0.3
−

2.5
3.5

−
0.9

3.3
−

4.4
SD

1.2
1.7

2.0
2.4

2.8
2.7

2.4
1.9

1.8
1.9

1.9
2.0

2.0
1.9

1.6
1.8

2.6
3.0

0.9
0.8

6.5
1.6

7.0
2.9

3.1

Y
ou

n
gFem

ales
N

44
43

43
43

44
43

43
43

44
44

44
44

44
44

44
44

43
43

42
43

43
42

44
43

43
M

oM
−

1.1
−

1.1
−

1.4
−

1.4
−

0.6
0.4

0.9
1.1

0.9
0.7

0.5
0.4

0.5
0.4

0.1
−

0.1
0.6

1.5
−

0.1
−

0.3
−

2.6
3.4

−
1.1

3.1
−

4.4
SD

1.3
1.7

2.0
2.5

3.0
2.7

2.2
1.7

1.7
1.8

1.7
1.9

2.1
2.0

1.5
1.9

2.7
3.2

0.9
0.8

6.7
1.6

7.2
2.7

3.1

Y
ou

n
g

M
ales

N
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
22

23
23

23
23

23
23

M
oM

−
0.7

−
0.6

−
0.9

−
1.1

−
0.7

0.0
0.7

1.3
1.3

0.9
0.4

0.2
0.3

0.3
−

0.2
−

0.5
−

0.2
0.6

−
0.1

−
0.2

−
2.3

3.6
−

0.4
3.8

−
4.4

SD
1.1

1.8
2.0

2.3
2.4

2.8
2.7

2.2
2.0

2.3
2.3

2.1
1.9

2.0
1.7

1.6
2.2

2.6
0.8

0.7
6.3

1.6
6.7

3.1
3.1

Age Cohort “Middle”

A
llM

id
d

le
P

articip
an

ts
N

67
65

63
63

67
67

67
67

67
67

66
66

66
65

66
65

66
67

64
66

66
66

67
66

66
M

oM
−

1.2
−

1.1
−

1.6
−

1.9
−

1.5
−

0.8
0.0

0.7
1.1

1.1
1.0

0.8
0.4

0.4
0.1

−
0.2

0.1
0.8

−
0.2

−
0.2

−
1.9

3.8
−

2.9
2.9

−
5.3

SD
1.3

2.3
2.4

2.7
3.3

3.2
2.7

2.0
1.9

2.1
2.0

1.9
2.1

2.0
1.7

1.4
2.2

3.2
0.8

0.8
7.0

1.8
7.0

3.2
3.3

M
id

d
le

Fem
ales

N
44

42
41

41
44

44
44

44
44

44
43

43
43

42
43

42
43

44
41

43
43

44
44

44
43

M
oM

−
1.3

−
1.0

−
1.7

−
2.2

−
1.7

−
1.1

−
0.3

0.5
1.0

1.1
1.1

0.9
0.4

0.4
0.2

−
0.1

0.2
0.8

−
0.1

−
0.2

−
1.8

3.6
−

3.3
2.8

−
5.3

SD
1.4

2.4
2.4

2.7
3.3

2.9
2.4

1.9
2.0

2.1
1.9

1.9
2.3

2.2
1.9

1.4
2.3

3.3
0.7

0.9
7.4

1.9
6.4

2.9
3.3

M
id

d
le

M
ales

N
23

23
22

22
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

22
23

22
23

M
oM

−
1.0

−
1.3

−
1.3

−
1.3

−
1.1

−
0.4

0.4
1.1

1.3
1.2

0.9
0.6

0.5
0.3

0.0
−

0.3
0.0

0.7
−

0.4
−

0.2
−

2.2
4.1

−
2.2

3.2
−

5.4
SD

1.1
2.3

2.3
2.7

3.5
3.7

3.3
2.2

1.8
2.0

2.2
2.0

1.8
1.8

1.5
1.4

2.0
2.8

0.9
0.7

6.2
1.7

8.0
3.7

3.4

Age Cohort “Old”

A
llO

ld
P

articip
an

ts
N

66
66

66
65

65
65

65
65

67
67

67
67

67
67

65
66

66
67

66
62

63
65

67
66

66
M

oM
−

1.2
−

1.3
−

1.7
−

1.8
−

1.7
−

1.0
0.0

1.0
1.6

1.5
1.0

0.4
0.1

0.0
0.0

−
0.2

−
0.2

0.2
−

0.1
−

0.1
−

0.8
3.6

−
1.5

3.3
−

4.8
SD

1.4
2.2

2.4
2.7

3.0
3.1

2.8
2.3

2.3
2.4

2.2
1.9

1.7
1.7

1.6
1.8

2.5
3.0

0.8
0.9

8.3
1.6

7.3
3.1

3.3

O
ld

Fem
ales

N
43

44
44

43
44

44
44

44
44

44
44

44
44

44
42

43
43

44
44

40
42

44
44

44
44

M
oM

−
1.3

−
1.3

−
1.6

−
1.9

−
1.9

−
1.2

−
0.2

0.8
1.5

1.4
0.9

0.3
0.0

0.0
0.1

−
0.1

0.1
0.6

0.0
−

0.2
−

0.4
3.5

−
2.4

2.8
−

5.1
SD

1.3
2.3

2.4
2.4

2.9
3.1

2.9
2.1

1.9
2.2

2.2
1.9

1.6
1.8

1.7
2.0

2.5
3.0

0.8
1.0

8.8
1.7

6.5
2.7

3.5

O
ld

M
ales

N
23

22
22

22
21

21
21

21
23

23
23

23
23

23
23

23
23

23
22

22
21

21
23

22
22

M
oM

−
1.0

−
1.2

−
1.8

−
1.6

−
1.3

−
0.4

0.6
1.4

1.7
1.6

1.2
0.7

0.3
0.0

−
0.3

−
0.5

−
0.7

−
0.6

−
0.2

−
0.1

−
1.4

3.7
0.3

4.4
−

4.3
SD

1.6
2.0

2.5
3.4

3.3
3.0

2.5
2.6

3.0
2.8

2.3
2.0

1.9
1.6

1.3
1.5

2.3
2.8

0.7
0.9

7.4
1.6

8.5
3.6

3.0

A
bbreviations:M

oM
=

m
ean

ofm
eans;SD

=
stand

ard
d

eviation;Sh
=

shou
ld

er;P
el=

p
elvis;N

=
nu

m
ber.
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S
p
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P
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eters
G
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S
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T
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T
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T
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T

4
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T
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T
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T
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T
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T
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T
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T
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T

12
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L
1
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L

2
( ◦)

L
3

( ◦)
L

4
( ◦)

P
el

( ◦)
Tru

n
k

In
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(V

P
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M
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Tru
n

k
In

clin
ation

(V
P

-D
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T
h

oracic
K

yp
h

osis
(IC

T-IT
L

)( ◦)

L
u

m
b

ar
L

ord
osis

(IT
L

-IL
S
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A
llP

articip
an

ts
N

-
201

201
200

200
199

200
199

200
201

201
201

200
200

200
199

201
201

201
198

198
200

201
M

oM
-

25.5
25.5

23.6
18.6

13.7
10.0

7.2
4.4

0.2
−

5.4
−

11.0
−

15.3
−

17.6
−

17.4
−

13.7
−

2.7
10.7

18.4
3.1

26.0
49.9

40.9
SD

-
7.5

6.3
6.4

6.5
5.3

4.6
3.9

3.7
3.8

3.9
4.2

4.5
4.9

5.1
5.7

7.4
7.7

8.9
2.1

17.5
8.3

9.2

Sex

A
llFem

ales
N

-
132

132
131

132
132

132
131

132
132

132
132

131
131

131
130

132
132

132
130

130
131

132
M

oM
-

26.2
25.6

22.5
16.9

12.1
8.8

6.3
3.6

−
0.6

−
6.3

−
11.9

−
16.3

−
18.5

−
17.7

−
13.0

−
0.6

13.9
19.1

3.1
25.6

50.1
44.0

SD
-

7.6
6.4

6.4
6.3

5.1
4.4

3.8
3.7

3.6
3.7

4.2
4.5

5.1
5.5

5.8
7.5

6.6
8.9

2.1
17.6

8.2
8.5

A
llM

ales
N

-
69

69
69

68
67

68
68

68
69

69
69

69
69

69
69

69
69

69
68

68
69

69
M

oM
-

24.1
25.4

25.7
21.9

16.7
12.4

9.0
6.0

1.9
−

3.7
−

9.1
−

13.5
−

16.0
−

16.9
−

15.1
−

6.7
4.5

17.0
3.0

26.7
49.6

34.9
SD

-
7.1

6.0
5.7

5.4
4.3

4.0
3.4

3.3
3.7

3.6
3.7

4.0
4.1

4.3
5.2

5.5
5.5

8.7
2.0

17.4
8.6

7.3

Age Cohort “Young”

A
llY

ou
n

g
P

articip
an

ts
N

-
67

67
66

67
67

67
67

67
67

67
67

67
67

67
67

67
67

67
66

66
66

67
M

oM
-

23.4
23.7

22.2
17.1

12.5
9.2

6.8
4.4

0.5
−

5.0
−

10.5
−

14.7
−

16.9
−

16.8
−

13.4
−

2.7
10.9

21.6
2.9

24.8
46.5

40.1
SD

-
6.9

6.0
5.9

6.2
5.3

4.7
4.0

3.8
3.9

3.8
4.2

4.7
5.0

5.2
5.8

7.0
7.7

8.3
2.2

18.4
7.1

8.9

Y
ou

n
g

Fem
ales

N
-

44
44

43
44

44
44

44
44

44
44

44
44

44
44

44
44

44
44

43
43

43
44

M
oM

-
23.9

23.4
20.7

15.0
10.7

7.9
5.7

3.3
−

0.4
−

5.8
−

11.1
−

15.3
−

17.6
−

17.0
−

12.9
−

1.3
13.2

22.1
2.8

22.6
46.9

43.0
SD

-
7.4

6.5
5.5

5.5
4.9

4.6
4.0

3.9
4.1

4.0
4.6

5.1
5.5

5.4
5.9

7.3
7.7

8.9
2.1

17.5
6.9

8.7

Y
ou

n
g

M
ales

N
-

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

23
23

M
oM

-
22.6

24.3
25.0

21.2
16.1

11.8
9.0

6.4
2.2

−
3.5

−
9.1

−
13.4

−
15.6

−
16.5

−
14.6

−
5.4

6.5
20.7

3.3
28.9

45.8
34.5

SD
-

5.8
5.1

5.7
5.4

4.3
3.8

3.2
2.7

2.9
2.8

3.1
3.5

3.7
4.7

5.8
5.6

5.6
6.9

2.2
19.7

7.7
6.5

Age Cohort “Middle”

A
llM

id
d

le
P

articip
an

ts
N

-
67

67
67

67
66

66
66

66
67

67
67

67
67

67
66

67
67

67
67

67
67

67
M

oM
-

27.7
26.7

23.1
17.9

13.3
10.1

7.7
4.9

0.6
−

5.1
−

10.6
−

15.3
−

18.1
−

17.9
−

14.5
−

3.8
9.9

17.8
3.2

27.0
49.7

41.0
SD

-
6.8

5.9
6.5

6.4
4.7

3.7
3.2

3.3
3.6

3.9
4.2

4.5
4.9

4.7
5.2

7.5
7.4

8.8
2.0

17.0
7.7

9.0

M
id

d
le

Fem
ales

N
-

44
44

44
44

44
44

44
44

44
44

44
44

44
44

43
44

44
44

44
44

44
44

M
oM

-
28.5

26.7
21.7

16.0
11.9

9.0
6.9

4.1
−

0.4
−

6.3
−

11.9
−

16.8
−

19.5
−

18.2
−

13.5
−

1.0
13.5

18.4
3.2

26.3
49.3

43.7
SD

-
6.0

5.5
6.5

6.0
4.4

3.4
3.0

3.3
3.3

3.6
4.0

4.2
4.9

5.4
5.6

7.1
5.6

8.6
2.1

17.3
7.6

9.0

M
id

d
le

M
ales

N
-

23
23

23
23

22
22

22
22

23
23

23
23

23
23

23
23

23
23

23
23

23
23

M
oM

-
26.1

26.8
25.7

21.4
16.1

12.3
9.4

6.3
2.6

−
2.8

−
8.2

−
12.4

−
15.4

−
17.2

−
16.3

−
9.2

3.0
16.7

3.2
28.3

50.5
35.7

SD
-

8.1
6.6

5.7
5.8

3.9
3.5

3.0
2.9

3.4
3.5

3.4
3.7

3.8
2.9

3.6
4.9

5.2
9.1

1.9
16.7

7.9
6.2

Age Cohort “Old”

A
llO

ld
P

articip
an

ts
N

-
67

67
67

66
66

67
66

67
67

67
67

66
66

66
66

67
67

67
65

65
67

67
M

oM
-

25.4
26.1

25.5
20.8

15.2
10.7

7.2
3.9

−
0.4

−
6.2

−
11.8

−
16.0

−
17.9

−
17.6

−
13.2

−
1.7

11.3
15.7

3.1
26.1

53.4
41.6

SD
-

8.2
6.5

6.3
6.3

5.5
5.1

4.2
4.0

3.9
3.8

4.2
4.4

4.8
5.4

6.1
7.7

7.9
8.6

2.1
17.4

8.7
9.7

O
ld

Fem
ales

N
-

44
44

44
44

44
44

43
44

44
44

44
43

43
43

43
44

44
44

43
43

44
44

M
oM

-
26.3

26.7
25.0

19.6
13.8

9.5
6.5

3.3
−

1.1
−

6.9
−

12.7
−

16.8
−

18.3
−

17.8
−

12.6
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Figure 2. Vertebral body positions in the transversal plane. Positive values represent a rotation of 
Figure 2. Vertebral body positions in the transversal plane. Positive values represent a rotation of
the vertebral bodies to the left (counterclockwise), and negative values represent a rotation of the
vertebral bodies to the right (clockwise). The scale of the x-axis is turned to enhance the intuitive visual
interpretability of the results: (Upper row) (left picture: all participants (■, green); right picture: all
female (◆, red) and all male (•, blue) participants). (Middle row) (left picture: all participants of
the respective age cohorts: young (•, blue), middle (■, green) and old (◆, red); middle picture: all
female participants of the respective age cohorts: young (•, blue), middle (■, green) and old (◆,
red); right picture: all male participants of the respective age cohorts: young (•, blue), middle (■,
green) and old (◆, red)). (Lower row) (left picture: all young female (◆, red) and all young male (•,
blue) participants; middle picture: all middle-aged female (◆, red) and all middle-aged male (•, blue)
participants; right picture: all old female (◆, red) and all old male (•, blue) participants).

56



Bioengineering 2022, 9, 809

◼◆ ●
● ◼ ◆

● ◼ ◆
● ◼◆ ◆ ●◆ ●◆ ●

 

◼ ◆ ●
●◼ ◆

● ◼ ◆
● ◼ ◆◆ ●◆ ●◆ ●

Figure 3. Vertebral body positions in the coronal plane. Positive values represent a tilt of the vertebral
bodies to the left, and negative values represent a tilt of the vertebral bodies to the right. The scale
of the x-axis is turned to enhance the intuitive visual interpretability of the results: (Upper row)
(left picture: all participants (■, green); right picture: all female (◆, red) and all male (•, blue)
participants). (Middle row) (left picture: all participants of the respective age cohorts: young (•,
blue), middle (■, green) and old (◆, red); middle picture: all female participants of the respective age
cohorts: young (•, blue), middle (■, green) and old (◆, red); right picture: all male participants of the
respective age cohorts: young (•, blue), middle (■, green) and old (◆, red)). (Lower row) (left picture:
all young female (◆, red) and all young male (•, blue) participants; middle picture: all middle-aged
female (◆, red) and all middle-aged male (•, blue) participants; right picture: all old female (◆, red)
and all old male (•, blue) participants).
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Figure 4. Vertebral body positions in the sagittal plane. Positive values represent a tilt of the vertebral
bodies towards spinal flexion, and negative values represent a tilt of the vertebral bodies towards
spinal extension. The scale of the x-axis is turned to enhance the intuitive visual interpretability of
the results: (Upper row) (left picture: all participants (■, green); right picture: all female (◆, red)
and all male (•, blue) participants). (Middle row) (left picture: all participants of the respective age
cohorts: young (•, blue), middle (■, green) and old (◆, red); middle picture: all female participants
of the respective age cohorts: young (•, blue), middle (■, green) and old (◆, red); right picture: all
male participants of the respective age cohorts: young (•, blue), middle (■, green) and old (◆, red)).
(Lower row) (left picture: all young female (◆, red) and all young male (•, blue) participants; middle
picture: all middle-aged female (◆, red) and all middle-aged male (•, blue) participants; right picture:
all old female (◆, red) and all old male (•, blue) participants.

3.2.1. Descriptive Data Analysis

In the transverse plane, the spine was not in a neutral rotary position. Instead, a
systematic vertebral rotation to the right side was identified from T5 to L3 among all
the investigated subgroups (Figure 2 and Table 2). In the coronal plane, a systematic
deviation from the neutral centerline was also apparent. The vertebrae above T5 were
laterally flexed to the right side, and around the fifth thoracic vertebrae, the side of lateral
flexion changed in direction to the left (Figure 3 and Table 3). In the sagittal plane, T8 was
found to be in an almost neutral position, indicating that it was the thoracic kyphosis apex
(Figure 4 and Table 4). The vertebrae above (C7–T7) were tilted towards spinal flexion,
while the vertebrae below were positioned in spinal extension (T9–~L3). The height of the
lumbar lordosis apex, meaning the reverse change in direction from spinal extension to
spinal flexion, differed between the analyzed subgroups but was systematically located
between L2 and L4.
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The graphical data output of the specific spine parameters indicated systematic dif-
ferences between the female and male participants and between the participants in the
different age cohorts. In the transverse plane, these subgroup-dependent visual differences
were present among almost all the investigated vertebral bodies. In the coronal plane,
the differences seemed to be locally limited to the upper thoracic spine. In the sagittal
plane, the curves of the analyzed subgroups ran more in parallel compared to the other
two planes. In this regard, the differently scaled x-axes have to be considered.

3.2.2. Explorative Data Analysis

The graphically apparent deviations of the vertebral bodies from the symmetrical
zero position in the transverse and the coronal planes could be confirmed by statistical
data analyses. The deviations were significant from T5 to L3 in the transverse plane and
from C7 to T4, from T6 to T12 and for the pelvis in the coronal plane when that data
of the entire group were considered and tested versus a hypothetical median of zero.
Likewise, all the global parameters in the two respective planes deviated significantly from
the respective symmetrical spine position (Table 5). The visual differences between the
analyzed subgroups, however, could not be statistically confirmed for the transverse and
coronal plane data. Here, only the isolated parameters revealed statistical trends pointing
towards a possible existing difference (for “Pelvis Rotation” between the young and middle
participants (p = 0.05) and for “Right Side Apical Deviation VP-DM + max (mm)” (p = 0.04)
between the female and male participants).

In the sagittal plane, systematic deviations from a straight upright spine position
existed in all the vertebral bodies except for T8 (neutral vertebrae of the thoracic kyphosis)
and all the global spine parameters. In contrast with the two other planes, the statistical
analyses also revealed systematic trends pointing towards possible differences between
the analyzed subgroups. The global parameter of “Lumbar Lordosis (ITL-ILS) (◦)” differed
between the female and male participants (p < 0.001), while the parameter of “Thoracic
Kyphosis (ICT-ITL) (◦)” indicated a trend towards a difference between the participants in
the different age cohorts (p < 0.001). The systematic trend behind these findings becomes
apparent when observing the specific spine parameters. Sex-specific differences could be
found for all the specific parameters except for the two major turning points (meaning
the most flexed (T1) and the most extended (L1) vertebrae). Differences between the age
cohorts in the global parameter of “Thoracic Kyphosis (ICT-ITL) (◦)” were also apparent at
the level of the specific spine parameters. The systematic differences due to the participants’
belonging to different age cohorts can be seen here in the isolated upper thoracic vertebrae
(C7–T4) and the pelvis (Table 5).

3.3. Literature Comparison

Table 6 compares the results for the global spine parameters of the current study with
those derived from previous publications using the same VRS measurement device [18–23].
Most of the results were found to be almost comparable; however, there was a trend
towards slightly lower values derived from the current study for the parameters of the
transverse and the coronal plane when compared to those of previous research.
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4. Discussion

Various studies have analyzed spinal posture and its possible adaptations to different
spinal and other musculoskeletal pathologies using VRS [29–31]. However, reference values
for the comparison of the possible pathological findings are only available for global spine
parameters that mainly derived from children [18], younger adults [19–21], or young and
middle-aged adults, but these are based on very small numbers of participants [22,23].
Systematically collected normative data, which differentiates between subgroups according
to sex and age, which can be used to identify possible changes in spinal posture over the
adult life span, were missing. One aim of this study was, therefore, to complement existing
knowledge with a further reference dataset that meets those requirements. Spinal posture
data were thus captured and analyzed based on 201 healthy participants according to sex
and age over an adult life span of 18 to 70 years. A further aim was to expand the current
knowledge by providing an additional reference dataset of specific spine parameters that
contains three-dimensional posture data for every vertebral body (from C7 to L4 and
the pelvis).

4.1. Global Spine Parameters

The results for the global spine parameters derived from the current study did not
differ greatly from those of previous publications using the same VRS measurement device
([19–23]; Table 6). However, there seems to be a trend towards slightly lower measurement
results for the parameters in the transverse and the coronal planes. Possible explanations
for the deviation of the results could be, in addition to the different cohort compositions
and cohort sizes, differences in the measurement protocol and data analysis. To obtain the
most accurate data quality, we used a high standardization of the measurement protocol,
the use of additional markers in the course of the vertebral column (~T3 and ~T12) and
the systematic removal of extreme outliers from the raw dataset. Since the comparative
studies do not provide corresponding information, the question regarding the reasons for
the differences cannot be answered in a well-established manner.

In the current study, significant trends towards possible differences in several global
spine parameters according to sex and age cohort were revealed through explorative data
analyses. While these differences were not found to be systematic for the coronal plane
parameter of the “(Right Side) Apical Deviation VP-DM + max (mm)”, the results for the
respective sagittal plane parameters were considered highly important. The “Lumbar
Lordosis (ITL-ILS) (◦)” angle revealed a trend towards a significant difference between
the female and male participants, with females showing greater lordosis angles than their
male counterparts. This is in accordance with previous publications using the same VRS
measuring device [19–21]. These findings also match the results of a recent systematic
review and meta-analysis describing age- and sex-based effects on the lumbar lordosis
angles and the range of motion based on different clinically established measurement ap-
proaches (radiological and non-radiological). The authors also found significant differences
according to sex, with females having greater lumbar lordosis angles than men, but in
contrast to the current findings, they also revealed indications that age possibly affected the
respective spine parameters [32]. Similar correlations between VRS- and X-ray-measured
results were found for the sagittal plane parameter of “Thoracic Kyphosis”. The current
study found a trend towards significant differences between young and old (p < 0.001)
and between middle and old (p < 0.02) participants, indicating an increase in the VRS-
measured parameter with increasing age. Comparable results were published in a recent
systematic review based on radiography-based Cobb angle calculations [33]. The authors
described an increase in thoracic kyphosis with aging but did not find that sex affected the
spine parameters.

These results confirm the importance of having VRS reference data that are not only
distinguishable between subgroups according to sex, as has been the case thus far, but
also according to different age cohorts. Without these data, changes in spinal posture that
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physiologically occur over a healthy life span could be falsely diagnosed as pathologic,
resulting in troubling uncertainty for the affected patients in clinical practice.

4.2. Specific Spine Parameters

Apart from a previous sub-analysis of 100 female participants from the present study
cohort, which was published by our own research group [24], this is the first paper to
present systematic reference data for every vertebral body in all three dimensions for both
sexes and for three different age cohorts, which were derived using the VRS “Formetric III
4D” measuring device. As already described, in contrast to the currently common clinical
beliefs, the physiological spinal posture in the transverse and the coronal planes was not
found to be straight and symmetric with regard to rotation and lateral flexion [24]. Instead,
a systematic rotation of the mid- and lower thoracic and lumbar vertebrae towards the right
side was observed and supported by explorative data analyses. This rotation was found to
be more pronounced in males than females and in young compared to middle-aged and old
participants. A pre-existing vertebral rotation in healthy participants was also previously
described based on CT and MRI measurements [34]. In patients with a diagnosed situs
inversus totalis, the side of the vertebral rotation changed, respectively [35]. These results
suggest that the VRS findings of the current study are clinically comprehensible and
that internal organ arrangement might be a possible physiological cause of the observed
asymmetric spinal posture.

In the coronal plane, a lateral flexion to the right side was found in the case of the upper
thoracic vertebrae, while the underlying vertebrae showed a systematic lateral flexion to
the left. Contrary to the results for the spinal rotation, visually, the lateral flexion in the
upper thoracic vertebrae seemed to be more pronounced in the female compared to the
male participants, whereas no sex-specific differences were detectable in the mid- and
lower thoracic or the lumbar vertebral body positions. According to age-related differences,
the younger group visually seemed to demonstrate less lateral flexion than the middle-
aged and old participants, specifically in the thoracic spinal region. Whether or not this
might be caused by posture adaptations induced by normal degenerative changes in the
spine remains unclear. However, Kilshaw et al. [36], who analyzed the lumbar spine
retrospectively based on abdominal radiographs and found that deformities such as lumbar
scoliosis, lateral listhesis and osteoarthritis in the coronal plane started to occur after the
age of 50 and steadily increased with age, previously described such an effect, albeit in a
different spinal section.

No unexpected outcomes for the vertebral positions were detected in the sagittal plane
parameters. The apex of the VRS-measured thoracic kyphosis, meaning the least tilted
vertebrae, appeared around T8. This is in accordance with recently published findings
derived from radiographic data. Here, the thoracic apex was located between T7 and
T9 [37,38]. In the current study, the lumbar lordosis apex appeared between the second and
the fourth lumbar vertebrae, depending on the analyzed subgroup. As already described,
a statistically significant trend towards a difference between the female and male par-
ticipants was found for the global parameter of “Lumbar Lordosis (ITL-ILS) (◦)”. This
difference according to sex was also apparent among almost all the specific spine parame-
ters, except for the two major curvature turning points (the most flexed (T1) and the most
extended (L1) vertebral body). In the thoracic spine, males showed a greater curvature
in the upper thoracic spine, and females showed greater curvature in the lower thoracic
spine. The authors assume that this difference between females and males canceled each
other out, which is why the sex difference did not manifest in the global variable of “Tho-
racic Kyphosis (ICT-ITL) (◦)”. Nevertheless, the global parameter of “Thoracic Kyphosis
(ICT-ITL) (◦)” revealed significant differences between the analyzed age cohorts caused by
the significant age differences in the respective specific parameters of the upper thoracic
spine. Sex differences in spinopelvic alignment and in per-level vertebral inclination have
also been reported in healthy participants based on upright low-dose digital biplanar X-ray
analyses [39]. Similar to the current study, more dorsally inclined vertebrae were found
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in females than in males from T1 down to L2. In the current study, females showed more
extended vertebral positions from T2 to L3 compared to their male counterparts. Even
though the isolated raw values for vertebral inclination differed slightly between the two
measurement approaches, the functional comparability of our results with those derived
from X-ray analyses further supports the clinical importance of VRS as a non-invasive
and simultaneously quick and easy assessment tool for spinal posture analysis in daily
clinical routines.

However, despite the described functional agreement between the results based on the
VRS and X-ray based measurements, the visual differences in the graphical data outputs
between the analyzed subgroups could not be confirmed through statistical analyses
for the specific spine parameters in the transverse or the coronal plane in the current
study. One reason for this might be the large standard deviation identified in each of the
analyzed variables. A normal spine anatomy also means that the results for the parameters
in the transverse and the coronal planes are distribute naturally in a preferably narrow
corridor reflecting an almost neutral spine position. No physiologically large differences
are expected. Due to the high individuality displayed in the large standard deviation and
those additional anatomical conditions, the analyzed sample of 201 healthy participants
(and, partly, less than n = 67 in the respective subgroups) might have simply been too small
to detect potential significant differences in the respective planes.

The fact that, in contrast, statistically significant trends in the possible differences
between the analyzed subgroups were revealed for the parameters in the sagittal plane
might be due to the presence of the two physiological major spinal curvatures, “thoracic
kyphosis” and “lumbar lordosis”. These anatomical conditions mean that there is a higher
natural deviation from the neutral position throughout the whole vertebral column, making
it easier to detect statistically significant deviations between the analyzed subgroups even
in this “small” sample of 201 healthy participants.

The possibility that sagittal plane parameters will be suitable for detecting differences
between subgroups and between different pathologies is in accordance with previously
published research [40,41]. Artificial intelligence (AI)-driven analyses of VRS measurement
results also found sagittal plane parameters to be one of the most important features with
which to distinguish pathology-independent spinal posture data from healthy comparative
datasets [41]. Similar results were found when dynamic VRS gait data were analyzed
by AI-driven methods. Here, the parameters of the coronal and the sagittal planes were
most relevant for the classifications between the sexes [40]. Whether or not sagittal spine
parameters have the potential to systematically distinguish between physiological and
pathological spinal postures and which parameters are specifically involved must be
investigated further in the future. Nevertheless, the first results point in this direction.

4.3. Limitations

The manufacturer of the “Formetric III 4D” system recommends the use of reflective
markers for spinal posture analysis only when the software is not able to identify the
required visual landmarks (vertebra prominens (VP) and the two lumbar dimples (DM))
on its own. However, the use of three reflective markers for the landmarks is necessary
for dynamic gait analysis. As this study is part of an overarching research project aiming
to collect reference data for spinal posture in the habitual stance and when walking at
four different walking speeds among the same healthy study cohort, it was necessary to
mark all the participants with the three markers in order to render the stance and gait
results comparable with each other. Software misinterpretations that arose in advance
during the test measurements at the fast walking speeds, caused by the soft tissue and
scapular motions of the participants’ back surface, meant that the researchers decided to
use two additional markers (~T3 and ~T12) to stabilize the systems’ dynamic data analysis
procedures. The researchers also decided to mark C7 and the PSIS instead of the VP and
DM. This approach was chosen because marking C7 and the PSIS is recommended in cases
where the VP and DM are not clearly identifiable on the surface of the participant’s back.
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In order to standardize the measuring procedure and to render the results as comparable to
each other as possible, the marking of C7 and the PSIS was determined a priori for all the
participants, even though this technique was definitely more prone to palpation bias [42,43].
Furthermore, only participants with a BMI of ≤30.0 kg/m2 were included in the study due
to data capture requirements. The procedures described enabled the collection of highly
standardized data under controlled laboratory conditions. Nevertheless, the researchers
are aware that this approach limits the external validity of the presented findings and, thus,
their direct transferability to clinical practice.

The large number of parameters analyzed and the resulting high number of tested
hypotheses also mean that the significant results have to be interpreted with caution. They
are more suitable for showing trends in possible differences rather than real statistical
significance. In this regard, it must also be mentioned that, retrospectively, the chosen
sample size seemed to be too small to detect potential differences between the analyzed
subgroups, especially for the specific spine parameters.

Finally, yet importantly, their radiation and contact-free nature mean that results
derived from VRS measurements are calculated and based on mathematical algorithms.
Even though their validity has been investigated in various publications, those studies
mainly focused on comparisons between X-ray and VRS data captured from patients
affected by different spinal pathologies (mainly scoliosis) [8,14,15,44,45]. For ethical reasons,
no such comparative studies based on healthy participants are available. The results
presented here, however, reveal a strong functional agreement with the results derived
from clinically established measurement approaches, such as X-ray or MRI/CT scans, and
VRS measurements [33,34,39]. This underlines the potential of VRS to serve as a non-
invasive, quick and objective alternative for spinal posture analysis in clinical practice,
especially when the therapeutic focus lies in function-orientated clinical outcomes and
when pre-post measurements are required.

5. Conclusions

This study complements the existing VRS reference datasets for global spine parame-
ters by adding normative values for different subgroups according to sex and age over an
adult life span from 18 to 70 years. The closure of this gap, retrospectively, was found to be
very important, because relevant changes over the life span in the isolated spine parameters
became visible. Reference values for the specific spine parameters of every vertebral body
from C7 to L4 in all three dimensions according to sex and age were presented and revealed
visual but statistically non-significant differences between the analyzed subgroups. The
sagittal plane parameters seem to have the greatest potential to detect differences between
groups of participants. Whether or not those variations are possibly significant must be
investigated in future studies by repeating the current project with an appropriate number
of healthy participants.

The great variation in and individuality of the spinal posture displayed in the large
standard deviation of the analyzed parameters, which was described previously by our
research group using data derived from VRS measurements of asymptomatic female
volunteers [24], were confirmed for the respective subgroups in the current study. Most
importantly, and against widespread clinical expectations, the healthy human spine was
found to be systematically asymmetric in the transverse and the coronal planes during
upright habitual standing. There needs to be discussion in the therapeutic setting about
whether approximations to an almost symmetrical spine in the respective planes are
biomechanically desirable in any way [24].
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Abstract: Freezing of gait (FOG) is a sudden episodic inability to produce effective stepping despite
the intention to walk. It typically occurs during gait initiation (GI) or modulation and may lead to
falls. We studied the anticipatory postural adjustments (imbalance, unloading, and stepping phase)
at GI in 23 patients with Parkinson’s disease (PD) and FOG (PDF), 20 patients with PD and no
previous history of FOG (PDNF), and 23 healthy controls (HCs). Patients performed the task when off
dopaminergic medications. The center of pressure (CoP) displacement and velocity during imbalance
showed significant impairment in both PDNF and PDF, more prominent in the latter patients. Several
measurements were specifically impaired in PDF patients, especially the CoP displacement along the
anteroposterior axis during unloading. The pattern of segmental center of mass (SCoM) movements
did not show differences between groups. The standing postural profile preceding GI did not correlate
with outcome measurements. We have shown impaired motor programming at GI in Parkinsonian
patients. The more prominent deterioration of unloading in PDF patients might suggest impaired
processing and integration of somatosensory information subserving GI. The unaltered temporal
movement sequencing of SCoM might indicate some compensatory cerebellar mechanisms triggering
time-locked models of body mechanics in PD.

Keywords: freezing of gait; gait initiation; Parkinson’s disease; posture; segmental centers of mass;
anthropometric measurement; base of support

1. Introduction

Freezing of gait (FOG) is a dramatic phenomenon frequently affecting patients with
Parkinson’s disease (PD) [1], causing falls, mobility restrictions, and poor quality of
life [2–4]. FOG is defined as a brief, episodic absence or marked reduction of forward
progression of the feet despite the intention to walk [5], which typically occurs when
initiating or modulating gait (e.g., turning, obstacle crossing, and so on).

Gait initiation (GI) is a highly challenging task for the balance control system and is of
particular interest in the study of neural control of upright posture maintenance during
whole-body movement [6]. Specifically, this task allows the precise assessment of antici-
patory postural adjustments (APAs; i.e., muscular synergies that precede GI), aiming to
destabilize the antigravity postural set by shifting the center of pressure (CoP) to generate
a gravitational moment favoring the center of mass (CoM) forward acceleration [7]. APAs
are considered a motor program controlled by feedforward mechanisms regulated by the
supraspinal locomotor network [8–12]. The selection and scaling of appropriate APAs rely
on the ability to use sensory information to determine the body positioning relative to the
environment prior to step execution [13,14] and on the intended forthcoming movement
(natural, slow, fast, obstacle, and so on) [7,15–17]. Striatal dopamine loss, a pathophysi-
ological hallmark of PD, greatly impacts the production of APAs at GI and particularly

71



Bioengineering 2022, 9, 639

the CoP displacement and velocity [12]. Only a few studies have specifically investigated
the GI task in Parkinsonian patients with a history of FOG (PDF), non-implanted for deep
brain stimulation (DBS), and after withdrawal of dopaminergic medication (meds-off state).
The stimulation and medication condition should be carefully considered, as both DBS
and dopaminergic drugs can variably influence posture and gait in PD [12,18–26]. Overall,
these studies showed conflicting results, with APAs being reported as normal [27–29] or
multiple and hypometric [10,30]. Several methodological discrepancies may account for
such different findings, including a non-standardized meds-off state [27], imposed (pre-
defined) feet positioning [29], cueing [10,29,30], and specific instructions on the execution
of the GI task (e.g., to start walking as quickly as possible [30,31] or while performing a
cognitive task [28]). All of these factors can significantly impact and alter APA expression
at GI. Specifically, a cued start signal influences motor programming towards normaliza-
tion, especially in PDF [9,18], similar to the improvements seen with the administration of
levodopa for self-generated step initiation [18]. Moreover, the initial feet position [12,22,32]
and posture [33–35] can significantly impact the biomechanical features of APAs at GI.

Postural changes in particular would have a detrimental impact on APA production.
An altered representation of the body position (egocentric representation) may determine a
functional re-organization of the supplementary motor area (SMA)-proper, hampering se-
lection and re-scaling of APAs to adapt to the altered postural framework and bradykinetic
stepping [33,34,36–38].

Our study aims to describe GI alteration in patients with PD and FOG, accounting for
the influence of anthropometric measurements (AMs) and the base of support (BoS) and
investigating their relationship with the initial posture. We have also addressed the relative
timing and movement sequence of each body segment subserving GI.

2. Materials and Methods
2.1. Subjects

We recruited 23 patients with idiopathic PD (according to the U.K. Brain Bank criteria)
and an unambiguous, previous history of FOG (PDF; i.e., patients reporting episodes of
FOG on a daily basis prior to the experiment). On the day of the experiment, the presence
of FOG was confirmed with a clinical evaluation by an experienced neurologist (I.U.I.).
In addition, 20 patients with PD and no previous history of FOG (PDNF) and 23 healthy
controls (HCs) were also included. HCs and PDNF patients were chosen to match in terms
of demographic and clinical data with the PDF group. Subjects with neurological diseases
other than PD, including cognitive decline (i.e., Mini-Mental State Examination score < 27),
vestibular disorders, and orthopedic impairments that could interfere with gait were excluded.
Disease severity was evaluated with the Unified Parkinson’s Disease Rating Scale motor part
(UPDRS-III).

2.2. Experimental Protocol

Patients were investigated in practical meds-off state, i.e., in the morning after overnight
withdrawal (>12 h) of all dopaminergic drugs.

Kinematic data were recorded using an optoelectronic system with six cameras (sam-
pling rate 60 Hz, SMART 1.10, BTS, Garbagnate Milanese, Italy) and a set of 29 markers
placed on anatomical landmarks (temples, acromions, lateral humeral condyles, ulnar
styloids, anterior superior iliac spines, middle thighs, lateral femoral condyles, fibula heads,
tibial anterior side, lateral malleoli, Achilles tendon insertion, fifth metatarsal heads, hal-
luxes, the seventh cervical vertebra [C7], point of maximum kyphosis, and middle point
between the posterior superior iliac spines) [39,40]. Eight additional technical markers were
placed on the trochanters, the medial condyles, the medial malleoli, and the first metatarsi
for a short calibration trial, which allowed the computation of the AMs and BoS measure-
ments [11,12,41]. Markers traces were filtered with a fifth-order lowpass Butterworth filter
(cut-off frequency: 10 Hz [41]). Dynamic measurements were recorded with a force plate
working at a sampling rate of 960 Hz (KISTLER 9286A, Winterthur, Switzerland). The
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resulting signal was low-pass filtered (fifth-order lowpass Butterworth filter) with a cut-off
frequency of 30 Hz [11,42].

At the beginning of each trial, subjects stood upright on the force platform at a
comfortable stance position for about 30 s. The initial stance position was not standardized
to prevent modification of the subject’s usual motor strategy to initiate gait [12].

Participants were instructed to start walking after a self-selected period from a verbal
signal, in order to avoid any effect of cueing on GI. The instruction given was as follows:
“Start walking at the moment of your choice”. Subjects were not instructed on the stepping
leg to use and they moved at their own pace until the end of the walkway. After a
training session, at least three consecutive trials were recorded. The principal investigator
supervised all participants during the experiment.

2.3. Biomechanical Measurements

2.3.1. Anthropometric Measurements and Base of Support

For each subject, we measured the following AMs (Table 1): body height, inter anterior-
superior iliac spine distance, limb length, foot length, body mass, and body mass index.
The AMs were recorded over a period of 5 s of standing using eight additional markers, as
described in [12]. The AMs were used for the estimation of the CoM of each body segment
(SCoM), according to the anthropometric tables and regression equations proposed by [43].
For each trial, the BoS area and BoS width were calculated. We also accounted for feet
position asymmetry by measuring the foot alignment, the difference between feet extra-
rotation angles, and the BoS opening angle [11,12].

Table 1. Biomechanical measurements. Abbreviations: AP, anteroposterior; C7, seventh cervical
vertebra; CoM, center of mass; CoP, center of pressure; ML, mediolateral; PSIS, posterior superior
iliac spine.

Description Decomposition

Anthropometric measurements (AMs)

Body Height [BH] (cm)
Inter Anterior Superior Iliac Spine Distance [IAD] (cm)
Limb Length [LL] (cm)
Foot Length [FL] (cm)
Body Mass [BM] (kg)
Body Mass Index [BMI] (kg/cm2)

Base of support (BoS)

BoS Area (cm2): area of the polygon described by the markers placed on the heels, the lateral malleoli, the fifth
metatarsal bones, and the hallux
BoS Width (cm): distance between the ankle joint centers, estimated as the mid points between the lateral and
medial malleoli
Foot Alignment (cm): AP distance between the two markers placed on the heels
β∆: Difference between the left (βL) and right (βR) feet extra-rotation angles (angles between the axis passing
through the lateral and medial malleoli and the horizontal axis of the reference system of the laboratory) (◦)
β: BoS opening angle, sum of βL and βR (◦)

Postural angles

Angle between the line connecting the markers on the middle point between the PSIS and the C7 and the
laboratory vertical axis (◦)
Angle between the line connecting the knee and hip centers of rotation and the laboratory vertical axis (◦)
Angle between the line connecting the knee and ankle centers of rotation and the laboratory vertical axis (◦)
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Table 1. Cont.

Description Decomposition

GI measurements—Imbalance (IMB)

IMB duration (s)
IMB CoP displacement (mm) AP, ML
IMB CoP average velocity (mm/s) AP, ML
IMB CoP maximal velocity (mm/s) AP, ML
CoM velocity at IMB end (m/s)
CoM acceleration at IMB end (m/s2)
CoP–CoM distance at IMB end (m)
Orientation of CoP–CoM vector with respect to the progression line at IMB end (◦)

GI measurements—Unloading (UNL)

CoP distance from the line passing through the markers on the heels at swing heel off (mm) AP
UNL duration (s)
UNL CoP displacement (mm) AP, ML
UNL CoP average velocity (mm/s) AP, ML
UNL CoP maximal velocity (mm/s) AP, ML
CoM velocity at UNL end (m/s)
CoM acceleration at UNL end (m/s2)
CoP–CoM distance at UNL end (m)
Slope of CoP–CoM vector at UNL end (◦)

GI measurements—Stepping phase

CoP distance from the line passing through the markers on the heels at the swing foot toe-off (mm) AP
CoM velocity at stance foot toe-off (m/s)
CoM acceleration at stance foot toe-off (m/s2)
CoP–CoM distance at stance toe-off (m)
First step length (m)
First step average velocity (m/s)
First step maximal velocity (m/s)

2.3.2. Postural Profile

The standing postural profile was characterized by means of trunk, thigh, and shank
sagittal angles (Figure 1) [20] computed shortly before the GI execution (during a 1 s
window before the onset of the APAs). The trunk angle was defined as the inclination of
the line passing through the markers placed on the middle point between the two posterior
superior iliac spines and the seventh cervical vertebra with respect to the vertical axis of
the laboratory. The thigh angle was calculated as the angle between the vector connecting
the knee and hip center of rotation and the vertical axis of the laboratory. The shank angle
was computed between the line connecting the joint centers of the knee and ankle and the
vertical axis of the laboratory.

2.3.3. Anticipatory Postural Adjustments and Gait Initiation

GI variables were defined based on the displacement of the CoP, recorded by the
force platform. The CoM was estimated as the weighted mean of the SCoM [44]. GI
variables were calculated by dedicated algorithms in Matlab ambient (Matlab® R2018b, The
MathWorks Inc., Natick, MA, USA) (as in [11,12]). All GI measurements computed in the
study are listed and described in Table 1. Briefly, four reference instants were automatically
identified on the CoP track and checked by visual inspection using an interactive software:
the onset of the APAs, the heel-off of the swing foot (HOSW), the toe-off of the swing foot
(TOSW), and the toe-off of the stance foot (TOST). The APA onset (APAONSET) was detected
as the instant at which the CoP started moving consistently backward and toward the swing
foot; HOSW was defined as the time at which CoP reached the most lateral position toward
the swing foot; TOSW was defined as the moment at which the CoP shifted from lateral
to anterior motion; and TOST was defined as the last frame of the force platform signal
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(Figure 2). The APAs were divided into two periods: the imbalance phase (IMB), from
APAONSET to HOSW, and the unloading phase (UNL), from HOSW to TOSW [12,20,40,45].
The following measurements were calculated for both the IMB and UNL periods: duration
and anteroposterior and mediolateral CoP displacement, average velocity, and maximal
velocity (Table 1). Of note, the mediolateral CoP displacement during the imbalance phase
was considered positive when the shift of the CoP was towards the swing foot, while
the mediolateral CoP displacement during the unloading phase was considered positive
when the CoP was moving towards the stance foot. The IMB and UNL anteroposterior
CoP displacement were both defined as positive when the CoP movement was oriented
backwards. We additionally defined the stepping phase, from HOSW to the subsequent
heel contact of the swing foot, by means of markers placed on the feet. The first step was
characterized in terms of step length and average and maximal velocity (Table 1). Velocity
and acceleration of the CoM were defined at the end of the IMB and UNL phases and at
the instant of TOST. Additionally, the position of the CoM with respect to the CoP and the
inclination of the vector connecting the two points in the transversal plane were computed
at the end of IMB and UNL and at the TOST (Table 1) [12].

Figure 1. Scheme of the postural angles analyzed in the study. The trunk angle was defined as the
inclination of the line passing through the markers placed on the middle point between the two
posterior superior iliac spines and the seventh cervical vertebra with respect to the vertical axis of the
laboratory. The thigh angle was calculated as the angle between the vector connecting the knee and
hip center of rotation and the vertical axis of the laboratory. The shank angle was computed between
the line connecting the joint centers of the knee and ankle and the vertical axis of the laboratory.

2.3.4. Segmental Centers of Mass

To describe the temporal pattern of segmental movements during GI, we computed the
latency of movement onset of the following 16 SCoM: head, chest, abdomen, pelvis, swing
arm, stance arm, swing forearm, stance forearm, swing hand, stance hand, swing thigh,
stance thigh, swing shank, stance shank, swing foot, and stance foot (similarly to [46]). For
each trial, the movement onset latency of each SCoM was computed as the movement time
from the onset of the APAs and normalized for the total GI time (from APAONSET to the
toe-off of the swing foot). For each subject, we rank-ordered the SCoM onset times and
computed the following for each group: (i) the movement time from APAONSET normalized
for the total GI time and (ii) the relative frequency of each SCoM onset time to appear
as events 1–16 of GI. To improve the readability of the data, we repeated the analysis after
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combining the SCoM into six groups (upper trunk: head and chest; lower trunk: abdomen
and pelvis; swing arm: swing arm, forearm, and hand; stance arm: stance arm, forearm, and
hand; swing leg: swing thigh, shank, and foot; and stance leg: stance thigh, shank, and foot).

2.4. Statistical Analysis

For each subject, all measurements were averaged over GI trials executed with the
same swing foot. Each participant performed at least three GI trials with the same swing
foot. Single trials and average values were inspected and outliers were removed from
further analyses based on the Mahalanobis distance [47,48].

First, we verified matching between groups for demographic, clinic, BoS, and AM
features with a Mann–Whitney U-test (p-value set at 0.05). Before comparing the GI
measurements across groups, we investigated their relationship with the BoS and AMs
with two partial correlation analyses [12]. For each group, we correlated the GI measure-
ments first with the BoS measurements controlling for the AMs, and then with the AMs
controlling for the BoS. In agreement with [11], GI variables that significantly correlated
(Spearman’s ρ > 0.5 and p-value < 0.01) with the BoS in at least one group were excluded
from further analyses. We opted for this conservative approach because the BoS was freely
chosen by the subjects and may have been influenced by both the disease and compensatory
mechanisms. The GI variables that correlated (Spearman’s ρ > 0.5 and p-value < 0.01) with
the AMs were instead corrected by means of the decorrelation normalization technique, as
described by O’Malley [49]. This correction was applicable as AMs were not influenced by
the disease (no patient had camptocormia, skeletal deformities, and so on).

GI variables not dependent on the BoS and decorrelated from the influence of the AMs
were then compared between groups using a Dunn’s test (p-value set at 0.05, adjusted with
Bonferroni correction for multiple comparisons).

We then investigated alterations of the initial postural condition. As for the GI mea-
surements, we assessed the correlation of the AMs and the BoS with the postural angles
with partial correlation analyses (Spearman’s ρ > 0.5 and p-value < 0.01), before comparing
the postural angles across groups (Dunn’s test, p-value set at 0.05, adjusted with Bonferroni
correction for multiple comparisons).

As we found differences in the postural profiles across groups, we investigated
whether altered GI measurements in the PD groups were related to postural changes
rather than to impaired motor programming. We performed a partial correlation anal-
ysis between the GI outcome measurements and the postural angles correcting for the
group variable. We considered a correlation significant when Spearman’s ρ > 0.5 and
p-value < 0.01.

Differences across groups in the SCoM movement onset were analyzed with a Dunn’s
test (p-value < 0.05, adjusted with Bonferroni correction for multiple comparisons).

All statistical analyses, except partial correlation analyses performed in Matlab, were
performed with the JMP package (JMP® Pro 14.0.0, SAS Institute Inc., Cary, NC, USA).

3. Results

Demographic features, AM measurements, and BoS measurements did not signifi-
cantly differ between groups (Table 2). Clinical data were similar between PDNF and PDF
patients (Table 2).

Of note, none of the patients showed freezing episodes during GI recordings. There-
fore, our results define primarily the impact of APA alterations and postural features in
favoring FOG in PD and not a causal correlation with the occurrence of gait freezing
episodes at GI.

3.1. Selection of GI Variables

The BoS did not correlate with most of the biomechanical measures of the IMB and
stepping phases, but did correlate with the UNL. The results are consistent with our previous
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findings [12]. The GI variables that were independent from the BoS are listed in Table 3. The
BoS and the AMs showed no correlations with the trunk, thigh, and shank angles.

Table 2. Demographic, clinical, anthropometric, and base of support features. Data are shown as
mean (standard deviation). No statistically significant difference was found across groups (Mann–
Whitney U-test, p-value set at 0.05). Abbreviations: HC, healthy controls; LEDD, levodopa equivalent
daily dose; PDF, Parkinson’s disease with freezing of gait; PDNF, Parkinson’s disease with no freezing
of gait; UPDRS-III, Unified Parkinson’s Disease Rating scale, part III. Refer to Table 1 for a list of other
abbreviations used.

HC PDNF PDF

Demographic features Gender (males/total) 14/23 (~61%) 10/20 (50%) 14/23 (~61%)
Age (years) 61.17 (4.93) 63.32 (10.76) 63.83 (8.34)

Clinical data

Disease duration (years) (-) 9.26 (3.89) 11.14 (3.47)
Hoen and Yahr (I–V stage) (-) 2.24 (0.42) 2.39 (0.50)
UPDRS-III (0–108 score) (-) 24.81 (9.43) 28.05 (9.96)
LEDD (mg) (-) 741.18 (221.26) 803.70 (358.33)

Anthropometric Measurements

BH (cm) 169.94 (10.53) 167.79 (11.05) 168.09 (11.44)
LL (cm) 88.81 (5.37) 88.23 (7.81) 87.21 (5.84)
FL (cm) 24.93 (1.66) 25.17 (1.58) 24.59 (1.65)
BM (kg) 72.28 (11.11) 66.36 (13.01) 72.02 (14.83)
BMI (kg/cm2) 24.59 (3.02) 23.00 (3.99) 24.89 (5.18)
IAD (cm) 27.76 (2.35) 27.89 (2.53) 27.42 (3.40)

Base of Support

BoS area (cm2) 685.24 (91.56) 668.18 (75.19) 651.85 (114.90)
BoS width (cm) 17.64 (4.10) 16.26 (2.78) 15.67 (2.59)
Foot alignment (cm) 6.57 (3.36) 8.37 (4.54) 6.92 (3.76)
Angle difference β∆ (◦) 6.66 (3.29) 4.67 (2.58) 7.75 (4.98)
BoS opening angle β (◦) 40.67 (15.76) 37.25 (14.05) 43.56 (13.92)

Table 3. Gait initiation measurements: comparison between groups. Only biomechanical variables
not correlated with the base of support are listed. Data are shown as mean (standard deviation). The
mediolateral CoP displacement during imbalance and unloading was considered positive when the
shift in the CoP was towards the swing and the stance foot, respectively. The anteroposterior CoP
displacement during imbalance and unloading phase were both defined as positive when the CoP
movement was oriented backwards. Abbreviations: HC, healthy controls; PDF, Parkinson’s disease
with freezing of gait; PDNF, Parkinson’s disease with no freezing of gait; refer to Table 1 for a list of
other acronyms used.

HC PDNF PDF

IMB duration (s) 0.39 (0.08) 0.38 (0.08) 0.33 (0.09)
IMB displacement (mm) 61.23 + (20.32) 35.54 (19.71) 23.67 + (9.94)
IMB displacement ML (mm) 42.07 #,+ (13.04) 24.04 # (13.61) 17.76 + (8.59)
IMB displacement AP (mm) 36.53 + (16.17) 18.79 (14.75) 9.16 + (5.93)
IMB average velocity (mm/s) 163.40 #,+ (62.29) 90.79 # (47.29) 84.03 + (46.81)
IMB average velocity ML (mm/s) 110.94 # (34.90) 62.14 # (34.80) 67.53 (41.47)
IMB average velocity AP (mm/s) 103.36 #,+ (53.78) 47.74 # (34.39) 40.19 + (30.45)
IMB maximal velocity (mm/s) 344.22 #,+ (149.41) 189.88 # (113.54) 150.41 + (64.26)
IMB maximal velocity ML (mm/s) 238.29 #,+ (77.82) 137.25 # (72.76) 124.97 + (56.96)
IMB maximal velocity AP (mm/s) 225.81 + (110.67) 124.78 (65.52) 101.41 + (55.74)
IMB end CoM velocity (m/s) 0.09 + (0.03) 0.06 (0.03) 0.04 + (0.02)
IMB end CoP–CoM distance (m) 0.07 + (0.02) 0.04 (0.02) 0.03 + (0.01)
UNL duration (s) 0.36 (0.08) 0.40 (0.08) 0.45 (0.19)
UNL displacement AP (mm) −9.67 + (15.30) −6.25 * (18.22) 14.69 +,* (14.70)
UNL average velocity (mm/s) 465.61 (162.21) 323.94 (131.02) 320.34 (150.20)
UNL average velocity ML (mm/s) 422.79 (148.96) 289.26 (121.24) 290.67 (140.81)
UNL average velocity AP (mm/s) 53.11 (20.97) 37.29 (17.16) 46.04 (34.21)
UNL maximal velocity AP (mm/s) 344.48 (154.35) 388.76 (169.88) 359.19 (178.76)
UNL end CoM velocity (m/s) 0.21 + (0.06) 0.16 (0.07) 0.11 + (0.04)
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Table 3. Cont.

HC PDNF PDF

UNL end CoM acceleration (m/s2) 1.29 (0.33) 1.08 (0.41) 1.12 (0.25)
UNL end CoP–CoM distance (m) 0.08 (0.03) 0.07 (0.03) 0.07 (0.02)
ST toe-off CoM velocity (m/s) 0.86 #,+ (0.13) 0.63 # (0.24) 0.53 + (0.18)
ST toe-off CoM acceleration (m/s2) 1.73 + (0.38) 1.28 (0.42) 1.08 + (0.33)
ST toe CoP–CoM distance (m) 0.48 (0.32) 0.51 (0.29) 0.34 (0.28)
First step length (m) 0.56 + (0.07) 0.43 (0.14) 0.33 + (0.13)

Dunn’s test, significant p-value after Bonferroni correction: # HC vs. PDNF, + HC vs. PDF, * PDNF vs. PDF.

3.2. Postural Features

The trunk and thigh angles, but not the shank angle, were significantly altered in both
PDNF and PDF patients compared with HCs (Table 4). Parkinsonian patients showed in-
creased forward trunk bending associated with a reduced thigh angle. The trunk was more
flexed in PDF patients than in PDNF patients, although this difference did not reach statistical
significance. The thigh angle showed a negative average value only in the PDF group.

Table 4. Postural angles were computed shortly before the gait initiation execution (during a 1 s
window before the onset of the anticipatory postural adjustments). Data are shown as mean (standard
deviation). Abbreviations: HC, healthy controls; PDF, Parkinson’s disease with freezing of gait; PDNF,
Parkinson’s disease with no freezing of gait.

HC PDNF PDF

Trunk (◦) 4.08 #,+ (2.43) 9.06 # (4.37) 12.58 + (5.65)
Thigh (◦) 6.31 #,+ (2.69) 0.54 # (3.70) −0.48 + (4.00)
Shank (◦) 9.22 (2.93) 10.67 (2.77) 10.95 (2.47)

Dunn’s test, significant p-value after Bonferroni correction: # HC vs. PDNF, + HC vs. PDF.

3.3. Effect of PD and History of FOG on GI

We observed significant alterations in the GI execution in both PDNF and PDF patients,
with the latter group showing overall more severely altered APA measurements (Table 3,
Figure 2).

The CoP displacement and velocity during IMB showed a progressive and significant
reduction from HCs to PDNF to PDF groups along both the mediolateral and anteroposte-
rior axes.

The UNL and stepping phases were also altered in PDNF and PDF patients (Table 3,
Figure 2). Of most relevance, in PDF patients, the anteroposterior displacement of the CoP
during UNL was backwards in most of the trials.

PDF patients had a significantly reduced first step length and both PD groups had a
lower first step average velocity compared with HCs.

The CoM forward propulsion (velocity and acceleration) progressively decreased from
HCs to PDNF to PDF.

ρ

ρ

Figure 2. Two-dimensional center of pressure and center of mass trajectories during gait initiation.
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Example of the pathway of the center of pressure (CoP, grey solid line) and center of mass (CoM,
black dotted line) during a gait initiation trial of one healthy subject (left panel) and one Parkinsonian
patient without (PDNF, central panel) and one patient with (PDF, right panel) a positive history of
freezing of gait. We defined the imbalance (IMB) phase as the interval between the onset of the
APAs (APAONSET) and the heel-off of the swing foot (HOSW), and the unloading phase (UNL) as
the interval between the HOSW and the toe-off of the swing foot (TOSW). The black dashed line
represents the CoP–CoM vector at the end of the unloading (UNL) phase. With respect to healthy
controls, the CoP displacement during the IMB phase was reduced for both PD and PDF patients.
The CoP displacement during the UNL phase was in most cases backwards for the PDF patients only.
Please see Table 3 for further details. Abbreviations: APAs, anticipatory postural adjustments; AP,
anterior–posterior; CoP, center of pressure; HC, healthy controls; HO, heel off; ML, mediolateral; PDF,
Parkinson’s disease with freezing of gait; PDNF, Parkinson’s disease with no freezing of gait; TO, toe-off.

3.4. Relationship between the Standing Postural Profile and the GI

We did not find any significant correlation between the postural angles and the GI
measurements. However, when not correcting for multiple comparisons, the shank angle
was predictive for velocity variables of the IMB phase. The results are shown in Table 5.

Table 5. Correlation between the shank angle and gait initiation measurements. Only significant
partial correlations between postural angles and gait initiation measurements corrected for the
influence of the group variable are shown (Spearman’s ρ, p-value < 0.05). No correlation was
significant after Bonferroni correction for multiple comparisons.

Spearman’s ρ p-Value

Shank (◦)
IMB average velocity (mm/s) 0.32 0.014
IMB average velocity AP (mm/s) 0.31 0.016
IMB maximal velocity AP (mm/s) 0.38 0.003

3.5. Pattern of Movements during GI

The overall pattern of segmental movements during GI did not show clear differences
between groups (Tables 6 and 7). However, PDF showed shorter times of movement
onset for almost all ranked segments (Table 7), possibly suggesting tight inter-segmental
coupling [50]. All groups started preferably with the swing or stance arm, especially the
swing hand for HCs and PDNF and the stance hand for PDF (Figures S1 and S2). The
abdomen was often the last body segment moved by HCs and PDNF, but not by PDF
(Figure S1). Of note, we observed a remarkable inter-subject variability of SCoM onset
times, especially for PD, as shown by the high value of the standard deviation (Table 6) and
the large dispersion of the temporal order of SCoM movement onsets (Figure S1), which
probably prevented us from capturing statistically significant differences.

Table 6. Onset of segmental movements at gait initiation. Data are shown as mean (standard devia-
tion). Time of movement onset of each segmental center of mass was expressed as the percentage with
respect to total gait initiation duration (i.e., from the onset of the anticipatory postural adjustments
to the heel contact of the swing foot) and compared across groups (Dunn’s test, no difference was
significant after Bonferroni correction for multiple comparisons). Abbreviations: HC, healthy controls;
PDF, Parkinson’s disease with freezing of gait; PDNF, Parkinson’s disease with no freezing of gait; ST:
stance limb; SW: swing limb.

Segmental Center of Mass HC PDNF PDF

Pelvis (%) 60.62 (9.27) 62.47 (13.74) 62.66 (21.69)
Thigh ST (%) 65.76 (10.75) 71.72 (20.13) 63.39 (19.97)
Shank ST (%) 71.17 (14.36) 68.57 (19.98) 65.73 (21.95)
Foot ST (%) 68.37 (10.46) 77.24 (22.53) 65.02 (22.87)
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Table 6. Cont.

Segmental Center of Mass HC PDNF PDF

Thigh SW (%) 62.67 (9.23) 64.75 (15.47) 55.85 (18.80)
Shank SW (%) 74.21 (13.85) 75.35 (24.26) 67.26 (19.36)
Foot SW (%) 69.15 (15.41) 64.63 (16.55) 59.20 (19.86)
Chest (%) 73.48 (14.29) 74.47 (26.12) 69.22 (19.85)
Abdomen (%) 79.50 (13.87) 81.57 (25.30) 57.88 (20.58)
Arm ST (%) 55.49 (18.27) 65.80 (26.63) 54.17 (19.98)
Arm SW (%) 62.71 (9.34) 65.08 (13.49) 56.57 (17.72)
Forearm ST (%) 38.98 (12.65) 53.73 (24.00) 39.40 (12.69)
Forearm SW (%) 51.34 (11.80) 62.57 (13.59) 47.26 (13.34)
Hand ST (%) 44.37 (19.82) 49.64 (21.32) 41.99 (30.95)
Hand SW (%) 34.36 (13.06) 46.93 (19.96) 47.71 (16.69)
Head (%) 54.33 (11.81) 58.15 (14.06) 60.06 (18.41)

Table 7. Onset of rank-ordered segmental movements at gait initiation. Data are shown as mean (stan-
dard deviation). Time of movement onset of rank-ordered segmental centers of mass was expressed
as the percentage with respect to total gait initiation duration (i.e., from the onset of the anticipatory
postural adjustments to the heel contact of the swing foot) and compared across groups (Dunn’s test,
no difference was significant after Bonferroni correction for multiple comparisons). Abbreviations:
HC, healthy controls; PDF, Parkinson’s disease with freezing of gait; PDNF, Parkinson’s disease with
no freezing of gait.

Rank-Ordered Segmental Center of Mass HC PDNF PDF

1st segment (%) 27.88 (10.66) 35.42 (13.61) 26.51 (11.98)
2nd segment (%) 36.33 (10.40) 45.51 (15.10) 34.90 (13.48)
3rd segment (%) 42.62 (9.68) 50.70 (14.76) 41.43 (12.61)
4th segment (%) 46.70 (8.60) 54.47 (14.37) 44.29 (13.88)
5th segment (%) 50.58 (8.32) 57.41 (12.53) 46.68 (14.44)
6th segment (%) 54.40 (6.50) 59.49 (13.25) 49.54 (15.11)
7th segment (%) 57.49 (6.79) 61.70 (14.11) 51.87 (14.85)
8th segment (%) 59.71 (7.51) 64.81 (15.85) 54.13 (15.05)
9th segment (%) 61.31 (8.04) 66.18 (16.05) 55.93 (15.08)
10th segment (%) 62.94 (7.84) 67.59 (16.18) 58.10 (14.84)
11th segment (%) 65.75 (9.10) 68.86 (16.49) 60.79 (14.94)
12th segment (%) 67.89 (9.02) 70.65 (17.45) 62.66 (15.16)
13th segment (%) 70.64 (10.11) 72.32 (18.32) 65.83 (14.82)
14th segment (%) 73.91 (10.70) 74.85 (19.26) 68.93 (16.35)
15th segment (%) 78.42 (11.79) 78.81 (21.00) 74.20 (15.35)
16th segment (%) 84.95 (11.99) 83.19 (23.21) 82.42 (18.88)

4. Discussion

This study aimed to evaluate the specific biomechanical alterations of APAs at GI in
PD patients with a positive history of FOG, accounting for known confounders such as
medication condition, anthropometric measurements, base of support, and initial stance
posture. The CoP displacement and velocity during the imbalance phase were altered
in both PDNF and PDF patients, but more prominently in the latter group. The CoP
displacement along the anteroposterior axis during the unloading phase was impaired only
in PDF patients. The order of SCoM movements was unaltered in the two patient groups.
The postural profile did not correlate with GI outcome measurements.

Our findings are in line with previous studies in PD that showed an impairment in
APAs’ production at GI [20,51]. However, a direct comparison with earlier works is limited
because we aimed to minimize possible bias from cueing or imposed postural constraints
that are known to affect the execution of the GI task [9,11,12,18,22,52–54].

We have now shown that there is a profound alteration of APA execution in PDF
patients, which cannot be attributed to specific demographic or clinical features (such as
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disease severity and duration, medication dose, and efficacy) as the patient groups were
matched for all of these features [55].

The IMB phase of APA execution was significantly altered in all PD patients, par-
ticularly in PDF (Table 3). Increasing evidence suggests that this GI phase is governed
by centrally mediated feedforward signals and involves the cortico-basal ganglia loop,
with the SMA-proper and the striatum chiefly contributing to the execution of these pre-
programmed movements [6,8,9,11,12,56–60]. In PD, we have previously shown a detri-
mental effect of striatal dopamine loss in the IMB execution at GI [12]. Recent studies in
Parkinsonian patients suggested that striatal dopamine may in part enable normal move-
ment by encoding sensitivity to the energy cost of a movement [61–64]. Therefore, from the
perspective of motor planning, especially of patterned and consolidated motor actions such
as APAs, a reduced tonic dopaminergic activity could reframe the coding of the expected
energetic costs and impair motor control [63].

In our study, we also showed a prominent alteration in the AP displacement of the
CoP during the UNL phase in PDF patients. We interpret this result as a possible alteration,
mainly of PDF patients, in the processing and integration of somatosensory information
prior to stepping [6,14,65,66]. A chief contribution to integrate proprioceptive and voluntary
components for a proper weight transfer during GI can be expected from the premotor–
parietal–cerebellar loop [14,58,67–71]. An impaired ability to inhibit stance postural control
and initiate stepping and poor set-shifting is also included in pathophysiological hypotheses
of FOG in PD [5,10,57,72–77].

Despite impaired APA execution, the sequencing of the movement did not show major
alterations in the PD groups. We speculate that additional inputs from the cerebellum could
overcome impaired information processing by favoring internal movement timing [78]. The
efficacy of an online compensatory role of the cerebellum [70,78] is suggested in our study
by the relatively preserved SCoM temporal movement sequencing [79], which could have
also prevented the appearance of any gait freezing episode during our acquisitions. Relative
timing of segmental movements was also described as unaltered in patients with PD by
Rosin and colleagues (1997), further suggesting a compensatory rather than detrimental role
of the cerebellum in Parkinsonian patients with FOG and balance disturbances [60,78,80].
Of relevance, the high variability in the SCoM movement onsets might have prevented
us from detecting differences across groups. Further studies with larger cohorts might
further explore this aspect to definitively rule out the presence of PD-related alterations in
the movement sequencing.

We envisioned a significant impact of postural abnormalities on GI in PD, but our
results did not support this hypothesis. Interestingly, our findings instead confirmed
previous physiological studies reporting no correlation between APA execution at GI and
the natural inclination of the trunk [33] or of a forward leaning up to 30% of the maximum
voluntary lean [35].

Our study suffers from some limitations. First, although we reduced as much as possi-
ble the influence of known confounders (i.e., initial feet position and posture, anthropo-
metric parameters, and cues), we cannot fully exclude a residual influence of Parkinsonian
symptoms such as bradykinesia and rigidity on the task performance [37]. However, in
our previous work [12], we showed that levodopa intake, by improving bradykinesia and
rigidity, increases the length and speed of the first step at GI, but does not affect the AP shift
during UNL. We can thus hypothesize that the alterations in AP displacement during UNL
in the PDF group are not related to akinetic-rigid symptoms, but to impairment of the motor
program itself. Future studies are needed to better clarify this aspect. Second, the limited
sample size and very stringent statistics may have limited the detection of differences
between groups (e.g., SCoM onset times). Third, the lack of a brain imaging evaluation in
this study prevents any firm conclusions about our pathophysiological interpretation of
the kinematic and dynamic findings, but they match well with the brain metabolic activity
changes [66,68] and network derangements [81–84] described during actual gait and gait
freezing episodes in Parkinsonian patients.
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In conclusion, our data demonstrate substantial impairment of feedforward motor
programming mechanisms at GI in Parkinsonian patients. The deterioration of the UNL
and stepping in PDF patients would suggest an additional impaired integration of postural
and locomotor programs subserving gait initiation and modulation, which might be partly
compensated by cerebellar mechanisms triggering time-locked models of body movement.
Postural alterations seem to play a minor role in GI impairment in patients with PD.
Last, but not least, our results suggest the potential clinical utility of recording the CoP
displacement during GI, and particularly its AP shift during the UNL to identify patients
at risk of FOG and to monitor the efficacy of therapeutic strategies. Future longitudinal
studies may support this assumption.
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Abstract: Background: Changes in physical shape and body mass during pregnancy may increase
the risk of walking falls. Shoes can protect and enhance the inherent function of the foot, helping
to maintain dynamic and static stability. Methods: Sixteen women during the third trimester of
pregnancy participated in this study to investigate the effect of negative heel shoes (NHS), positive
heel shoes (PHS), and normal shoes (NS) on spatiotemporal parameters, ground reaction force (GRF),
and stability. Differences in spatiotemporal parameter, GRF, and center of pressure (COP) between
footwear conditions were examined using Statistical Parametric Mapping (SPM) and repeated mea-
sures analyses of variance (ANOVA). Results: The walking speed and step length increased with the
increase in heel-toe drop. The anterior-posterior (AP)-COP in NHS decreased significantly (p < 0.001).
When wearing NHS, peak posterior angles were significantly lower than NS and PHS (p < 0.05). Con-
clusions: The results show that changing the heel-toe drop can significantly affect the gait pattern of
pregnant women. Understanding the gait patterns of pregnant women wearing shoes with different
heel-toe drops is very important for reducing the risk of injury and equipment design.

Keywords: negative heel shoes; positive heel shoes; gait; pregnant women; OpenSim; IDEEA

1. Introduction

Pregnancy induces tremendous changes in the body to accommodate a growing
fetus [1]. During pregnancy, hormonal, anatomical, and physiological changes occur in the
female body. These changes due to pregnancy include mass redistribution, an anterior shift
in the center of gravity location, and increased joint and ligament flexibility [2–6]. These
changes during pregnancy can cause physical pain and an increased risk of falls, especially
in the third trimester [4,7]. During pregnancy, nearly a quarter of employed women sustain
a fall [8]. This fall may result in musculoskeletal injury and maternal or fetal death [9–11].

Walking is the most commonly chosen type of physical activity during pregnancy [12].
The gait parameters, balance, and center of mass of pregnant women changes during
walking and leads to a higher risk of falling [1,6,13,14]. The rate of falls during preg-
nancy is similar to that of women over 65 [6,8]. A decreased step length and cadence,
increased base of support, and longer double support time are seen with the progression of
pregnancy [15,16]; these changes provide a safer and more exploratory way for pregnant
women to walk. However, results point toward excessive deviations from the optimal ha-
bitual spatiotemporal gait pattern as a pivotal factor that may contribute to falls in pregnant
women [16]. Mei et al. studied pregnant women’s gait biomechanics, which revealed lower
limb kinematic and foot pressure alterations, and found that mean pressure in the forefoot
increased. The center of pressure (COP) trajectory highlights a fall risk, particularly in the
third trimester [4]. To improve their walking stability, pregnant women often use specially
designed products, such as daily wearing shoes.
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Shoes can protect and enhance the inherent function of the foot, helping to maintain
dynamic and static stability [17,18]. Many previous studies have focused on changing the
shape and materials of a shoe sole to reduce pregnant women’s foot discomfort [19,20].
Jang et al. designed balanced incline shoes [21] and reported that the balanced incline shoes
corrected the postures and stabilized the gait pattern.

Research about the effects of different heel-toe drop shoes on pregnant gait parameters
is lacking. Heel-toe drop is the height difference between the heel and the forefoot of
the shoe [22]. In positive heel shoes (PHS; Table 1 includes a description of abbreviations
and acronyms used), the heel is higher than the toe part. In contrast, in the negative heel
shoe (NHS), the toe part is higher than the heel [23]. Advocates of shoes with negative
inclination believe that negative heel inclination decreases lumbar lordosis, causing the
center of gravity to shift backwards [24,25]. As a result, back and hip pain can noticeably
be reduced [19]. However, the American College of Obstetricians and Gynecologists
(ACOG) recommends wearing positive heel shoes (PHS) to relieve back pain during
pregnancy [26]. However, few studies have investigated the effect of different heel-toe
drops on spatiotemporal parameters, ground reaction force (GRF), and the dynamic balance
in the third trimester of pregnancy. It is necessary to know the effects of the different heel-toe
drops to design maternity shoes and keep pregnant women healthy.

Table 1. List of abbreviations and acronyms used in this article.

Abbreviation Explanation

PHS Positive Heel Shoes
NHS Negative Heel Shoes
NS Normal Shoes

SPM Statistical Parametric Mapping
ANOVA Analyses of Variance
ACOG American College of Obstetricians and Gynecologists

GRF Ground Reaction Force
COP Center of Pressure
AP Anterior-Posterior
ML Medial-Lateral

This study aimed to use a musculoskeletal simulation and Statistical Parametric Map-
ping (SPM)-based approach to investigate the effect of different heel-toe drops (negative
1.5 cm, 0 cm, positive 1.5 cm) on the spatiotemporal parameter, GRF, and dynamic balance
during the third trimester of pregnancy. The results can provide a theoretical basis and
ideas for the design of shoes for pregnant women in the third trimester.

2. Materials and Methods
2.1. Participants

Sixteen healthy third-trimester primigravid pregnant women (age: 28.4 ± 2.30 years
and height: 1.63± 0.04 m and trimester: 33.43± 3.37 w) participated in the study. Exclusion
criteria included the following medical conditions: lupus, rheumatoid arthritis, gestational
diabetes mellitus, hypertension, musculoskeletal or neurologic abnormalities, and any
other conditions affecting postural stability [5]. All participants understood the purpose
and significance of the research and signed an informed consent form. This study with
detailed guidelines for participants’ safety and experiment protocols was approved by the
Human Ethics Committee of Ningbo University.

2.2. Shoe Conditions

All participants conducted this study in shoes with a NHS, normal shoes (NS), and
PHS (Figure 1b). The NS were commercially available walking shoes. The NHS and the
PHS were self-fabricated based on the NS in our laboratory. For the three conditions, the
shoes were identical models and designs in the upper and outsole.
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Figure 1. (a) Marking point paste location. (b) Experimental process, IDEEA position, and shoe con-
ditions between NHS (negative 1.5 cm drop), NS (no drop), and PHS (1.5 cm drop). (c) Diagrammatic
illustration of COM-COP inclination angles.

2.3. Testing Procedure

All participants walked with IDEEA (IDEEA, MiniSun, Fresno, CA, USA) on a 6.5 m
walkway at their self-selected comfortable speed to present normal gait characters, striking
their right foot on the force plate. Sensors were connected to a 32 Hz main recorder.
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Previous studies have shown the reliability of IDEEA in measuring gait parameters [27–29].
Each footwear condition was collected with three successful trials for analysis. At the same
time, an eight-camera Vicon motion capture system (Vicon Metrics Ltd., Oxford, UK) was
used to capture the motion trajectory. The embedded AMTI force plates (AMTI, Watertown,
MA, USA) recorded the GRF synchronously, with 200 Hz and 1000 Hz, respectively, as
shown in Figure 1b. The camera system was calibrated to residual errors of 2.5 mm over a
recording volume of approximately 6.5 m × 1.5 m × 1.80 m (L ×W × H). The force plate
was embedded in the middle of a 6.5-m walkway and covered with floor tiles to minimize
participants’ awareness of its presence. The original gait-2392 model in OpenSim was used
for this study, with 23 degrees of freedom and 92 muscles (Figure 1a) [30].

2.4. Data Processing

Gait analyses were performed using a wearable intelligent analyzer (IDEEA, MiniSun,
Fresno, CA, USA) equipped with accelerometers and gyroscopes, as shown in Figure 1b.
The wearable intelligent analyzer consists of the main recorder and two secondary recorders.
The gait data were collected and transmitted to the main recorder by the sensor affixed to
the subject; each accelerometer used a proprietary algorithm [31]. The IDEEA was easy to
wear and had almost no interference with normal walking. After the data acquisition was
completed, the data were saved in the main recorder and downloaded to the computer.
IDEEA Version 3.01 (IDEEA3, MiniSun, Fresno, CA, USA) was used for analysis [27].
The software equipped with the equipment can intercept the range of gait data needed
and process it, and directly output walking speed, step frequency, stride length, and
support time.

According to Winter’s [32] description of the selected frequency for filtering biome-
chanical signals, the residual data analysis was carried out in subsets to determine the
most appropriate signal-to-noise ratio. Marker trajectories and ground reaction forces were
filtered by a zero-delay fourth-order Butterworth low-pass filter at 12 Hz and 30 Hz. A
threshold of 20 N on the vertical GRF was applied to identify the initial foot contact and
toe-off [33]. The magnitudes of each GRF component were normalized to the percentage of
the participant’s body weight, and the stance phase of each participant was normalized to
100% of their stance phase’s duration [34]. The musculoskeletal model used was the generic
OpenSim model Gait 2392 (Figure 1a), which has 23 degrees of freedom and 92 muscles [30]
and calculates the center of mass (COM) in OpenSim.

2.5. Outcome Measures

The parameters evaluated in the study were: (1) Walking speed (m/s): the distance
walked along the walkway per second. (2) Step frequency (steps/min): the number of
steps per minute. (3) Stride length (m): the distance from one heel to the same heel
touching the ground again during walking. (4) Double support time/single support time
(%): double support time refers to the time taken by the use of biped support in a gait
cycle, and single support time refers to the time spent using single foot support in a gait
cycle. Double support time/single support time reflects the stability of the participants
when walking, where the lower the ratio, the better the stability of the participants [27].
(5) Three-dimensional ground reaction forces (3D-GRF): GRF supports the body against
gravity and accelerates the center of mass during walking. GRF is included in the vertical,
anterior–posterior, and medial–lateral directions recorded from a three-dimensional force
plate [35,36]. (6) The range of COP motion, including the medial–lateral range of the COP
(ML-COP) and anterior–posterior range of the COP (AP-COP), were derived and averaged
for all participants. (7) Center of mass (COM) and center of pressure (COP) inclination
angles: we defined COM-COP inclination angles as the angle formed by the intersection of
the line connecting the COP and COM with a vertical line through the COP [37], as shown
in Figure 1c.
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2.6. Data Analysis

Statistical analyses were performed using SPSS 16.0 (SPSS, Chicago, IL, USA) statis-
tical analysis software. One-way repeated-measures analysis of variance (ANOVA) was
performed to analyze the effects of different conditions on spatiotemporal parameters
and peak COM-COP inclination angles. In the event of a significant main effect, post-hoc
pairwise comparisons were conducted on all significant main effects, using a Bonferroni
adjustment. Statistical parametric mapping based on the SPM1D package for Matlab
(Mathworks, Natick, MA, USA) was used to compare the 3D GRF and COP statistically. In
agreement with Patakt et al., SPM was implemented hierarchically, analogous to one-way
repeated measures ANOVA (SPM F) with a post-hoc paired t-test [38]. The conditions NS
vs. NHS, NS vs. PHS, and PHS vs. NHS were chosen to compare the 3D-GRF and COP
waveforms [39,40]. The significance level was set at 0.05.

3. Results
3.1. Gait Spatiotemporal Parameters

Significant main effects were found for stride length and walking speed (Table 2).
Post-hoc tests revealed significantly higher stride length for PHS compared with NHS.
Furthermore, post-hoc tests revealed significantly lower walking speed for NHS when
compared with NS and PHS. No significant differences were found in step frequency and
double support time/single support time.

Table 2. Mean values, standard deviations, and results of the repeated measures ANOVA for
spatiotemporal parameters.

Indexes (Unit) NHS (Mean ± SD) NS (Mean ± SD) PHS (Mean ± SD) F p

Stride length (m) 0.99 ± 0.08 c 1.05 ± 0.07 1.11 ± 0.03 a 10.24 <0.001
Walking speed (m/s) 0.76 ± 0.11 bc 0.83 ± 0.16 a 0.90 ± 0.08 b 5.97 <0.001

Step frequency (step/s) 1.48 ± 0.13 1.56 ± 0.21 1.56 ± 0.14 1.51 0.25
Double support time/single

support time (%)
0.32 ± 0.01 0.32 ± 0.02 0.31 ± 0.01 2.02 0.16

Note: NHS: negative heel shoes, NH: normal shoes, PHS: positive heel shoes. Post-hoc significant differences are
marked with a (vs. NHS), b (vs. NS), c (vs. PHS).

3.2. GRF

SPM analysis with repeated measures ANOVA revealed a significant difference be-
tween shoe conditions in GRF (Figure 2). Post-hoc analysis shows the NHS’s AP-GRF was
smaller than NS at 77.1–90.3% and 94.6–100% of the stance phase (p < 0.001). The AP-GRF
of NHS was smaller than PHS and was significant at 25–33.3%, 82.0–90.3%, and 94.6–100%
of the stance phase (p < 0.001).

The post-hoc analysis results showed that the ML-GRF of NS was significantly
larger than PNS during the stance phase (14.5–17.7%; 71.9–82.6%) (p < 0.001). At the
1.3–9.4% stance phases, the ML-GRF of NS was significantly more significant than the
NHS (p < 0.001). At 1.3–4.6% and 8.8–10.3% of the stance phase, the ML-GRF PHS was
significantly greater than NHS (p < 0.05).

The post-hoc analysis results showed that the vertical GRF of NHS in the third trimester
of pregnancy was significantly larger than NS during the gait stance phase (91.8–100%)
(p < 0.001). At 66.3–72.4% of the stance phase, PHS was significantly lower than the NS
(p < 0.001). The vertical GRF of NHS was larger than that of PHS during 40–44%, 61–71.5%,
and 92.5–100% of the stance phase (p < 0.001).
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Figure 2. Ground reaction forces in anterior–posterior, medial–lateral and vertical directions (mean
and SD) between NHS, NS, and PHS. The grey areas indicate significant differences between condi-
tions, followed by the time-dependent F-values of the SPM. Colored bars beneath each plot indicate
significant differences between waveforms, whereas the red, blue, and black bars represent significant
differences for NS vs. NHS, NHS vs. PHS, and NS vs. PHS, respectively.

3.3. COP Trajectory

As shown in Figure 3, the results showed no difference in ML-COP between NHS,
NS, and PHS. For AP-COP, there was a main effect. Post-hoc analysis showed that NHS
demonstrated a significantly smaller range of AP-COP in NHS vs. NS for 19–90.5% and
93–100% of the stance phase. At 14.5–53.1%, 68.5–90% and 93.5–100% of the stance phase,
the NHS posterior COP was significantly smaller than PHS (p < 0.05).

3.4. COM-COP Inclination Angles

No significant differences were found in step peak medial angles and peak anterior
angles. Significant main effects were found for peak posterior angles (Table 3). Post-
hoc tests revealed significantly lower peak posterior angles for NHS compared with NS
and PHS.

Table 3. Mean values, standard deviations, and results of the repeated measures ANOVA for peak
COM-COP inclination angle.

Indexes (Unit) NHS (Mean ± SD) NS (Mean ± SD) PHS (Mean ± SD) F p

Peak medial angles (◦) 3.28 ± 0.91 3.38 ± 0.70 3.14 ± 0.48 0.35 0.71
Peak anterior angles (◦) 16.00 ± 1.79 15.90 ± 3.31 17.00 ± 1.61 1.22 0.30
Peak posterior angles (◦) 12.82 ± 2.61 bc 15.22 ± 2.18 a 14.53 ± 1.72 a 16.52 <0.01

Note: NHS: negative heel shoes, NH: normal shoes, PHS: positive heel shoes. Post-hoc significant differences are
marked with a (vs. NHS), b (vs. NS), and c (vs. PHS).

92



Bioengineering 2022, 9, 241

Figure 3. Mean cop trajectories in the x-time and y-time planes. The grey areas indicate significant
differences between conditions, followed by the time-dependent F-values of the SPM. Colored bars
beneath each plot indicate significant differences between waveforms, whereas the red, blue, and black
bars represent significant differences for NS vs. NHS, NHS vs. PHS, and NS vs. PHS, respectively.

4. Discussion

The primary purpose of this study was to investigate the differences in gait spatiotem-
poral parameters, 3D-GRF, and COP of the condition of NHS, NS, and PHS in the third
trimester of pregnancy. Compared with PHS and NS, pregnant women wearing NHS
showed a more stable gait posture in the anterior–posterior direction, with slower walking
speed and smaller peak posterior COM-COP inclination angles.

4.1. Gait Spatiotemporal Parameters

Gait parameters changed with different heel heights of shoes [41]. Although studies
have shown that 2/3 of falls during pregnancy occur due to smooth surfaces, sudden
acceleration, or moving objects [6,8], gait changes caused by pregnancy are still one of the
critical causes of falls in pregnant women [16]. Therefore, it is necessary to understand the
influence of shoes with different heels on the gait spatiotemporal parameters of pregnant
women in the third trimester.

This study found that participants wearing NHS showed decreased stride length
and speed compared to PHS. Similar to our results, Benz (1998) reported that the NHS’s
walking speed was significantly reduced due to a shorter stride length combined with
an increased cadence [42]. Li et al. reported that walking with NHSs induced the upper
body to tilt backward, which may have caused a disadvantage in the propulsion phase
compared to walking with normal shoes [41]. This may be the reason for the decrease in
stride length. PHS moved the center of gravity forward, and the forward tilt of the trunk
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assisted in moving the center of gravity outside the support area. There is more motivation
during the duration of take-off [43,44], which may be the reason for the difference in stride
length between NHS and PHS. Previous studies found that the habitual gait in the third
trimester of pregnancy is characterized by slower speed and shorter step length, which
may be caused by slow gait strategies [16]. Taking a shorter step during pregnancy reduced
the gait’s energy consumption and increased the gait’s stability [16]. This change in stride
length and speed may lead to changes in other gait parameters and may help increase gait
stability in pregnant women. On the other hand, the decreased stride length may be due
to unfamiliarity with NHS, which leads to anxiety about falls and a more conservative or
unstable gait [16,45–47].

4.2. GRF

Ground reaction force (GRF), which can measure braking and propulsive forces during
gait, is a summation of forces produced by all body segments [48]. Increases in magnitude
and variability of the peaks of GRF during the weight acceptance and push-off phases are to
be found in people with unstable locomotion [48]. Our result found that different heel-toe
drops have no significant effect on the first and second peaks of vertical GRF. Therefore, it
is reasonable to speculate that wearing NHS, NS, and PHS has little effect on the walking
stability of pregnant women in the third trimester.

The results showed no significant change in the ML-GRF during the stance phase,
except in the early stance phase, the ML-GRF of NHS was significantly smaller than PHS
and NS. Previous studies have shown that in the early stages of the stance phase (0–6%
stance phase), the maximum ground reaction of the supporting foot is directed laterally
and increases significantly with increasing walking speed [49]. This is similar to the results
of our research. Our research results show that with the increase in heel-toe drop, the
velocity also increases, which may be the reason for the difference in ML-GRF. Less energy
is expended when the body is stable on the inside. Therefore, NHS has a smaller ML-GRF,
which may be evidence of reduced energy consumption in pregnant women wearing NHS.

The AP-GRF included braking and propulsion peaks [50]. Our study found that
the AP-GRF of the NHS propulsion peak was significantly smaller than NS and PHS.
At present, there is controversy about the change in AP-GRF during pregnancy. Some
researchers believe that there is no significant difference in AP-GRF during pregnancy, and
other studies have shown that the AP-GRF decreases during pregnancy [51]. This may
be due to edema of the pregnant foot during pregnancy, which interferes with flexion by
increasing the width of the foot, resulting in reduced thrust. Our study found that it may
be due to the thickness of the front palm of the NHS, which leads to disturbance of the
flexion of the metatarsophalangeal joints, which may be the reason for the small AP-GRF
during the propulsion phase.

4.3. COP Trajectory

COP is used to describe the complex dynamic functions of the foot and foot-ground
interface during gait [52]. The COP is not only used as a dynamic stability index and
measured risk or consequence of various lower limb musculoskeletal disorders [52–55].
The lack of lateral stability is known to be a risk factor for falls [52,55]. The results showed
no significant difference in the range of ML-COP in NHS, NS, and PHS, which is consistent
with the previous study [56]. No significant differences in the range and velocity of ML-COP
were found in the flat shoes, medium heel lift shoes (16 mm), heel lift shoes (25 mm), and
heel lift shoes (34 mm) [56]. NHS and PHS may not pose a more significant biomechanical
challenge to the medial–lateral control.

The AP-COP displacement measures the fluency of the stance phase during regular
gait, with higher AP-COP displacement and gait line length indicating a more physiological
gait pattern [57,58]. The results showed that the AP-COP of NHS is significantly smaller
than NS and PHS. Previous studies have shown that AP-COP moves forward and decreases
during the stance phase in pregnant women [13,14]. Reduced COP displacement in the AP
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direction could be linked to the waddling type of gait adopted by pregnant women [13].
Raymaks et al. found that the AP-COP increases with the increase in heel height, the
AP-COP of NS is significantly smaller than that of PHS, and leg muscle activation increases
when walking in high heels [59]. The results of our study may indicate that women in the
third trimester of pregnancy have the lowest degree of muscle activation when walking
with NHS.

4.4. COM-COP Inclination Angles

The medial COM-COP inclination angle may be a sensitive measure of gait stabil-
ity [37]. Our study found that the ML-ROM and the peak medial COM-COP inclination
angles were not significantly different under different conditions, and we inferred that
changing heel-toe drop within a certain range does not change the ML stability of pregnant
women in the third trimester of pregnancy. Our findings indicate that heel-toe drop affects
the peak posterior COM-COP inclination angle in pregnant women in the third trimester
and that NHS is significantly smaller in the peak posterior COM-COP inclination angle
than NS., which may benefit the stability during the propulsion phase. Previous studies on
NHS showed that foot contact angle and the angle of the ankle NHS are significantly larger
than those of NS. This may indicate that wearing NHS may benefit stability in the front
and rear directions. Of course, this change may be related to the slower walking speed of
NHS, which has been shown to affect gait changes and COM movement [60–62].

4.5. Limitations

There are still some limitations. The acute effect of the footwear conditions was
investigated, and no conclusions can be drawn for longer-term or habituation effects. We
only investigated the impact of three different heel-toe drops on gait parameters. The
study sample will be expanded in the future, and electromyography (EMG) data will be
included to infer further what mechanisms are involved in the generation and change of
force. Future studies should explore the effects of long-term different heel-toe drops on
gait in pregnant women in different periods and the longer-term effects.

5. Conclusions

This study compared the gait spatiotemporal parameters, GRF, and balance of preg-
nant women wearing different heel-toe drop shoes in the third trimester of pregnancy.
The results are as follows: (1) NHS reduced the walking speed of women in the third
trimester of pregnancy by reducing the stride. (2) The results showed that the impact of
a heel-toe drop on the AP-GRF during the propulsion phase was relatively large, which
might be due to the various dorsiflexion of the ankle with different heel-toe drop conditions.
We inferred that changing heel-toe drop within a certain range does not change the ML
stability of pregnant women in the third trimester of pregnancy. (3) We found that peak
posterior COM-COP inclination angles are significantly smaller, so NHS may increase the
stability of the pregnant women’s propulsion phase and help women maintain balance
in the third trimester of pregnancy. Understanding the gait differences in NHS, NS, and
PHS of pregnant women in the third trimester will provide information for future research,
evidence for the design of shoes for pregnant women, and falls prevention.
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Abstract: Running has become increasingly popular worldwide. Among runners, there exists a
wide range of expertise levels. Investigating the differences between runners at two extreme levels,
that is novices and experts, is crucial to understand the changes that occur as a result of multiple
years of training. Vertical oscillation of center of mass (CoM), stride frequency normalized to
the leg length, and duty factor, which describes the step time relative to the flight time, are key
biomechanical parameters that have been shown to be closely related to the running economy and are
used to characterize the running style. The variability characteristics of these parameters may reveal
valuable information concerning the control of human locomotion. However, how the expertise
level and running speed affect the variability of these key biomechanical parameters has not yet
been investigated. The aim of this study was to analyze the effects of expertise level (novice vs.
expert) and running speed (10 km/h vs. 15 km/h) on these parameters and their variability. It was
hypothesized that expert runners would have lower vertical oscillation of CoM, normalized stride
frequency, and duty factor and show less variability in these parameters. The parameters’ variability
was operationalized by the coefficient of variation. The mean values and variability of these key
biomechanical parameters according to expertise level and running speed were compared with
rmANOVAs. The results showed that the experts had a lower duty factor and less variable vertical
oscillation of CoM and normalized stride frequency, independently of the running speed. At a higher
running speed, the variability of vertical oscillation of CoM was higher, whereas that of normalized
stride frequency and duty factor did not change significantly. To the best of our knowledge, this is
the first study analyzing the effects of expertise level and running speed on the variability of key
biomechanical parameters.

Keywords: running economy; running style; duty factor; vertical oscillation; stride frequency

1. Introduction

Running is a sport that has been growing in popularity over the years [1]. Through
multiple years of training, runners accomplish a variety of changes at different levels that
include metabolic, neuromuscular, and biomechanical efficiency and ultimately result in
improved running economy [2]. The changes in running economy play an important role
in running performance, since a smaller energy expenditure at a given speed is beneficial,
especially in disciplines that require running with submaximal speed for long distances.
Therefore, not only cardiovascular and metabolic fitness (e.g., VO2max) but also biome-
chanical and neuromuscular efficiency are crucial for individual running economy [2].
Even though VO2max is typically used as a measure of running economy [3,4], studies
that track the performance development of elite athletes for several years have reported
improvements in performance without significant changes in VO2max [5,6]. This empha-
sizes the importance of considering the whole scope of variables that are associated with
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running economy. Apart from factors such as age, gender, body temperature, and muscle
fiber distribution, several biomechanical parameters as well as the running style have been
shown to influence the running economy [7,8].

Positive correlations have been observed between isolated parameters and running
economy. In particular, the vertical oscillation of the center of mass (osc_CoM) [2,8–10],
step length (SL) [2,10], and step frequency (SF) [3,10] were identified as factors that in-
fluence the running economy in various running-related studies. The findings of these
studies have indicated that an increase in running economy is associated with a lower
osc_CoM [2,8,9,11] and a lower SF [3,10], whereas the results for SL have not been consis-
tent across studies [10,12]. These varying results can be explained by the self-optimized
SL/SF ratio [13,14]. On this basis, analyzing different running styles may be preferable to a
comparison of isolated parameters when trying to understand the kinematic adaptations
that occur as a result of training. However, the parameters used for the operationalization
of the running style vary across the literature. Recently, in a study by van Overen et al. [13],
it was suggested that the duty factor (DF), which is the ratio of stance to stride time, to-
gether with the SF normalized to the leg length (SF_norm) would be suitable to describe
the running style and can be used for comparisons between individuals.

The expertise level is a major factor that influences various biomechanical parameters,
including spatio-temporal parameters. Therefore, in studies that attempt to distinguish
between groups of runners in terms of their expertise level and define them, several
terms are used, including “expert”, “novice”, “elite”, “amateur”, and “good”. In this
study, the terms expert (to refer to elite runners), good, and novice (to refer to amateur
runners) will be used to avoid confusion between terminologies. Such studies have reported
that SF was found to increase with increase in experience, stride time was found to be
unaffected [15–18], and DF was found to decrease [19]. In addition, the effects of running
experience on running economy have been reported in various studies. Importantly,
experts were shown to have a more efficient running style than novices [9,20]. In studies
that compared the performance of expert and good distance runners, it was found that
expert runners have a slightly lower osc_CoM and a better running economy than good
runners [2].

Apart from the running experience, the running speed was also shown to influence
the kinematic variables. Padulo et al. [21] showed that both for expert and for novice
runners, SL and SF increased, while stance time decreased with an increase in running
speed. A study by García-Pinillos et al. [22] investigated the alterations in spatiotemporal
parameters in novice endurance runners and showed that stance time becomes shorter,
while SL and flight time become longer, as speed increases. Furthermore, not only the
mean values but also the variability in spatiotemporal parameters was found to change
with an increasing speed. Jordan et al. [23] suggested that the variability in running gait is
not random but manifests self-similarity depending on the gait speed and therefore, it may
help to understand the control of human locomotion.

The term “movement variability” can refer to different aspects according to the con-
text [24]. In sports, the main way to achieve the desired goal (e.g., hitting the basketball
hoop) is to achieve consistency over multiple repetitions. On the other hand, a certain level
of variability may increase the flexibility of the whole biological system and ultimately
help to adapt to different conditions, such as fatigue and environmental changes, and may
also help to reduce injuries [24]. It was suggested that the variability of a parameter, which
is important as a movement goal, can be minimized over several movement repetitions,
and thereby, variations in less important parameters may be allowed to a certain level so
that their co-variation establishes a flexible but stable system [25–27]. However, in the case
of sports such as running, it is difficult to definitively determine which parameters are
prioritized by the central nervous system (CNS) in terms of control. Typically, runners aim
to run as fast as possible for a given distance and, thereby, try to improve their running
style to make it more energy-efficient [28]. Thereby, the goal is to ensure that the parameters
that are crucial for this goal are kept stable, whereas the less important parameters may
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vary on a larger scale. For the analysis of running in terms of the variability and stability of
biomechanical parameters, different methods exist (e.g., uncontrolled manifold approach
and tolerance noise covariation) and were applied in several studies [29–31]. Even though
these methods are ideal for investigating the structure of motor variability in redundant
solution spaces, they are not useful for distinguishing a target parameter [27,29,30]. Ana-
lyzing the variability characteristics of biomechanical parameters may help to understand
which parameters are of high priority for the CNS [27,32]. Despite its relevancy, only a few
studies have analyzed the variability in running kinematics [22,33–36].

To sum up, three key biomechanical parameters, i.e., vertical oscillation of CoM, stride
frequency, and duty factor, have been shown to be closely related to running economy
and running style. However, the influence of expertise level and running speed on the
variability of these key biomechanical parameters has only been partially researched, even
though they may reveal valuable information regarding the control of human locomotion.
Therefore, the goal of this study was to investigate the effects of expertise level on vertical
oscillation of CoM, stride frequency, and duty factor, as well as their variabilities at two
different running speeds. It was hypothesized that expert runners would show lower mean
values and lower variability of the considered parameters compared with novice runners,
regardless of the running speed.

2. Materials and Methods

The data used in the present study were analyzed with the uncontrolled manifold
approach as in a previous study [37].

2.1. Participants

The participants of this study were all male and comprised two groups: one group of
13 expert runners (EXP: age, 23.5 ± 3.6 years; height: 1.80 ± 0.06 m; weight, 66.8 ± 5.4 kg)
and one group of 12 novice runners (NOV: age, 23.9 ± 3.8 years; height: 1.83 ± 0.07 m;
weight, 72.2 ± 6.6 kg). EXP included runners with a 10 km personal best time below
35 min (32:59 ± 01:19 min) who had been members of a running club for at least 2 years
(7.2 ± 3.2 years) and ran a minimum of 50 km per week (duration: 6.5 ± 1.7 h/week).
NOV included runners who participated in a maximum of two sport sessions per week,
including a maximum of one running session (0.2 ± 0.2 h/week). Importantly, this group
only included runners who had never prepared for a running event or trained in a running
club. It was important for all participants to be free of recent injuries or pain in the lower
limbs. They were asked not to perform any intense workout on the day preceding the mea-
surement. All participants provided their written informed consent prior to participation.
This study was approved by the ethics committee of the Karlsruhe Institute of Technology.

2.2. Protocol

The study was performed on a motorized treadmill (h/p/cosmos Saturn; Nussdorf-
Traunstein, Germany), with participants wearing a safety harness that was connected to an
emergency off button. Before the measurements, a total of 22 anthropometric measurements
were taken manually for each participant, and 41 markers were attached on their body
according to the guidelines of the ALASKA (Advanced Lagrangian Solver in kinetic Analy-
sis) modelling system [38]. After a standardized session of treadmill familiarization (6 min
of walking and 6 min of running, [39,40], the speed of the treadmill was accelerated up to
15 km/h and held for 15 s in order for the participants to experience the running speed
that they would run at during the measurements. After a 2 min break, the participants
performed runs at speeds of 10 and 15 km/h in a counterbalanced order. The participants
ran for approximately 1 min at each of the two speeds. For each speed, 3D marker data
for the 41 markers were recorded during 20 consecutive gait cycles using 11 Vicon MX
cameras (Vicon Motion Systems; Oxford Metrics Group, Oxford, UK) that were capable of
recording at 200 Hz. The two running speeds for the measurements, 10 and 15 km/h, were
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chosen based on previous comparable studies [16,22]. In the pre-tests for this experiment,
the chosen running speeds were confirmed to be proper.

2.3. Data Processing

The marker data were post-processed using the Vicon Nexus software (V1.8.5) and
filtered with a 10 Hz low-pass Butterworth filter using Matlab (The MathWorks, Natick,
MA, USA). The gait cycles were segmented using the foot marker data [41]. The CoM was
estimated with the ALASKA Dynamicus modelling system [38]. To calculate osc_CoM, the
difference between the minimum and the maximum height of the CoM (Equation (1)) was
calculated for each of the 20 gait cycles. SF_norm and DF were calculated using previously
published formulae [13]. To calculate SF_norm, SF was calculated as 60 divided by the sum
of stance time and flight time, and then it was normalized to the leg length (Equation (2)).
To calculate DF, the stance time was divided by twice the sum of the stance and flight
time (Equation (3)). The variability of these parameters was calculated as the coefficient
of variation (CV). Their mean values were included in the analysis to compare the results
with those published in the existing literature.

osc_CoM = CoMZmax − CoMZmin (1)

SF_norm =
60(

tstance + t f light

)
·
√

L0
g

(2)

DF =
tstance

2 · (tstance + t f light)
(3)

2.4. Statistical Analysis

Shapiro–Wilk tests were conducted to confirm the normality of data distribution.
The dependent variables were osc_CoM, SF_norm, and DF, as well as their variabilities
(operationalized by CV). For each of these dependent variables, a 2 × 2 repeated-measures
ANOVA (rmANOVA) was calculated with the factors expertise level (EXP and NOV) and
speed (10 and 15 km/h). In total, six rmANOVAs were performed. The Bonferroni–Holm
method was used to correct the results for multiple comparisons [42]. The significance
level was set a priori to p < 0.05. Partial eta-squared (small effect: η2

p < 0.06; medium effect
0.06 ≤ η2

p < 0.14; large effect: η2
p ≥ 0.14) was calculated as a measure of the effect size for

rmANOVA.

3. Results

The results for the mean values and the variability are shown in Figure 1.

 

𝜂 𝜂𝜂𝜂 𝜂𝜂
𝜂 𝜂 𝜂

𝜂 𝜂𝜂
𝜂𝜂 𝜂
𝜂𝜂𝜂

Figure 1. Mean value (top row) and coefficient of variation (CV) (bottom row) for the three parame-
ters vertical oscillation of CoM (osc_CoM), normalized stride frequency (SF_norm), and duty factor
(DF). The error bars show the standard deviation of the respective values. The values for the 10 km/h
condition are shown in blue, and the values for the 15 km/h condition are shown in red; * significant
effect for the factor expertise level, # significant effect for the factor speed.
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3.1. Mean Value Changes in Vertical Oscillation, Normalized Frequency, and Duty Factor

The rmANOVA value for osc_CoM showed a non-significant main effect of the factor
expertise level (p = 0.33, η2

p = 0.189) and a non-significant interaction effect of expertise
level and speed, with a high effect size (p = 0.576, η2

p = 0.142). The main effect of the factor
speed was also not significant (p > 0.999, η2

p = 0.054).
The rmANOVA for SF_norm showed a significant main effect of the factor speed, with

a high effect size (p = 0.018, η2
p = 0.438) and a non-significant interaction between expertise

level and speed (p > 0.999, η2
p = 0.001). The main effect of the factor expertise level was not

significant (p > 0.999, η2
p = 0.014). In both groups, SF_norm increased from 10 to 15 km/h.

The rmANOVA for DF showed significant main effects of expertise level (p = 0.018,
η2

p = 0.502) and speed (p = 0.018, η2
p = 0.908), with high effect sizes. However, the interaction

effect of expertise level and speed was not significant (p > 0.999, η2
p = 0.008). In summary,

DF decreased from 10 to 15 km/h and was overall higher for NOV than for EXP.

3.2. Changes in Variability according to the Expertise Level at Two Running Speeds

With regard to the CV of osc_CoM, rmANOVA showed significant main effects of
expertise level (p = 0.018, η2

p= 0.792) and speed (p = 0.018, η2
p = 0.408), as well as non-

significant interaction effects (p = 0.084, η2
p = 0.279), each with high effect sizes. This implies

that the CV of osc_CoM was higher for NOV than for EXP. The CV of osc_CoM increased
with an increase in speed.

The rmANOVA for the CV of SF_norm showed a significant effect of the factor ex-
pertise level, with a high effect size (p = 0.018, η2

p = 0.435). However, the effect of speed
(p > 0.999, η2

p < 0.001) and the interaction effect of expertise level and speed (p > 0.999,
η2

p = 0.025) were not significant. Accordingly, the results showed that the CV of SF_norm
was higher for NOV than for EXP.

The rmANOVA for the CV of DF had no significant effects, but a high effect size was
found for the factor expertise level (p = 0.520, η2

p = 0.155). In contrast, the effect sizes for
speed (p > 0.999, η2

p = 0.017) and the interaction effect of expertise level and speed (p > 0.999,
η2

p < 0.001) were low.

4. Discussion

The aim of this study was to analyze the effects of the expertise level on key biome-
chanical parameters and the variability of these parameters at two different running speeds.
It was hypothesized that regardless of the running speed, expert runners are characterized
by lower mean values and lower variability of all the considered parameters compared
with their novice counterparts. The results indicated that the expert runners had a lower
duty factor than the novices. Furthermore, the experts showed a significantly lower vari-
ability than the novices with regard to vertical oscillation of CoM and normalized stride
frequency, independently of the running speed, but no differences in variability were
observed for the duty factor. Based on the findings on this study, our hypotheses can be
only partially accepted.

4.1. Lower Duty Factor for Expert Runners

EXP and NOV did not differ significantly in terms of osc_CoM (EXP, 10 km/h:
91.43 mm, 15 km/h: 95.06 mm; NOV, 10 km/h: 82.3 mm, 15 km/h: 81.36 mm). These
findings are interesting, since more experienced runners are expected to have a better
running economy [9,20], which was shown to be associated with a lower osc_CoM [2,8,9].

With regard to the results for SF_norm, they are in line with those of other studies [13,43],
that is, an increased cadence was observed with an increase in speed. Based on these results,
it can be suggested that SF_norm is not directly affected by the expertise level but, rather, is
a function of the running speed.
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DF, which describes the step time relative to the flight time, decreased with increasing
speed in both groups in this study, and this finding is also in line with other published
studies [8,44]. Furthermore, EXP showed an overall lower DF than NOV (10 km/h: 17.3%
less; 15 km/h: 20.3% less); this indicates that EXP had a longer flight phase than NOV
at a given stance time. The interpretation of the DF results is not straightforward, but an
optimal level of DF seems to exist for runners. Even though a lower DF was shown to be
associated with better running economy, a DF value that is too low could be uneconomical,
given the high muscle activation that occurs over a very short stance time. Further, a DF
value that is too high may indicate high start–stop accelerations and, therefore, a waste of
mechanical work [45].

4.2. Lower Variability of Vertical Oscillation and Normalized Stride Frequency in Expert Runners

The results indicated that EXP had significantly lower variability in osc_CoM and
SF_norm than NOV, independently of the running speed, whereas there were no significant
changes in DF. In the time period over which a novice runner becomes an expert runner, a
variety of changes occur in the runners’ body that range from physiological to neuromuscu-
lar adaptations that are necessary for movement efficiency [9,46]. Ultimately, the running
economy is improved to decrease the total energy need, since humans inevitably tend
to conserve energy from an evolutionary perspective [47] and prefer an energy-optimal
gait [48]. The lower variability in osc_CoM and SF_norm found in EXP could mean that
after multiple years of training, the CNS tries to reduce the variability in these parameters
because they are important for the running economy as well as for a consistent running
style [2,9,13]. However, it is important to note that it is difficult to directly draw this con-
clusion from the findings of this study. Even though the variability in these two parameters
was lower in the EXP, it is possible that the CNS primarily controls other parameters which
consequently influence the variability of these key parameters.

Differences in variability between the two running speeds, that is 10 and 15 km/h,
were only detected for osc_CoM. These findings imply that the expertise level plays a
major role in terms of variability in these parameters, whereas the effects of speed were
rather small. This could, however, be dependent on the choice of the running speed. To
the best of our knowledge, there are very few studies whose results can be compared
with those of this study. One such study [22] reported that amateur runners showed a
higher variability in stance time and SL at running speeds of 15–16 km/h than at a speed
of 10 km/h. However, it analyzed different parameters from those analyzed in this study
and calculated the standard deviation (SD) instead of the CV. Therefore, it is difficult to
compare their findings with the present findings. In this study, CV was preferred over SD,
since it reflects changes in SD normalized to the mean value. It is also important to note
that regardless of the research question, it is difficult to analyze the effects of the running
speed in terms of running economy and running style, since humans seem to have an
energy-optimal gait and prefer to move at this optimal speed, thus minimizing the energy
requirement [48].

4.3. Limitations

Our study has some limitations that should be considered when interpreting the
results. The first limitation is that the focus was on the running economy, even though
it was not quantified by the parameters that are usually used for the operationalization
of the running economy (e.g., VO2 [12]). Rather, the key biomechanical parameters that
have been shown to be strongly related to running economy and running style [2,8,9,13]
were used. Another limitation of this study is that the measurements were conducted with
a treadmill under laboratory conditions, which differ from the usual environment that
most runners are exposed to. On the other hand, the use of a treadmill enabled a precise
control of speed and, therefore, eliminated any confounding effects caused by a variable
running speed. In addition, similar studies have also been performed under laboratory
conditions [35,49]. The third limitation is that the sample size was chosen on the basis of
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comparable studies [20,50,51]. It might have been better to choose the sample size based on
an a priori power analysis. The fourth and final limitation is that the chosen speeds were
the same for all participants. It would have been preferable to choose individual speeds
based on individual thresholds, since a connection between running speed and running
economy in terms of VO2 max has been demonstrated [9]. However, the interpretation of
the results would have been much more complicated due to the addition of speed as an
individually varying factor. Despite this, the results do indicate an overall lower variability
among EXP than NOV, independent of the speed that they were running at.

5. Conclusions

The aim of this study was to investigate the effects of the expertise level on key
biomechanical parameters and their variabilities at two different running speeds. The
findings showed that, independently of the running speed, expert runners had a lower duty
factor and showed less variable vertical oscillation of CoM and normalized stride frequency
than novice runners, but the variation in duty factor did not differ between the two groups.
At a higher running speed, the variability in vertical oscillation of CoM was higher, whereas
the variability in the other two parameters did not change significantly, independently
of the expertise level. Based on these results, it can be suggested that two of the three
considered parameters, i.e., vertical oscillation of CoM and normalized stride frequency,
are important parameters, whose variability decreased with the increase in the expertise
level. A lower variability of these parameters found in expert runners may indicate that
after multiple years of training, the CNS tries to reduce the variability in these parameters
because they are important for the running economy as well as for a consistent running
style. Further studies should address the variability of key biomechanical parameters in
terms of running economy and running style in a more detailed manner to identify the
parameters that are of high priority for the CNS.
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Abstract: Intracycle velocity variation is a swimming relevant research topic, focusing on under-
standing the interaction between hydrodynamic propulsive and drag forces. We have performed a
systematic scoping review to map the main concepts, sources and types of evidence accomplished.
Searches were conducted in the PubMed, Scopus and Web of Science databases, as well as the Biome-
chanics and Medicine in Swimming Symposia Proceedings Book, with manual searches, snowballing
citation tracking, and external experts consultation. The eligibility criteria included competitive
swimmers’ intracycle velocity variation assessment of any sex, distance, pace, swimming technique
and protocol. Studies’ characteristics were summarized and expressed in an evidence gap map, and
the risk of bias was judged using RoBANS. A total of 76 studies, corresponding to 68 trials involving
1440 swimmers (55.2 and 34.1% males and females), were included, with only 20 (29.4%) presenting
an overall low risk of bias. The front crawl was the most studied swimming technique and intracycle
velocity variation was assessed and quantified in several ways, leading to extremely divergent results.
Researchers related intracycle velocity variation to coordination, energy cost, fatigue, technical profi-
ciency, velocity, swimming techniques variants and force. Future studies should focus on studying
backstroke, breaststroke and butterfly at high intensities, in young, youth and world-class swimmers,
as well as in IVV quantification.

Keywords: biomechanics; competitive swimming; performance; velocity fluctuations

1. Introduction

Intracycle velocity variation (IVV) is a biomechanical variable that reflects the velocity
fluctuation within a swimming cycle and was one of the first swimming-related research
topics [1,2] aiming to better understand performance evolution constraints. IVV depends
on the interaction between propulsive and resistive forces for each upper limb cycle, with
the interaction between these accelerations and decelerations considered an efficiency
estimator [3,4]. The first attempt to evaluate this variable was made for the backstroke,
breaststroke and front crawl [1], and concluded that common stopwatches could not
adequately assess swimming velocity (changes were observed within an s or an m). Velocity
was measured with a natograph (recording the distance travelled every 1/5 of an s), and
its variation was observed in each studied swimming technique (with front crawl being
the fastest due to its smoothness). At that time, swimming was associated with motor cars’
mechanics since, if driving with a variable speed would be wasteful, the same should occur
in the human machine. This study provided important insights and investigation lines for
the current topic.

Afterwards, the natograph was improved [2,5–7], with several mechanical devices
beginning to be used (cable speedometers [8,9], accelerometers [10], and other gadgets [11]),
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all characterized by a mechanical connection to a swimmer’s anatomical point. Despite
the incapacity to monitor the swimmer’s bodily inertia due to the constant change in the
position of the centre of mass, these methods were very interactive and relevant to training
due to the immediate output availability. Cinematography was also very common for
evaluating IVV [12–14], qualitatively and quantitatively assessing the movements in a
three-dimensional nature with (at least) two cameras. These image-based methods, usually
involving the digitisation of film or video images, presented similar issues related to the
body inertia capture, as well as image distortions, water bobbles and waves, parallax,
digitising and calibration errors, and reduced interactivity (due to the delay between data
collection and the swimmer feedback as a result of image processing).

Methods dealing with the centre of mass motion have the abovementioned problems
but are even more time-consuming and complex. Nowadays, depending on the aims
of IVV investigation, researchers are divided between using an anatomical fixed point
or the centre of mass [15–17]. Considering the accessibility of mechanical methods, the
agreement between these measures was evaluated, but the centre of mass reference was
constantly overestimated, and it is axiomatically considered a gold standard in those
comparisons [17–19]. Due to the current approach to this issue, forward hip movements
were considered a good estimate of the swimmers’ horizontal velocity and displacement,
being relevant for diagnostic purposes but not representing the movement of the centre
of mass [15,16,20]. Hip error magnitude should also be considered because it overesti-
mates swimming velocity and, consequently, the IVV of the four conventional swimming
techniques [17–19].

Despite the above-referenced methodological concerns, the association between swim-
ming IVV and performance continues to be investigated even though the findings are quite
divergent. Increases in velocity were associated with lower [3,21], stable [22–33] and higher
IVV [34,35] in different swimming techniques. Better propulsive continuity in front crawl
and lower swimming economy in breaststroke and butterfly (due to elevated resistive
forces and amount of work) are the suggested explanations. In addition, when comparing
competitive swimming levels for the same pace and swimming technique, better swimmers
were observed to have higher [36,37], lower [10,21,23,33,34,38,39] or similar IVV [40,41]
values compared to their counterparts. Regarding conventional swimming techniques,
breaststroke presents the highest IVV values, followed by butterfly, backstroke and front
crawl [3], although alternative techniques’ scores are very similar [42].

Considering the IVV research background and its significance to assess biomechanical
development in swimming, the aim of the current study wa to accomplish a systematic
scoping review of IVV in competitive swimming regarding the four conventional tech-
niques, assessment and quantification methods, participants’ information (sex, competitive
level and age category), protocols, and association with swimming economy and hydrody-
namic drag. The closest work to a review about IVV is a book chapter [43] addressing it as
a relevant variable to assess swimming biomechanical and coordinative development, as
well as its association with swimmers’ technique, exercise intensity, economy and fatigue.

2. Materials and Methods

The current systematic scoping review protocol was designed according to PRISMA
2020 [44] and Prisma-ScR guidelines [45], as well as Cochrane recommendations [46]. The proto-
col was created and pre-registered as an OSF project on 6 July 2022 (https://osf.io/m43pj,
accessed on 23 December 2022).

2.1. Eligibility Criteria

Original peer-reviewed articles and texts from the Proceedings Book of the Biome-
chanics and Medicine in Swimming, published in any language or date, were included in
the current study. Letters, editorials, meetings abstracts, commentaries, and reviews were
excluded. The eligibility criteria were defined by the Population, Exposition, Comparator,
Outcomes and Study (PECOS) design model, in accordance with PRISMA guidelines:
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(i) population (competitive swimmers of any sex, with no injuries, excluding triathletes,
divers and Paralympic athletes and artistic and open-water swimmers); (ii) exposure (IVV
assessments at any swimming distance, pace, technique and protocol); (iii) comparison (not
mandatory if intervention was performed); (iv) outcome (IVV was the primary outcome,
with the secondary outcomes being described in the 2.6. data items subsection and not used
as inclusion/exclusion criteria) and (v) study design (no limitations for the study strategy).

2.2. Information Sources

Searches were conducted until 6 July 2022, in the PubMed, Scopus and Web of Science
literature databases, as well as in the Proceedings Books of the Biomechanics and Medicine
in Swimming Symposia (no filters were applied). After the automated searches, the
reference lists of the included studies were screened and prospective snowballing citation
tracking was performed in PubMed, Scopus and Web of Science databases. Two external
experts (holding a PhD in Sport Sciences and having considerable published research on
the topic) were consulted to provide further suggestions of potentially relevant studies.
Included studies’ errata, corrections, corrigenda and retractions were sought [46].

The International Symposia for Biomechanics and Medicine in Swimming have been
held every four years since 1970 and are considered the most prestigious international
aquatic-oriented scientific congresses. These meetings have provided the swimming science
community with some of the most outstanding contributions books and collections (Avail-
able at https://www.iat.uni-leipzig.de/datenbanken/iks/bms/ accessed on 6 July 2022),
as sought and valuable as some of the available studies published in high-impact, peer-
reviewed journals. All submissions go through a peer review process, leading to a collection
of peer-reviewed scientific papers, serving as a valuable resource for all who are interested
in keeping up to date with aquatic research. Relevant pioneering works were published in
the 13 editions of the Symposium, adding relevant information to the current review.

2.3. Search Strategy

The general search strategy used free text terms applied to the title or abstracts: swim*
AND intracycl* OR “intra-cycl*” OR IVV AND velocity OR speed* OR accelera* OR quick*.
The full search strategy for each database is shown in Table 1.

Table 1. Full search strategies for PubMed, Scopus, Web of Science databases, and Biomechanics and
Medicine in Swimming Symposia.

Database Observations Search Strategy

PubMed Nothing to report

(((((((swim*[Title/Abstract]) AND (intracycl*[Title/Abstract]))
OR (“intra-cycl*”[Title/Abstract])) OR (IVV[Title/Abstract]))
AND (velocity[Title/Abstract])) OR(speed*[Title/Abstract]))
OR (accelera*[Title/Abstract])) OR (quick*[Title/Abstract])

Scopus
The search for title and abstract

also includes keywords

((swim*[Title/Abstract]) AND (intracycl*[Title/Abstract] OR
“intra-cycl*”[Title/Abstract] OR IVV[Title/Abstract])) AND

(velocity[Title/Abstract] OR speed*[Title/Abstract] OR
accelera*[Title/Abstract] OR quick*[Title/Abstract])

Web of Science

Title/abstract is not available in
this database. The option “Topic”

includes title, abstract and
keywords, and was used instead

swim* (Topic) AND intracycl* OR “intra-cycl*” OR IVV
(Topic) AND velocity OR speed* OR accelera*

Or quick* (Topic)

Biomechanics and Medicine
in Swimming Symposia

Title/abstract was not available in
this database. The option “All

Fields” was used instead

(All Fields:swim*) AND (All Fields:intracycl* OR “intra-cycl*”
OR IVV) AND (All Fields:velocity OR speed* OR accelera*

OR quick*)
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2.4. Selection Process

Two authors (AF and JA) independently screened all the database records and per-
formed the manual searches, as well as snowballing citation tracking, with disagreements
decided by a third author (RJF). Automated removal of duplicates was performed using
EndNoteTM 20.3 (ClarivateTM, Philadelphia, PA, USA), but manual duplicate removal
was required.

2.5. Data Collection Process

Two authors (AF and BM) independently collected data, and, in the case of disagree-
ments, a third author (RJF) provided arbitrage. No automation tools were used, and a
specifically tailored Excel worksheet was created for the extraction of raw data.

2.6. Data Items

The current study’s primary outcome was IVV assessment in the four conventional
swimming techniques (according to the above-referred defined eligibility criteria). Velocity
assessment methodologies, IVV quantification, participant and protocol information, and
associations with swimming economy or hydrodynamic drag were the secondary outcomes.
Velocity can be assessed by mechanical, image-based and mixed methods, and IVV can be
quantified by the (i) difference between maximal and minimum instantaneous velocity (dv);
(ii) ratio of the mean velocity/difference between the maximal and minimum instantaneous
velocity; (iii) ratio of the minimum and maximum velocities/intracycle mean velocity
(dv/v); (iv) coefficient of variation (CV); and (v) other.

Regarding participants’ characteristics, we have included studies with samples of
female, male or both sexes and young (<14), youth (between 15–16), junior (between 17–18),
senior (>19) or master (>25 years) swimmers (following the World of Aquatics stratification).
Aiming for a homogeneous classification of competitive level, two authors (AF and JA)
applied the Participant Caliber Framework [47] using training volume and performance
metrics to classify participants as sedentary, recreational, trained, highly trained, elite and
world class. Swimming paces were established according to the intensity training zones,
with maximal corresponding to sprint (25–50 m), extreme to anaerobic power (100 m),
severe to anaerobic capacity (200 m), heavy to aerobic power (400 m), moderate to aerobic
capacity (800 m) and low to prolonged aerobic capacity (>1500 m). Studies were conducted
in swimming pool and in swimming flume conditions, and information was gathered
regarding the included studies that associated swimming economy or hydrodynamic drag
with IVV.

2.7. Studies’ Risk of Bias Assessment

Risk of bias in individual studies was judged using Cochrane’s Risk of Bias Assessment
for Non-randomized studies (RoBANS; [48]), evaluating six domains: (i) the participant
selection; (ii) confounding variables; (iii) the exposure measurement; (iv) the outcome
assessments blinding; (v) incomplete outcome data; and (vi) selective outcome reporting.

2.8. Effect Measures

IVV mean ± SD or median ± IQR values were calculated, and, when needed, two
authors (AF and BM) independently extracted data from graphs using the WebPlotDigitizer
v4.5 (Pacifica, CA, USA) [49].

2.9. Synthesis Methods

A narrative synthesis of the main findings was performed and supplemented with an
interactive evidence gap map (generated by EPPI-Mapper v.2.2.3, London, UK, powered
by EPPI Reviewer and created by the Digital Solution Foundry team). This map can be ac-
cessed online, providing interactive ways to visualize the current review’s included studies
(including authors, abstracts and keywords) and the primary and secondary outcomes.
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3. Results

The initial search identified 227 potentially relevant articles, with 126 being dupli-
cates, which were consequently removed (Figure 1). Following the titles and abstract
screening, 17 and 10 studies were excluded by eligibility criteria and article type (respec-
tively). After the seventy-four full texts were screened, one was excluded by type [50],
six by exposure [51–56], seven by outcomes [57–63] and one by participant [64] eligibility
criteria. Reference list analysis revealed 31 studies on the topic as potentially meeting the
inclusion criteria, with full-text analysis excluding 10 articles by type [65–74], 2 by expo-
sure [75,76] and 8 by outcomes [18,77–83]. Seven additional studies from snowballing cita-
tion tracking process were deemed eligible for inclusion, and all were included [29,84–89].
Expert consultations did not yield any new studies, so the combined total sample was
n = 76 corresponding to 68 trials. Studies from the same trial were grouped for the
analysis [4,22,25–27,29–31,33,39,90–93].

 

Figure 1. Search and screening processes used in the current study displayed as a PRISMA 2020
flow diagram.

3.1. Studies Risk of Bias Assessment

Sixty-eight trials were considered for judging risk of bias, with 20 [6,20,28,36,37,40,
41,87–89,94–103] and 48 considered as having overall low and high risk (respectively).
The selection of participants showed a low risk of bias for 79% of the trials due to the
overall purpose of evaluating competitive swimmers (Figure 2). However, 19% of the trials
presented high risk due to the unbalanced number of females versus males [7,104,105],
heterogeneity of participants [86,92,106,107], lack of information [10,92,108], or the non-
competitive or inexperienced participation in the trials [84,109–111]. Two studies [26,27]
were judged unclear because of the uncertainty of how swimmers were analysed. Fifty-one
percent of the trials had a high risk of bias in the domain of confounding variables due to
participant-related problems (lack of information [10,23,26,27,108–110,112], swimmers with
different characteristics mixed in the same group [15,17,24,85,86,92,104,107,111,113–115],
swimmers experience [3,84,116,117] and specialty [118]) and protocol-related problems
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(snorkel use [4,21,25,30,34,35,42,90,91,105,119,120], possible fatigue effect [32,121] and dif-
ferent evaluation conditions [122]).

0 20 40 60 80 100

Selective outcome reporting

Incomplete outcome data

Blinding of outcome assessments

Measurement of exposure

Confounding variables

Selection of participants

Low Unclear High

Figure 2. Percentage for each risk-of-bias domain regarding the included trials.

Considering that no data were provided concerning the validity and reliability of the
software used or whether the process was fully automated in the different studies analysed,
exposure measurement was judged unclear for 63% of the trials. High risk was evaluated
for 6% of the trials with specific measurement issues; in particular, (i) the electrical resistance
variation method had not been previously validated, with authors not providing proof
of its reliability [104]; (ii) the preparation procedures and the evaluation protocol were
performed for different swimming techniques [123]; (iii) various devices were used for
different swimmers, and the evaluation frequency varied substantially in a retrospective
study [124], raising questions concerning the actual measurement exposure consistency;
and (iv) evaluations did not respect the same time period from the main competitions [125].

Many trials (74%) did not mention outcome assessment blinding and it was unclear if
video analysis was fully automated (probably interfering with the measurements). High
risk was attributed to 7% of the trials due to no blinding and to the inexistence of data
concerning the reliability of the automated process [4,16,25,30,31,90,91,93,116,124]. Due to
an absence of information on whether the selected swimmers were part of a larger sample,
incomplete outcome data were judged unclear for 88% of the trials, except for a case
study [125] and a trial that included an a priori sample-power analysis [109]. High risk was
evaluated for 9% of the trials due to missing data, given that this could influence the study
outcomes [4,19,25,29,30,39,90,91,111,126,127]. Eighty-eight percent of the trials had no pre-
registered protocol to compare to, with the selective outcome reporting unclear. High risk
was judged for the trials belonging to the same study [4,22,25–27,29–31,33,39,90,91,93] and
for those that did not fully report the pre-defined primary outcomes [19,104].

3.2. Studies Characteristics

The included trials’ main characteristics are presented in Table 2. Across the 68 trials,
1440 swimmers were evaluated for IVV (55.2% male and 10.7% missing information),
with n = 1–126 sample sizes and 11.7 ± 0.8–42.5 ± 9.5 years of age. Some trials did not
present information regarding IVV [16,19,111,120], female swimmers’ participation [10,
23,26,27,92,102,112], competitive level [104,110], age category [7,10,21,104], or protocol in-
tensity [111]. Thirty-nine trials assessed IVV as the main study purpose, of which three
analysed and described the swimming cycles curves [7,104,118]; nine related IVV with coor-
dination [22,23,26,27,30–33,103], six with swimming economy [21,30,34,35,90,105,123], six
with fatigue [26,27,84,107,108,112], six with technique [4,36,41,107,111,113] and five with
velocity [3,6,37,41,124]; three analysed different swimming techniques variants [35,106,126];
two related to force [94,99]; six were methodological [10,17,19,20,86,87]; one was a dynami-
cal systems approach [40]; and one was a training intervention [88].
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IVV was not the primary outcome in 31 trials but was included in a larger analysis,
being described [127] and analysed together with anthropometric, kinematic, energetic,
coordinative neuromuscular activity and other biomechanical variables [25,30,39,91,97,110,
117,119]. Trials also related IVV with coordination [28,29,95], swimming economy [42,92],
fatigue [28,29,95,121,128], technique [24,93,120] and velocity [125]. Thus, IVV was included
in methodological approaches [15,16,89,96,100], dynamical systems approaches [85,102,
114,122] and training interventional trials [29,98,101,109,115]. No conflicting interests were
declared or were not addressed by 34 and 66% of the trials. Funding information was not
reported by 54% of the trials, while 40% had financial support. Trials dissemination was
growing over time (records were published every year) and 2016 was the year with the
most publications (seven records).

3.3. Evidence Synthesis

The evaluation of the evidence gap map and trials’ risk of bias can be accessed through
the Supplementary File S1. IVV was assessed in 46 front crawl, 10 backstroke, 24 breast-
stroke and 14 butterfly-related trials, most of them focusing on mixed and male-only groups
regarding swimmers’ sex (56 and 39%, respectively). High-level swimmers were the most
studied, followed by elite and trained, recreational, world-class and sedentary swimmers
(37, 25, 26, 9, 3 and 1%, respectively), from which senior, youth and junior, young and
master swimmers participated (50, 18, 18, 10 and 5%, respectively). Regarding the protocol
intensity, most trials focused on swimming at sprint and severe intensities (36 and 19%),
and fewer implemented incremental protocols that include other intensities (extreme, heavy,
moderate and low: 11, 11, 12 and 11%, respectively). Trials conducted in swimming pool
conditions were used 99% of the time.

Image- (47 and 53% in two and three dimensions) and mechanical-based methods
were used (56 and 41%, respectively), with speedometers being mostly selected (82%).
Velocity was calculated using an anatomical fixed point as a reference, most of the time
with the hip chosen (and only twice selecting the head/neck) rather than the centre of mass
(71 and 29%, respectively). The coefficient of variation was preferred regarding IVV quan-
tification versus the difference between the maximum and minimum instantaneous velocity
(dv; 61 and 7%, respectively), the ratio maximum and minimum instantaneous velocity
difference/intracycle mean velocity (dv/v; 7%), the ratio of the mean velocity/difference
between the maximal and minimum instantaneous velocity (3%) and other methods (such
as cycle characterization, curves acceleration and dynamic indexes; 23%). Twenty-five trials
reported variables associated with swimming economy (such stroke length and stroke
index) and only two reported hydrodynamic drag related variables.

Front-crawl-related trials almost covered all secondary outcomes, even though gaps
were identified for the four conventional swimming techniques. No trials were conducted
with world-class swimmers focused on extreme, heavy, moderate and low intensities; used
accelerometers; or quantified IVV with overall methods. Young swimmers were not used as
samples in trials that were conducted at extreme and low swimming intensities, accelerom-
eters were employed, and, when characterizing these age group IVV, its quantification was
performed using only three methods. Master swimmers were not called to participate in
protocols with extreme intensity and were not evaluated using accelerometers, while IVV
quantification in this population was conducted only through the coefficient of variation.
Trials using youth/junior, world-class, elite, highly trained and trained swimmers did not
have associated IVV and hydrodynamic drag.

3.4. Study Results

Higher-level swimmers presented superior mean velocities for the same swimming
intensity, but IVV was not related to swimming competitive levels or to the mean velocities
regarding the four swimming techniques (Table 3). Except for front crawl, studies were
mostly interested in analysing IVV when swimmers were performing at maximal intensity.
IVV was not related to mean velocity in front crawl or backstroke [37,40,41,100], even if
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a non-linear relationship was also observed (with the velocity increase leading to a IVV
decrease in young swimmers in the four swimming techniques [3] and in the swimmers
with high-level front crawl [4]). Data gathered from so many swimmers and diverse
samples should be cautiously analysed. Some outputs were obtained from a single trial
performed at a specific swimming intensity, while others were gathered by averaging the
data available. In addition, in some studies, swimmers from different competitive levels
were pooled, and data were presented as a single group.

Table 3. Mean ± SD or median ± IQR mean velocity and IVV values obtained in the swimming trials
included in the current study.

Swimming
Technique Competitive Level Sprint Extreme Severe Heavy Moderate Low

Backstroke

World class - - - - - -

Elite 1.54 ± 0.11 m/s
13.18 ± 3.67% - 1.29 ± 0.09 m/s

18.49 ± 2.44% - - -

Highly trained 1.19 ± 0.1 m/s
11.02 ± 4.17% - - - - -

Highly trained/trained 1.11 ± 0.63 m/s
6.99 ± 2.77% - - - - -

Recreational 0.96 ± 0.16 m/s
12.99 ± 4.94% - - - - -

Breaststroke

World class - - - - - -

Elite
1.23 ± 0.11 m/s
39.72 ± 4.47%

0.76 ± 0.18 m/s
- 1.04 ± 0.09 m/s

20.75 ± 4.8% - - -

Highly trained
1.35 ± 0.11 m/s
26.93 ± 3.38%

1.46 ± 0.33 m/s
- - - - 0.92 ± 0.08 m/s

1.18 ± 0.22%

Highly trained/trained 0.94 ± 0.11 m/s
45.34 ± 3.25% - - - - -

Recreational
0.81 ± 0.07 m/s
41.19 ± 6.69%

0.75 ± 0.20 m/s
- - - - -

Butterfly

World class 1.78 m/s
24.32% - - - - -

Elite 1.75 ± 0.09 m/s
21.86 ± 4.33% - 1.21 ± 0.12 m/s

29.71 ± 7.54% - - 1.03–1.48 m/s
39.20 ± 11.50%

Highly trained
1.15 (1.06–1.34)

m/s
25.68 ± 14.72%

- - - - -

Highly trained/trained 1.06 ± 0.16 m/s
26.98 ± 9.69% - - - - -

Trained 1.31 ± 0.10 m/s
27.87 ± 14.68%

1.29 ± 1.31 m/s
19.92 ± 22.48% - - - -

Recreational 32.44 ± 6.92% - - - - -

World Class - - - - - -

Front crawl

Elite 1.84 ± 0.06 m/s
12.30 ± 2.39%

1.52 ± 0.11 m/s
5.23 ± 1.77%

1.43 ± 0.54 m/s
11.76 ± 4.01%

1.53 ± 0.12 m/s
9.70 ± 3.49% 12% 1.28 ± 0.11 m/s

6.87 ± 2.91%

Elite/highly trained 1.80 ± 0.10 m/s
14.30 ± 2.40% - 1.60 ± 0.10 m/s

14.10 ± 1.80%
1.40 ± 0.20 m/s
14.50 ± 1.60% - 1.20 ± 0.20 m/s

14.30 ± 2.10%

Highly trained 1.51 ± 0.16 m/s
6.99 ± 2.18%

1.74 ± 0.06 m/s
2.44 ± 0.74%

1.43 ± 0.13 m/s
8.62 ± 1.60%

1.40 ± 0.05 m/s
4.51 ± 0.2%

1.08 ± 0.06 m/s
0.17 ± 0.01%

1.11 ± 1.13 m/s
8.74 ± 15.67%

Highly trained/trained 1.41 ± 0.14 m/s
5.24 ± 1.77% - 1.06 ± 0.29 m/s

22 ± 6.50% - - -

Trained 1.36 ± 0.20 m/s
8.36 ± 2.28%

1.50 ± 0.08 m/s
9.20 ± 1.27%

1.30 ± 0.14 m/s
13.73 ± 2.89%

1.16 ± 0.11 m/s
9.25 ± 1.67%

1.06 ± 0.14 m/s
23 ± 5%

0.94 ± 0.76 m/s
15.83 ± 8.94%

Recreational 1.28 ± 0.19 m/s
2.42 ± 0.78% - - - - -

Legend: IVV quantified by dv/v is presented in the breaststroke row.

In breaststroke, IVV is usually quantified by dv/v (m/s), as presented in Equation (1),
with vmax,LL as the maximum centre of mass’s velocity achieved at the end of lower limb
propulsion; vmin,LL as the first minimum peak of the centre of mass’s velocity following
upper and lower limbs recovery (corresponding to the beginning of lower limb propulsion);
vmax,UL as the maximum centre of mass’s velocity at the end of the upper limb propulsion;
and vmin,T as the minimum centre of mass’s velocity during the transition between upper
and lower limb propulsion (corresponding to the centre of mass’s velocity during gliding).

IVV =
vmax, LL− vmin, LL + vmax, UL− vmax, T

vmean
(1)

Some trials showed periodic velocity fluctuations related to the upper limbs’ actions
and the rate and the number of peaks per cycle, with a higher IVV range in lower- than
in higher-level swimmers [7,104,118,127]. Furthermore, successful swimmers were able
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to more effectively combine intracycle peak velocity with relatively longer cycle peri-
ods [6]. When a front crawl technical training intervention period was conducted, IVV
decreased [29,88,109] or did not change [98,115]. Although propulsive and drag forces were
higher in swimmers of superior level, larger index of coordination values for front crawl
were also presented even if IVV did not change across intensities [10,21,23,33,34,38,39],
suggesting that better propulsive continuity allows a stable IVV [22,24–33]. Conversely,
IVV increased throughout paces in less skilled swimmers [23]. IVV for highly trained
swimmers was lower than for trained counterparts at all front crawl swimming velocities
(in both senior and youth age groups) [23,39] but in backstroke, IVV did not differ between
elite and highly trained swimmers [40].

IVV was directly related to swimming economy in the four swimming techniques [21,
34,35,105,123,126] even though, in one study, no association between these variables was
reported [90]. However, front crawl and backstroke IVV did not differ; nonetheless, lower
energy cost values for front crawl vs. backstroke were observed [42], and they showed
a tendency to decrease in a maximal lactate steady-state test [92]. Similarly, swimmers
maintained their IVV values when performing at submaximal intensity, but IVV rose at
maximal intensity [84,107,108,112,123,128], even though others described no changes [26,
27,121]. This IVV increase with effort is probably justified by the progressive increase
in fatigue, resulting in swimmers becoming less mechanically efficient. Swimmers with
higher intracycle force variation also presented higher IVV values, leading to a progressive
decrease in performance [94,99].

Methodological trials mainly assessed the relationship between the hip and the centre-
of-mass kinematics to provide simpler methods to quantify IVV in swimming. It seems
consensual that the hip does not adequately represent the centre of mass in intracycle
variation in butterfly, breaststroke and front crawl. Some authors clearly state that this
anatomic point should not be used in this kind of assessment [16,19,20] because it greatly
overestimates the swimmer’s real variation in velocity [15,17]. Other trials aimed to validate
methods to quantify and express IVV [10,86,87,89,96]. When applying dynamical system
approaches to swimming, nonlinear properties can be observed [114], with their magnitude
differing according to the swimming technique and the swimmer’s level. The breaststroke
and butterfly techniques displayed more complex (but predictable) patterns [85,114,122]
and elite vs. non-elite swimmers’ performances were more unstable and complex (even
though their IVV did not differ) [40].

4. Discussion

The current systematic scoping review focused on the IVV assessment in swimming
that is retrospectively available for almost a century. The IVV-related trials’ main interest is
in the interactions between the cyclical propulsive and drag forces, which help understand
the cyclic effectiveness of the upper and lower limbs while swimming and, consequently,
swimmers’ technical efficiency. In the first studies on IVV, breaststroke was the most
studied swimming technique due to the simultaneity between the movements of the upper
and lower limbs (which allowed researchers to easily identify when these movements were
occurring) [6,118]. Then, new methodologies were developed, with researchers focusing
their attention on the four conventional techniques, but our results showed that front
crawl aroused greater interest. It is now accepted that the techniques with simultaneous
movements (butterfly and breaststroke) present higher IVV than those with alternated
movements (front crawl and backstroke) due to the mechanical impulses applied to the
swimmer’s body [3,114,122]. Furthermore, the alternated techniques’ IVVs are very similar
due to the biomechanical similarities between the front and back crawl (an “old” term used
to designate backstroke) [42].

From the analysed trials, we could observe that male swimmers were the most studied
even though mixed groups were also used due to the interest in checking differences
between female and male swimmers (particularly regarding anthropometric character-
istics [39,117], mechanical power output [6,33], technical proficiency and hydrodynamic
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profile [33,126]). Researchers focused their attention on trained, highly trained and elite
swimmers, with the most elevated competitive levels being preferred for analysis. Most
trials focused on senior swimmers, displaying strong confidence in results due to their
experience. The same was not observed for trials conducted in master swimmers, with
considerable gaps found, probably due to their heterogeneity of age and competitive level.
Swimmers were mainly evaluated using maximal-intensity protocols to assess the kinemat-
ics directly related to the competitive events with the most participation (the 50 and 100 m
distances). The 200 m distance was also often investigated, since its metabolic characteris-
tics are important determinants of the kinematic variables’ behaviour during these mixed
aerobic–anaerobic events [4,37]. Few studies have focused on the backstroke, breaststroke
and butterfly techniques at heavy, severe and extreme intensities.

The included trials used distinct evaluation protocols, with some analysing non-
breathing cycles [15,24,26,27,31,32,85,93,96,104,105,119–121,127] and other not reporting
the breathing condition or the inclusion of a specific space in which the participants were
not allowed to breathe [3,6,10,16,17,19,21–25,30,31,33,36,37,42,85,87,88,90,91,93,95,104,107,
108,111,112,115,116,122,124,126,127]. Even though breathing was shown to lead to coordi-
nation asymmetry [129], upper-limb-cycle kinematics with individual breathing patterns
presented IVV similarities to those in apnoea [41]. Data from trials that used a snorkel
for assessing oxygen consumption should be carefully analysed [4,25,30,34,35,42,86,89–
91,102,105,107,108,119,123]. Concerning the use of the hip vs. the centre of mass for
assessing IVV, it was clear that the latter was the most reliable method to measure kinemat-
ical variables, although some authors still consider hip movements to provide a good IVV
estimate [3,15]. These methods were previously compared with the hypothesis that the hip
represented the centre of mass (and not the opposite), which was considered a priori the
best methodology [15–17,19,20]. Future studies should clarify why the centre of mass is the
gold standard considering the complexity of evaluation.

As a consequence of specific front crawl intervention protocols, IVV decreased or
remained stable due to better swimming technique [6,102,106,111,113]. This also might have
happened in other swimming techniques, with butterfly IVV decreasing when the hands’
velocity at the end of the underwater path and the vertical velocity during the lower limbs’
actions increased, and the velocity during the hands’ entry decreased [111,113]. The hands,
trunk and lower limbs role are also fundamental for lowering IVV [4,6,93,126]. Even though
it is widely accepted that lower IVV should be achieved for enhanced performance, IVV has
no standardized values and is highly variable according to the studied population and the
methods used. Therefore, it would be very useful to implement more frequent intervention
programs with strategies to upgrade swimmers’ technique and overall performance.

Researchers have started to characterize swimming cycles’ shape and number of
peaks, developing quantification methods such as the absolute average velocity, root mean
square [10], coefficient of variation and range of maximum and minimum velocities in a
cycle [130]. Unfortunately, only one work compared these measurements [131], concluding
that the coefficient of variation was the only approach sensitive to the mean swimming
velocity and to the instantaneous velocity dispersion during the cycle. Mathematically,
it is the more accurate method for IVV quantification but it may overestimate its value
in breaststroke (due to this technique’s complexity regarding mechanical impulses and
coordination). Nevertheless, even this measure does not reflect the hydrodynamic drag
characteristics, and it may be helpful to develop a new method of IVV determination.

Swimmers at a higher level present higher IVV values due to their capacity to generate
and sustain the highest velocities (rather than being more economical), displaying larger
amplitude of velocity [36,124]. However, breaststrokers eliminated in the preliminaries
of a World Swimming Championships displayed higher IVV values than those that qual-
ified for the semi-finals [127], probably as a result of a very low minimal instantaneous
velocity (and not necessarily related to the maximal velocity value achieved within a cy-
cle). In short distances, depending on the swimming technique, better swimmers find
solutions to improve technical proficiency, producing high mechanical power to generate
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superior propulsive forces, reducing hydrodynamic drag, and adopting greater propulsive
continuity [33,34,38,41], which will cause different IVV.

The quality of the trials included in the current study can be questioned due to the
lack of detailed information and uncertainty of the evidence provided (being indeterminate
whether it would result in a high or low risk of bias). Disregarding the already mentioned
factors that influenced a high risk of bias, most variables were unclear because it the validity
and reliability of the exposure measurement were not mentioned, nor were the blinding
of the outcome assessment or even the information about whether swimmers belonged
to a larger sample. In the scope of swimming, experimental protocols aim to replicate
swimmers’ performance and are not usually registered in databases. Furthermore, the
current scoping review included trials since 1971 that were not as concerned about the
studies’ quality as is dictated today.

5. Study Limitations

The number of included trials highlighted the importance and utility of performing a
systematic scoping review in swimming IVV. We believe that including the Proceedings
Books of the Biomechanics and Medicine in Swimming Symposia strengthened our work,
since this book series contains several important documents that added relevant informa-
tion to the current review. This research aimed to provide an overall representation of the
IVV scope of competitive swimming, but we recognize that considering IVV calculations in
conditions such as using snorkelling or swimming with/without breathing could affect its
interpretation. For sake of the clarity, those studies were properly identified.

6. Conclusions

The current study compiles the studies available on the topic of the swimming IVV in
the most respected and well-known literature databases. We have described the literature
gaps and the most interesting IVV-related topics within almost the past century. IVV was
often used in front-crawl-related studies, involving mixed samples and senior swimmers
that performed at sprint intensity in swimming pools and were evaluated with cable
speedometer using an anatomical fixed point as a reference and that quantified IVV using
the coefficient of variation. There is a clear need for investigating backstroke, breaststroke
and butterfly swimming techniques performed at heavy, severe and extreme intensities.
Since these paces correspond to the characteristics of the official competitive events, it
would be imperative to assess them more often. Young and youth swimmers were less
studied, even though their performance development in swimming is important in their
training process throughout their careers. It would be very helpful to evaluate world-class
swimmers as well to acknowledge the top-level performers’ behaviour. Although there
is no proof that the coefficient of variation is the best measure to assess IVV, researchers
generally agreed that it best reflects the velocity fluctuations in swimming.

7. Future Directions

Future investigations should cover the gaps found in the current study to allow for
meaningful results and possible comparisons. IVV measurements should be revised, and a
new approach that accounts for hydrodynamic characteristics is welcome to standardize
results according to these factors. Future research should strive to reduce the risk of bias by
(i) attending to a balance between female and male swimmers, looking for better sample ho-
mogeneity; (ii) providing important personal characteristics; (iii) controlling the evaluation
conditions; (iv) providing the software validity and reliability; (v) blinding the outcome
evaluators; (vi) providing data on the inter-evaluator reliability of outcome measurement
or measures of error for the methodologies used (when applicable); (vii) providing infor-
mation about whether swimmers are part of larger samples; and (viii) pre-registering the
research protocols.
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Abstract: Postoperative shoulder activity after proximal humerus fracture treatment could influence
the outcomes of osteosynthesis and may depend on the rehabilitation protocol. This multi-centric
prospective study aimed at evaluating the feasibility of continuous shoulder activity monitoring
over the first six postoperative weeks, investigating potential differences between two different
rehabilitation protocols. Shoulder activity was assessed with pairs of accelerometer-based trackers
during the first six postoperative weeks in thirteen elderly patients having a complex proximal
humerus fracture treated with a locking plate. Shoulder angles and elevation events were evaluated
over time and compared between the two centers utilizing different standard rehabilitation protocols.
The overall mean shoulder angle ranged from 11◦ to 23◦, and the number of daily elevation events
was between 547 and 5756. Average angles showed longitudinal change <5◦ over 31 ± 10 days. The
number of events increased by 300% on average. Results of the two clinics exhibited no characteristic
differences for shoulder angle, but the number of events increased only for the site utilizing immediate
mobilization. In addition to considerable inter-patient variation, not the mean shoulder angle but
the number of elevations events increased markedly over time. Differences between the two sites in
number of daily events may be associated with the different rehabilitation protocols.

Keywords: shoulder activity; sensor; rehabilitation protocol; proximal humerus fracture

1. Introduction

Proximal humeral fractures are common fractures in the elderly and affecting up
to 111 per 100,000 persons per year [1]. In displaced three- or four-part fractures, open
reduction and internal fixation (ORIF) aims at the best possible restoration of shoulder
anatomy and thus shoulder function [2–4]. Shoulder function after ORIF mainly improves
between 3 and 12 months after surgery but acute loss of reduction usually happens within
6 weeks after surgery [5–8]. In addition to other factors such as the donor’s age and sex, bone
stock quality, complexity and reduction quality of the fracture, comorbidities, fixation type and
augmentation, the rehabilitation protocol may contribute to these early failures [9–18]. There
are differences in rehabilitation programs after ORIF whereas some surgeons stimulate
an immediate functional non-weight bearing rehabilitation program, while others have
a less aggressive approach and prefer an initial physiotherapist assisted rehabilitation
program [19]. It remains unclear what impact these different rehabilitation programs have
on postoperative patient satisfaction, return to function, complications and failures [20].
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Moreover, it remains challenging to capture the frequency and extent of shoulder activity
performed by a patient throughout the day. Technological advancements allow recording
patient activity via trackers and motion capture sensors, allowing continuous assessment
of activities of daily life for periods ranging from a few days up to several weeks [21,22].

The goal of this pilot study was threefold. The first aim was to evaluate the feasibility
of continuously monitoring shoulder activity over a period of several weeks. The second
aim was to describe the evolution of shoulder activity within the first six postoperative
weeks in proximal humerus fracture patients treated with locked plate osteosynthesis. The
third aim was to evaluate potential differences in the degree of postoperative shoulder
activity between two different rehabilitation protocols.

2. Materials and Methods

This multi-centric prospective study investigated shoulder activity with accelerometer-
based trackers during the first six postoperative weeks in elderly patients with a complex
proximal humerus fracture treated with the PHILOS plate (DePuy Synthes, Zuchwil,
Switzerland). The two study centers were the University Hospitals Leuven and Medical
University Innsbruck. Note that the study sites will be referred to in an anonymized manner
below. The study was approved by the local ethical committees (approval numbers S62376
and 1281/2018, respectively).

2.1. Patient Recruitment

Inclusion criteria were age ≥ 50 years, displaced or unstable three- or four-part
fracture of the proximal humerus (except isolated displaced fractures of the greater or lesser
tuberosity) treated with a plate and screw osteosynthesis (PHILOS locking plate—with or
without screw augmentation) within 10 days after injury, ability to understand the content
of the study and the patient consent form and voluntary signed informed consent.

Exclusion criteria were previous proximal humerus fracture on the ipsilateral limb,
humeral head impression/splitting fracture, fibula grafting, bone block or any other non-
cement augmentation of the PHILOS locking plate fixation, associated nerve or vessel
injury, serious fracture fixation issues such as too long screw, screw perforation through the
humeral head, or a broken screw or implant recognized directly on the first postoperative
X-ray. Other exclusion criteria were severe systematic diseases rated in class 4 and higher
of the American Society of Anesthesiologists (ASA) physical status classification, substance
abuse, prisoner, participation in another medical device or product study in the past month
that could affect this study, pregnancy, or pacemaker.

Patient data including age, gender, height, weight, residential status, injury side, arm
dominance and fracture type were collected at recruitment.

2.2. Postoperative Protocol

The two university hospitals used different postoperative rehabilitation protocols
according to their standard of care. In hospital H1, the patients were treated with a sling for
3 weeks and were only allowed passive and active-assisted mobilization under supervision
of a physiotherapist for the first 3 weeks. Patients in hospital H2 were treated without a
sling and allowed to mobilize without restrictions immediately. Physiotherapy was started
immediately postoperatively and prescribed 2–3 times per week in both hospitals.

2.3. Activity Tracking Apparatus and Procedure

Accelerometer sensors (AX3, Axivity Ltd., Newcastle upon Tyne, UK) [23] (Figure 1,
left) were used to measure shoulder activity continuously (24/7) for 6 weeks after the
operation in two consecutive 3-week periods. The length of the measurement period was
determined by the sensor’s battery and memory capacities. The first period started at the
latest 4 days postoperatively and ended at 21 ± 3 days, the second period started at the
same visit and ended at 42 ± 3 days. Two sensors were used for each patient and period.
One sensor was attached to the upper arm of the treated side, and another was located at
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the chest and served as a reference (Figure 1, right), allowing evaluation of the shoulder
angle as the orientation difference between both devices. Data recording was performed at
50 Hz frequency within ±4 g limits that were deemed suitable in a pilot evaluation. The
sensors were attached to the skin using a dedicated certified medical-grade adhesive tape
(3M 4077, 3M Medical Materials & Technologies, Oakdale, CA, USA). Attachment (directly
postoperatively and at the 3-week follow-up visit) and detachment (at the 3-week and
6-week follow-up visits) were performed by trained study personnel according to standard
operating procedures to ensure consistent sensor location and alignment. The start and end
time points of a given period were marked by knocking five times synchronously at both
arm and chest sensors. The patients were allowed to follow their normal daily activities
including showering with the attached device. At the end of the measurement periods and
after detachment, sensor data were downloaded using the Open Movement GUI software
(Open Movement project).

’

“ ”
“ ” – –

’

Figure 1. Accelerometer sensors (Axivity AX3, (left), source: https://axivity.com/) were attached
to the patients (illustrated on the (right)), on the chest (“1”) and on the back of the upper arm on
the treated side (“2”). Each sensor had its own coordinate system, indicated with the red–green–
blue arrows.

2.4. Data Processing

The raw data of the sensors were corrected, filtered, synchronized, and evaluated using
Matlab (R2020b, MathWorks, Natick, MA, USA) as follows. Calibration was performed to
compensate for imperfections in magnitude and directional errors of each sensor such that
the acceleration was measured in stationary position equal to 1.0 g (gravity, i.e., 9.81 m/s2

acceleration) in each direction, and the orientation of the measured vector is perpendicular
to the planar sides of the sensor’s housing when resting on a horizontal flat surface [24].
The detailed description of these calibrations is provided in Appendix A. The quantified
imperfections were used to correct the raw data.

Since the arm and chest sensors were recording independently, their data needed to
be synchronized in time. This required shifting and scaling operations based on the time
landmarks defined by the knocking events at attachment and detachment. Shifting was
achieved based on the starting point of the activity assessment, which was dictated by
five knocking events on both sensors directly after attachment. Scaling was evaluated and
corrected based on the lengths of the measurement periods of the two sensors determined
by the time difference of the initial and final knocking events; interpolation ensured that
the data were available at the same time points for both sensors.

The measurement noise of the raw data was alleviated using a combination of a low-
pass Butterworth filter with a cut-off of 5 Hz to remove high-frequency noise, which was
followed by a smoothing step using a moving average filter utilizing quadratic regression
with a window size of 60 ms.

Shoulder angle was calculated as the rotational difference between the coordinate
systems of the arm sensor versus the chest sensor (Figure 1, right). The calculation method
was validated in an experimental setup to ensure <2◦ accuracy in the angles between the
two sensors. The 0◦ angle was defined at the initial knocking event performed directly
after sensor attachment, at neutral position of the shoulder with the patient being in an
upright position. Due to the limitation that accelerometer sensors can determine their
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orientation only with respect to the gravity vector in steady states, it was not possible to
discriminate the different anatomical components of shoulder rotation. Thus, only a single
shoulder angle integrating components of flexion–extension and adduction–abduction
could be determined. Large acceleration events, i.e., >1.5 g, were excluded to ensure
reliable orientation assessment for the sensors. Moreover, the part of the data related to
the sleeping and resting periods of the patients was excluded, as these periods were not
of primary interest and could not be reliably assessed due to the technical limitations
of accelerometers and their attachment to the skin. Therefore, the final evaluation was
restricted to periods when the upper body posture was between−30◦ and +30◦, as assessed
by the chest sensor.

Shoulder elevations, referred to below as “events”, were determined as peaks between
increasing and subsequent decreasing angle in the shoulder activity data with a minimum
prominence of 10◦.

The average magnitude of shoulder angles and number of shoulder elevation events
were evaluated for each post-operative day. Additionally, the changes compared to the
direct postoperative status; i.e., the average of the 2–5 postoperative days were evaluated
for both the average shoulder angle and number of elevation events. These relative values
allowed for a more direct comparison between patients. The two different rehabilitation
protocols were compared by averaging the data of all patients per hospital and comparing
the outcomes of the hospitals.

3. Results

This feasibility study included 14 patients (11 women and 3 men), with seven patients
treated in each hospital H1 and H2 (Table 1). One patient from hospital H2 had to be
excluded from follow-up because of discomfort wearing the activity trackers. Mean age at
time of surgery for the remaining thirteen patients was 63 ± 8 years. Five patients were
living alone. The injured and tracked arm was the dominant arm in eight patients. Sling
removal time was 23 ± 4.5 days and 2 ± 1.5 days in hospitals H1 and H2, respectively.

Table 1. Demographic data, shoulder angles and number of daily shoulder elevation events of the
patients involved in the study. Sex: F = female and M = male. SD refers to standard deviation.

Patient ID
Age in
Years

Sex
Shoulder Angle in ◦ Number of Daily Events

Mean SD Mean SD

H1_P01 79 F 14 6.9 1325 357
H1_P02 60 F 18 9.7 3170 554
H1_P03 52 F 17.9 12.1 5756 1440
H1_P05 58 M 12 7.9 3267 693
H1_P06 72 F 11 8 547 159
H1_P07 58 F 23 9.9 4073 1305
H2_P01 61 F 16.4 4.8 3942 2016
H2_P01 76 F 11.8 4.6 1996 1450
H2_P03 63 F 14.8 6.2 5407 1558
H2_P04 56 F 16.3 9.3 4109 1684
H2_P05 69 F 11.3 7.1 3421 1468
H2_P06 54 M 18.6 9.2 3385 1434
H2_P07 58 M 15.3 8.1 2517 1040

The total recording time was on average 31 ± 10 days (mean ± standard deviation
(SD)). Ten patients had measurements in both first and second 3-weeks periods. Two pa-
tients had mild adverse event in form of skin irritation or reactions at the sensor attachment
site during the first recording period and could not complete the second period. All adverse
events were fully resolved by three months. Another four patients experienced mildly
irritated, red skin but were able to take part in the second recording period.

The tracker of four patients ran out of battery before the end of the measurement
period, and thus, the collected data were not complete. A single sensor broke and did not
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allow the data to be accessed. Six patients reported incidents of tape detachment; these
were reattached by the patients themselves. Wherever possible, the date and time of de-
and reattachments were assessed by the patient and the study personnel. Analysis of the
sensor data allowed to identify and correct or exclude these parts of the data.

The overall mean shoulder angle ranged between 11◦ and 23◦ in all patients (Table 1).
The evolution of daily average of shoulder angle over time showed no longitudinal change
for most patients (Figure 2 top and middle). This trend was confirmed by the evolution of
the relative change of shoulder angle compared to the direct postoperative days, remaining
smaller than 5◦ (Figure 2, bottom).

Figure 2. Daily average shoulder angle results. (Top): the mean (blue line) and standard devia-
tion (gray zone) of shoulder angle for each postoperative day of a patient (H2_P04). The overall
mean ± standard deviation of shoulder angle for the entire tracking period of this patient was
16.3 ± 9.3◦. (Middle): absolute daily average of the shoulder angles for each patient. (Bottom):
normalized (compared to the direct postoperative state) daily average of the shoulder angles for each
patient. Note that the data were not available throughout the entire six-week period for some patients.
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The overall average number of daily shoulder elevation events ranged between 547
and 5756 in all patients (Table 1). The number of daily events increased for most but not all
patients (Figures 3 and 4, top). The relative change of daily event numbers compared to
the direct postoperative days showed an increasing trend over time, reaching up to 300%
increase (Figure 4, bottom).

Figure 3. Number of shoulder elevation events of one patient (H2_P04). (Top): evolution of the
number of shoulder elevation events throughout the tracking period. (Bottom): evolution of the
number of shoulder elevation events throughout the tracking period categorized into three ranges
according to the maximum shoulder angle reached. The daily mean± standard deviation of shoulder
elevation events of this patient was 4109 ± 1684.

There were no characteristic differences between the two clinical sites, i.e., rehabilita-
tion protocols, in terms of the longitudinal evolution of the change in the average shoulder
angle (Figure 5). However, the evolution of the percentile changes in the number of events
relative to the postoperative period was increasing for H2 but not for H1, and the differences
between sites became more pronounced for higher elevation thresholds (Figure 6).

138



Bioengineering 2023, 10, 128

Figure 4. Absolute (top) and relative ((bottom), compared to the direct postoperative state) number
of daily shoulder elevations larger than 10◦, shown for each patient. Note that the data were not
available throughout the entire six-week period for some patients.

Figure 5. Comparison of the average results of the two clinical sites, i.e., rehabilitation protocols, in
terms of the change in the shoulder angle compared to the direct postoperative period.
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Figure 6. Comparison of the average results of the two clinical sites, i.e., rehabilitation protocols, in
terms of the change in the total number of shoulder elevation events over time. The sub-figures show
the data for shoulder elevation events beyond 10◦ (top), 20◦ (middle) and 30◦ (bottom).

4. Discussion

The primary findings of this study were that in patients after proximal humerus frac-
ture undergoing ORIF, the mean shoulder angle varied up to a factor 2 between individuals,
but it hardly increases in the first six weeks. The number of events exhibited a 10-fold
difference between subjects, and the time evolution of event numbers showed an increasing
trend. The comparison of the two hospitals indicated that the rehabilitation protocol might
affect the number of daily shoulder elevation events with patients following an immediate
functional non-weight bearing rehabilitation program having a higher number of events,
especially for large shoulder angles.
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Postoperative rehabilitation protocols after proximal humerus ORIF vary substantially
between different hospitals and surgical centers ranging from strict immobilization using a
shoulder sling to a more progressive, functional non-weight-bearing approach without sling
immobilization [25]. If immobilized, the duration of postoperative sling usage ranged from
none to eight weeks [25]. A recent review summarizing five comparative studies did not
find any benefit of longer sling immobilization compared to early functional therapy. While
exercise and early functional mobilization is clearly advised, the amount and influence
of postoperative mobilization and its effect on clinical and subjective outcomes as well as
revision and failure rates are still unknown [26,27].

When recording physical activity or joint motion, wearable activity trackers are fre-
quently used, and single day data acquisition was our method of choice [28]. While this
might be less burdensome for the patient in comparison to long-term recording, the informa-
tive value of these data is limited and long-term recordings are recommended. To the best
of the authors’ knowledge, the present work represents the first study providing detailed
insights into the longitudinal evolution of postoperative shoulder activity of surgically
treated patients with proximal humerus fracture. The relevance of long-term measurement
was underlined by the time evolution of the assessed parameters. Although the average
daily shoulder angles remained fairly constant over time, the number of shoulder angles
showed an increasing trend over time, exhibiting important differences between patients,
especially after three weeks postoperatively and in particular for large shoulder angle
events. These may be related to the different rehabilitation protocols adopted by both in-
vestigation sites. While in the first two weeks, there is no difference with regard to the total
number of elevation events >10◦, an increased number of events for patients following the
unrestricted, i.e., non-weight bearing, rehabilitation protocol was recorded thereafter. For
non-operatively treated proximal humerus fractures, early active rehabilitation yields equal
complications and shoulder functions as prolonged sling immobilization and restricted
rehabilitation [26,29]. Similarly, the present data suggest a potential benefit of early active
rehabilitation in terms of faster return to motion and function compared to a more restricted
rehabilitation protocol. Nevertheless, the influence of a patients’ preoperative activity level
on the amount of shoulder activity in the early postoperative phase is still unknown, and
therefore, caution is needed when interpreting these results.

Recording detailed postoperative shoulder activity, using wearables is challenging,
and little high-quality knowledge exists. Van de Kleut et al. investigated daily shoulder
activity before and after reverse Total Shoulder Arthroplasty (rTSA) using Inertial Measure-
ment Units (IMUs) [30]. Their results showed an increased frequency of arm elevations to
higher angles but no difference in the amount of time spent in the elevation. Moreover,
shoulder elevation accounted for less than 1% of daily shoulder motion, and even after one
year postoperatively, patients spent more than 95% of the day in shoulder angles below
60◦ [30]. These results compare to the present work, where patients spent 94% of the time
in shoulder angles below 40◦. The initial increase in shoulder events seen in the present
study may be due to postoperative physiotherapy, which is in line with previously reported
data showing a significant increase in events only in the early postoperative period but
not thereafter [30]. This can be explained by the fact that physiotherapy is adapted to the
state of the patient starting with simple exercises that become more challenging over time.
Therefore, it is more likely to see a general increase in activity over time which is the case in
the present work. Furthermore, physiotherapy is performed only during a limited amount
of time during the day and might therefore have only a limited effect on daily shoulder
activity. In general, the present data show that after open reduction and internal fixation,
the shoulder activity level of patients is low and that the early return to full range of motion
is not seen in the first weeks.

This study has some limitations. The small number of patients included into this pilot
study did not allow for meaningful statistical analysis to be performed, but the indicated
trends can be used to design more specific and focused investigations. Moreover, the
feasibility of long-term tracking was assessed, providing novel insights and highlighting
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potential pitfalls. Technical limitations included the issue that the battery of the activity
trackers did not always last for the desired time window of three weeks. Since for the
calculation of the shoulder angle, the recordings of both activity trackers are necessary,
the analysis could only be conducted as long as both activity trackers were functional.
Detachment of the tape fixing the sensors occurred due to the loss of adhesion to the skin
or ruptures of the material, causing a partial unavailability of data until reattachment. The
assessed shoulder angles were not validated against optical tracking techniques. However,
the method for calculating the shoulder angle used here was similar to the one applied by
Chapman et al. [31], who validated their results against a laboratory motion capture system
and reported errors smaller than 2◦ for abduction, forward flexion, internal and external
rotation. In addition, over the long-term, i.e., days to weeks, activity monitoring application
with thousands of events, the accuracy of a single event is less critical as the focus is on
behavioral change and the large data sample compensates for a potentially lower accuracy
compared to what would be needed during a single functional test. Shoulder activity
monitoring by counting events beyond certain joint angle thresholds may be affected by the
lifestyle of the subject. Thus, correct interpretation of the absolute number of events would
require a pre-trauma reference. With the latter being hardly possible, in future studies, the
unaffected shoulder could be monitored simultaneously for an intra-subject reference and
potential transfer of activities during the rehabilitation phase.

5. Conclusions

Activity tracker-based continuous shoulder activity assessment in patients with a
complex proximal humerus fracture treated with a locking plate was feasible and revealed
that the mean value of the shoulder angle had up to two times differences between in-
dividuals but hardly increased during the first 6 postoperative weeks for most patients.
Up to 10-fold differences in the daily shoulder elevation events between patients could be
seen. There was a considerable difference in the number of shoulder elevation events > 10◦

between patients of both hospitals, which may be due to different rehabilitation protocols.
Event counts above a functionally demanding threshold seemed to be the most sensi-
tive digital mobility parameter monitoring post-traumatic recovery and may streamline
wearable sensor data analysis in future studies as well as establish comparability between
trials. These observations require confirmation by future studies including a larger cohort.
When applied to a larger group of patients, the presented methods could be used in future
studies to objectively and functionally evaluate the effect of postoperative activity on the
outcomes of proximal humerus fracture fixation and to assess patient compliance. The re-
sulting data could serve as the basis for developing improved and potentially personalized
rehabilitation protocols and guidance for the patient.
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Appendix A. Sensor Data Processing

Magnitude calibration of the activity sensors was performed by calculating a correction
factor to rescale the vector magnitude in stationary periods to the value of 1 g (9.81 m/s2)
in numerous directions. The sensor was mounted to a special vise allowing angulations in
two directions, and acceleration data were recorded for 20 s of stationary periods. This was
repeated for different orientations covering a sphere with steps on 10◦. Imperfections in
the offset (eccentricity) and magnitude (scaling) were corrected via iterative closest point
fitting of the measured points to the target unit sphere (Figure A1). The resulting correction
factors were used to correct the recorded data.
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Figure A1. Illustration of the accelerometer’s magnitude calibration. Data points shown in blue
represent accelerations in units of gravity measured in different directions for stationary periods, and
the red circle shows the target unit sphere with a radius of 1 g. Imperfections before calibration (a)
are resolved by the corrections after calibration (b).

Directional calibration of the sensors aimed to correct for potential obliqueness of
the sensor positioning within the housing. Acceleration data were recorded for 10 s of
stationary periods while positioning the housing with one of its sides on a horizontal
surface. Correction was then applied to match recorded data with the target unit vector of
1 g length for each side.
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Abstract: Femoral neck fractures in young adults are uncommon, resulting from high-energy trauma.
Despite their infrequency in this population, there is higher rate of complications, especially in the
more vertical fracture line, classified by Pauwels as a type-3 femoral neck fracture. The implant type
is of paramount importance for maintaining anatomical reduction, since it must resist the deforming
forces that act on the fracture. We comparatively evaluated two constructions of the novel locking
autocompression implant (X-PIN and X-PIN+P) using the finite element method and previously
established methods for treating Pauwels type-3 femoral neck fractures. Six fixation models were
developed for the study: a dynamic hip screw (DHS), a DHS with an anti-rotation screw (DHS+P), the
inverted triangle multiple cannulated screws construction (ASNIS), the multiple cannulated screws in
an L-configuration (L), and the two models of the novel locking autocompression screw (X-PIN and
X-PIN+P). Under the same conditions with a load of 2100 N, the following parameters were evaluated
using SIMLAB® software: the main maximum (Max P), main minimum (Min P), localized maximum
P1 (Max P1), localized maximum P2 (Max P2), total displacement, localized displacement, rotation
displacement, and von Mises stress. Compared to the DHS+P and ASNIS models, the X-PIN+P model
presented, respectively, increases of 51.6% and 64.7% for Max P, 85% and 247% for Min P, and 18.9%
and 166.7% for von Mises stress. Max P1 did not differ between the models, but Max P2 was 55%
and 50% lower for X-PIN+P than ASNIS and L, respectively. All displacement values were lower for
X-PIN+P than the other models. In this FEM testing, the X-PIN+P was superior to the other models,
which was due to improvement in all parameters of stress distribution, displacement, and von Mises
stress compared to models using a lateral plate (DHS and DHS+P) or not (ASNIS and L).

Keywords: femoral neck fracture; internal fixation; intramedullary fixation; finite element analysis

1. Introduction

Femoral neck fractures (FNF) in young adults are uncommon, accounting for 3% of
all hip fractures, and usually result from high-energy trauma [1,2]. Treatment is focused
on preserving the proximal extremity of the femur through anatomical reduction and
stable internal fixation [3,4]. Despite their infrequency in the younger population, there is
higher rate of femoral head osteonecrosis and nonunion, which directly contribute to a poor
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outcome and uneventfully are associated with reoperations and salvage procedures [2].
Although many factors have been shown to play a significant role in preventing these
devastating complications, the quality of the reduction and its maintenance are the main
recognized factors in reducing the risk of avascular necrosis of the head and nonunion
of the femoral neck [2,4]. Epidemiological studies have shown up to a 59% nonunion
incidence in FNF and from 12–86% avascular necrosis incidence in young patients after
femoral neck fracture [2,5–7], with implant failure occurring in approximately 10% of cases
in young patients [8].

The implant type is of paramount importance for maintaining anatomical reduction,
since it must resist the deforming forces that act on the fracture focus [9]. The more unstable
the fracture plane, the more critical this becomes, e.g., in Pauwels type-3 (P3) fractures,
in which a dominant shear force is inherent to the fracture pattern, resulting in a higher
rate of failure and nonunion [2,8–10]. The deformities often seen are varus angulation
and inferior translation of the proximal femoral neck/head fragment, with failure often
resulting after a non-anatomic reduction and inadequate fixation [2]. Thus, the search
for effective methods of internal fixation has become the focus of scientific research over
the years, resulting in the development of numerous implants that combine intra- and
extramedullary characteristics [10–14].

Currently, the sliding hip screw, combined or not with an anti-rotation (or erotational)
screw, is considered the standard implant in P3 FNF [7,10]. Several authors have shown
that the sliding hip screw has less inferior femoral head displacement, less shearing dis-
placement, and a greater load to failure when compared to multiple cannulated cancellous
screws [9–13]. Bonnaire and Weber [15] observed that the sliding hip screw with the derota-
tional screw presents the best mechanical environment for this challenging fracture pattern.
Although the sliding hip screw has been found to be very effective in treating Pauwels
type-3 femoral neck fractures, care should be taken in significantly comminuted fractures
in a vertical orientation [16,17].

Despite the sliding hip screw’s superior mechanical strength to other extramedullary
implants, problems related mainly to its inability to control rotation, especially when
an additional derotational screw is not used, with varus subsidence and femoral neck
shortening, which alter hip offset, have been reported in the literature [18]. This is mainly
because the cephalic screw gradually slides, causing impaction of the fracture focus, which
is greater in a malreduced fracture and in cases where the anti-rotation screw is not used.
Thus, our hypothesis was that an implant which retained the main characteristics of existing
systems (such as the cephalic screw and an intra- or extramedullary anchorage stop) but
prevented the progressive collapse of the femoral neck during the healing process could
minimize the rate of complications observed in young adult FNF. Indeed, some authors
showed a reduced load-to-failure with the fixed-angle proximal femoral locking plate
(PFLP), potentially minimizing femoral neck shortening and other complications [16,19,20].
Liporace et al. reported a nonunion rate of 8% for Pauwels type-3 FNF treated a PFLP,
compared with 19%i n those treated with multiple cannulated screws [20].

The main objective of this study is to evaluate the biomechanical behavior of a locking
autocompression screw, called X-PIN, and a variant (X-PIN+P) in P3 FNF using a finite
element model (FEM). The secondary objective was to compare the results of this model
with clinically established fixation methods for FNF.

2. Materials and Methods

A fourth generation 3908 virtual model of the femur (Sawbones, Seattle, WA, USA)
was used, which corresponds to a physical model with 17 pounds per cubic foot and
characterizes the model as a young adult femur [21]. A full section was performed in the
middle third of the femoral neck at an angle of 70◦ to the ground, which is considered a P3
fracture. Although some controversy still exists over the exact interpretation of Pauwels’
original description, current accepted interpretation is that type III fractures contain a
fracture line oriented 70 degrees from the horizontal, which is considered inherently
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biomechanically unstable due to the shearing displacement [17]. No coefficient of friction
value was added to the fracture surface (Figure 1).

Figure 1. Representation of a Pauwels type-3 neck fracture. Note that the fracture line is oriented
70 degrees from the horizontal.

The X-PIN model features a main screw with 12.7 mm of distal diameter and 13 mm
of proximal diameter, both extremities with threads of different pitches and areas, allowing
compression between the fractured fragments, and a 4.7 mm locking screw that crosses
the main screw through a smooth hole and anchors bicortically. The only change in the
X-PIN+P model was a fully threaded 4.7 mm screw, positioned from posterior to anterior
along the femoral neck, transfixing the fracture without a sliding tunnel, thus acting as a
position screw (Figure 2).

Figure 2. Representation of the X-PIN (left side) and the X-PIN+P. Observe that both extremities
of the main screw have threads of different pitches and areas, allowing compression between the
fractured fragments. A 4.7 mm locking screw (represented in pink) crosses the main screw from
superior to inferior through a smooth hole and anchors bicortically. In the X-PIN+P model, a third
screw (a fully threaded 4.7 mm screw, represented in blue) acts as a position screw from posterior to
anterior along the femoral neck, transfixing the fracture without a sliding tunnel.
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For biomechanical comparison, we used a 135◦ dynamic hip screw (DHS) and a
7.0 mm cannulated screw, both manufactured by Hexagon Ltd. (São Paulo, SP, Brazil), in
conformity with models approved for clinical use by the Brazilian National Regulatory
Agency (ANVISA—Agência Nacional de Vigilância Sanitária).

The models were abbreviated according to implant type: DHS, DHS with anti-rotation
screw (DHS+P), inverted triangle multiple cannulated screws (ASNIS), multiple cannulated
screws in an L-configuration (L), and X-PIN and X-PIN+P (the new autocompression
system) (Figure 3).

Figure 3. Illustrations of the included synthesis models. (*): posterior region; (A) coronal view of the
proximal femur; (B) axial view of the proximal femur.

For the simulations, the material properties, modulus of elasticity, and Poisson’s
coefficient of each of the parts of the digital models (cortical bone, trabecular bone, and
steel alloy) were previously defined. All metallic models in this study shared a common
alloy (Table 1).

Table 1. Material properties.

Material Material Properties
Modulus of Elasticity (MPa) Poisson’s Coefficient (V)

Cortical bone 16,350 0.26
Trabecular bone 137 0.30
Syntheses (steel) 200,000 0.33

After controlling the meshes of each part to certify perfect contact between the different
structures, the regions of load application in the X, Y, and Z axes were selected. For the
study, a 2100 N load was applied in the Z axis (which corresponds to the stress applied to
the femur of a young adult weighing 70 kg in single-leg stance); no loads were applied to
both the X and Y axes. Subsequently, the movement restriction regions (fixations) were
delimited, marked in all directions of the X, Y, and Z axes to guarantee the stability of
the system. A tetrahedral mesh formation was adopted for the meshes, and the models
were tested with a 10◦ inclination in the Z axis (lateral) and a 9◦ inclination in the Y axis
(posterior), with the load applied perpendicular to the ground in the superior region of
the femoral head (Figure 4). The decision to adopt a single-leg stance was based on the
observation that the bulk of the body weight mainly relies on the hip joint in this position,
thus adequately representing the related forces acting around this joint when the whole
body is standing on one foot [22].
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Figure 4. (A,B) Model of the virtual femur representing the inclination used in the tests; (C) the
conditions and contours used during the test: load application area (blue with small arrows), load
direction (larger arrow) and attachment area (purple).

Data on the displacement and stress in the FEM were collected, including the total
principal maximum (Max P), localized maximum P1 (Max P1: area of greatest tension in
the upper region of the femoral neck), localized maximum P2 (Max P2: area of greatest
tension in the lateral peri-implant region of the femur), total principal minimum (Min P),
presented as a negative value to represent the application axis, total displacement, localized
displacement (displacement of the fracture focus), rotation deviation, and distribution of
von Mises stress.

The Max P1 and P2 values were calculated using the mean tension obtained in the
nodes of the most affected region for each group. The rotation displacement was calculated
by observing two coincident elements on opposite sides of the fracture before and after
loading to evaluate their displacement (Figure 5).

Figure 5. Upper left, nodes on the anterior face of the femoral neck selected for rotation deviation
assessment (pre-test). Upper right, skewed nodes (post-test). In the two lower images, the pre- and
post-test nodes at higher magnification. Observe that nodes are shown in red color in both figures.

The von Mises stress was captured in the synthesis material of the models and all the
results are presented in absolute values and percentiles between the models.
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3. Results

All results are presented for the DHS, DHS+P, ASNIS, L, X-PIN, and XPIN+P models
in Table 2.

Table 2. Results for each model.

Models

Analysis X-PIN X-PIN+P DHS DHS+P ASNIS L

Max total (MPa) 582 1078 607 711 654.3 501
Min total (MPa) −856 −959 −765 −517 −276 −597
Max P1 (MPa) 28 25 29 24 23 19
Max P2 (MPa) 31 21 36 27 47 42

Total displacement. (mm) 9 2.41 8.4 7.1 9.2 8.7
Local displacement (mm) 2.6 0.8 2.1 1.2 2 1.7

Rotational displacement (mm) 4.1 1.1 3.5 1.5 2.6 2.3
Von Mises stress (MPa) 988 1195 859 1005 448 393

Max P1: localized maximum P1 (area of greatest tension in the upper region of the femoral neck); Max P2:
localized maximum P2 (area of greatest tension in the lateral peri-implant region of the femur).

The Max P values were 607, 711, 654.3, 501, 582, and 1078 MPa (Figure 6). The X-Pin+P
model results were 51.6% and 64.7% higher than the DHS+P and ASNIS models, respectively.

Figure 6. Maximum principal tension in the models.

The Min P values were “−765”, “−517”, “−276”, “−597”, “−856”, and “−959” MPa
(Figure 7), with the X-PIN+P results 85% and 247% higher than DHS+P and ASNIS, respectively.
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Figure 7. Minimum principal tension in the models.

The Max P1 values were 29, 24, 23, 19, 28, and 25 MPa (Figure 8A). The models were
balanced except for the L model, which had a lower value. The Max P2 values were 36,
27, 47, 42, 31, and 21 MPa (Figure 8B), with the X-PIN+P results 55% and 50% lower than
ASNIS and L (the multiple cannulated screw models), respectively.

Figure 8. (A) Maximum local tension P1; (B) maximum local tension P2.

The total displacement values were 8.4, 7.1, 9.2, 8.7, 9.0, and 2.4 mm. (Figure 9A),
with the X-PIN+P results 66% and 73% lower than DHS+P and ASNIS, respectively. The
localized displacement values were 2.1, 1.2, 2.0, 1.7, 2.6, and 0.8 mm (Figure 9B), while
those of rotation deviation were 3.5, 1.5, 2.6, 2.3, 4.1, and 1.1 mm, with X-PIN+P lower than
the other models.
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Figure 9. (A) Total displacement for each model; (B) localized displacement for each model.

Finally, the von Mises values were 859, 1005, 448, 393, 955, and 1195 MPa, with the
X-PIN+P results 18% and 166% higher than DHS+P and ASNIS, respectively (Figure 10).
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               Figure 10. Von Mises stress in each group.

4. Discussion

FNF in young adults have been the subject of several studies, especially P3 femoral
neck fractures, due to the inherent instability of the vertical fracture line. Although the
sliding hip screw is considered standard for this fracture pattern, the mechanical and
biological failure rates are still not very acceptable. In addition, a large amount of bone is
removed making later reconstructions difficult if required and there is a higher possibility
of damaging the femoral head blood supply if the implant is imperfectly placed or there
is a mechanical failure with varus collapse of the head [2]. Thus, it is necessary to study
new designs and implant configurations for P3 FNF to mechanically improve the fixation,
reducing or avoiding the deforming forces acting at the proximal extremity of the femur.

In this scenario, the X-PIN model was developed and tested in vitro using FEM, a
fundamental tool for biomechanical investigations in orthopedics [23,24]. FEM verification
focuses on the mathematical aspects, determining if the solution that has been computed is
accurate, which has been validated in a number of studies for this purpose [14,21,25–27].
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By allowing implant design projects and experimental tests, FEM provides understanding
of the biomechanics of the bone synthesis material, effectively and efficiently evaluating
several variables, such as implant variations and surgical techniques, to optimize not
only the design, but also screening, prediction, and treatment in orthopedics [23]. In the
present study, the new X-PIN device, especially when combined with an anti-rotation
screw (X-PIN+P), was biomechanically superior to all other implants tested (DHS, DHS+P,
ANIS, and L). In particular, the von Mises stress was higher and the total displacement
was lower in the X-PIN+P group than in the other groups, which translates into greater
stress absorption, especially when the values of these two measurements are observed
together. The lower von Mises stress on the main screw of the X-PIN+P compared to the
X-PIN was chiefly due to its function as a position screw, which acted to protect the main
cephalic screw of the X-PIN. The position screw in X-PIN+P generally led to better stress
distribution than the X-PIN in all analyses. In a certain way, this is observed with the
sliding hip screw when used with an anti-rotation screw [15].

Recently, other systems in which the sliding screw is locked by another screw have
been biomechanically and clinically investigated. Moon et al. [28] compared the stability of
proximal fragment fixation and the mechanical characteristics in proximal femur models
of a basicervical femoral neck fracture fixed by the new Femoral Neck System (FNS) vs. a
sliding hip screw (the DHS). They used 20 composite femurs whose density was customized
to young adult characteristics and a Pauwels type 2 femur neck fracture. No significant
differences were found in the mean values of axial stiffness, rotation in the X, Y, and Z axes,
cranial and axial migration of screws within the femoral head, or failure under vertical load.
They concluded that a femoral neck system provides comparable biomechanical stability
to the DHS for treating displaced femoral neck fractures in young adults. Unfortunately,
their conclusion cannot be extrapolated to the more vertical P3 FNF. Davidson et al. [29]
conducted a multicenter retrospective cohort analysis of patients treated with a femoral
neck system, including 102 patients with a mean follow-up of 7 months. The fractures were
classified according to the Garden system rather than Pauwels system. Overall, the revision
rate was 9.2% (14 patients with implant cut-out, 10 with osteonecrosis of the femoral
head, 8 with nonunion, and 8 requiring implant removal). The authors concluded that the
femoral neck system is a safe treatment option for FNF, with failure rates comparable to
those reported for other frequently used implants for this fracture type. Although we have
not tested the femoral neck system, our findings cannot, even indirectly, be compared to
those of these authors, since they did not use the Pauwels system.

Regarding distribution of the main maximum stresses in our study, the X-PIN+P
was similar to the DHS and the DHS+P, but with better distribution. One hypothesis for
this is the different cephalic screw locking system, with a screw inserted obliquely, more
medially, and bicortically. Freitas et al. [30] found the same behavior in a similar study with
a metaphyseal nailing system. Similarly, it can be interpreted that the oblique bicortical
locking screw acts as a buttress mechanism, allowing angular stability and preventing
proximal and distal migration of the cephalic screw.

It is interesting to note that the lack of a lateral plate on the femur (ASNIS and L)
increased the load on this cortex, producing local weakness that is normally observed in
clinical studies using only screws to fix P3 FNFs [31–33]. This could be a critical point in the
new X-PIN system, since there is no lateral plate. However, the peri-implant stress in X-PIN
and X-PIN+P was lower than that of the ASNIS and L models, showing that the lateral
cortex of the femur is not weakened with the new system. Furthermore, the localized and
rotation displacements were similar in the DHS+P and X-PIN+P groups, with lower values
than the other groups. Finally, regarding distribution of the main maximum stresses, the
X-PIN+P was similar to the DHS and the DHS+P, but with better distribution.

The main limitation of our study is the comparison between our findings with those of
other biomechanical benchtop and clinical studies that did not use previous FEM analysis,
which could be subject to several types of bias. The results of FEM can be influenced by
several factors, such as the software, the types of meshes and elements, the minimum
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differences in conditions, and the contours. On the other hand, the results of benchtop
tests have not always matched the clinical experience and a computer simulation might
be indicated instead of idealized, simple models often used in experimental tests [34].
Augat et al. [34] stated that biomechanical studies typically have a higher sensitivity to
detect a true difference between groups in a timely and cost-effective manner compared
with clinical studies. Moreover, “if research precedes implant design, the results can lead to
innovative solutions in a systematic, evidence-based strategy” [34]. Nevertheless, although
our findings look promising for the X-PIN system, especially when combined with an
anti-rotation screw (X-PIN+P), we strongly recommend extrinsic comparison to make sure
that the biomechanical characteristics of these implants are reproducible under different
conditions, such as benchtop tests or even clinical application in P3 FNF. In continued
FEM analysis, we are formatting prototypes and conducting bench tests to be tested in
other in vitro experiments under controlled conditions. Finally, as this is a controlled
FEM analysis, we cannot assess the technical difficulty of placing the implant in a clinical
situation. Future studies that will be carried out in phase 3 (clinical studies) will be able to
show more assertively the step by step process of the X-PIN operative technique.

The main strength of our study is that stress distribution was better in X-PIN+P than
DHS or DHS+P and, thus, was apparently superior to implants developed to treat the
difficult condition of P3 FNF in young adults. Although we have not compared the X-PIN
and X-PIN+P with the more contemporary implants such as the Synthes Femoral Neck
System, the Rotationally Stable Screw-Anchor (RoSA) and the InterTan nail, biomechanical
studies have shown that both mean axial stiffness and mean torsional stiffness of these
implants were comparable to that of the DHS, especially when fractures were stabilized
using the sliding hip screw system with a blade [35–37].

5. Conclusions

In FEM testing, the X-PIN+P was superior to the other models, which was due to
improvement in all parameters of stress distribution, displacement, and von Mises stress
compared to models using a lateral plate (DHS and DHS+P) or not (ASNIS and L).
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Abstract: The management strategies of thoracolumbar (TL) burst fractures include posterior, an-
terior, and combined approaches. However, the rigid constructs pose a risk of proximal junctional
failure. In this study, we aim to systemically evaluate the biomechanical performance of different
TL reconstruction constructs using finite element analysis. Furthermore, we investigate the motion
and the stress on the proximal junctional level adjacent to the constructs. We used a T10-L3 finite
element model and simulated L1 burst fracture. Reconstruction with posterior instrumentation
(PI) alone (U2L2 and U1L1+(intermediate screw) and three-column spinal reconstruction (TCSR)
constructs (U1L1+PMMA and U1L1+Cage) were compared. Long-segment PI resulted in greater
global motion reduction compared to constructs with short-segment PI. TCSR constructs provided
better stabilization in L1 compared to PI alone. Decreased intradiscal and intravertebral pressure in
the proximal level were observed in U1L1+IS, U1L1+PMMA, and U1L1+Cage compared to U2L2. The
stress and strain energy of the pedicle screws decreased when anterior reconstruction was performed
in addition to PI. We showed that TCSR with anterior reconstruction and SSPI provided sufficient
immobilization while offering additional advantages in the preservation of physiological motion, the
decreased burden on the proximal junctional level, and lower risk of implant failure.

Keywords: finite element; proximal junctional failure; spinal reconstruction; thoracolumbar

1. Introduction

Burst fractures in the thoracolumbar (TL) spine are biomechanically characterized by
the compression and failure of the anterior and middle spinal columns [1]. The management
of TL burst fractures remains challenging, and different treatment strategies are available.
These include posterior instrumentation (PI), anterior reconstruction, and three-column
spinal reconstruction (TCSR) with combined PI and anterior reconstruction having been
reported and deliberated on in the literature [2–4]. Among the different approaches, TCSR
combined PI and anterior reconstruction with PMMA augmentation or titanium strut graft
has been shown to provide immediate stabilization and restore spinal integrity in highly
comminuted burst fractures [2]. Clinical studies have reported the advantages of TCSR
over stand-alone PI or anterior-only surgery, including better neurological improvement,
stability, restoration of sagittal balance, and less implant failure [2–4].

However, the rigid nature of the constructs increases the risk of adjacent segment com-
plications. Adjacent compression fractures or adjacent disc degeneration at the proximal
junctional level are devastating and result in proximal junctional failure (PJF) [5]. PJF can
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lead to spinal cord compression, spinal instability, and kyphotic deformity, which often
require a second surgery. Reported risk factors for PJF include osteoporosis, older age,
greater preoperative sagittal imbalance, and longer-segment fixation [6,7].

Compared to conventional long-segment PI (LSPI), which involves instrumentation
at two levels above and below the index level, short-segment PI (SSPI) had less stiffness
and less increase in stress on the adjacent levels but was associated with an increased
risk of implant failure [8,9]. In contrast, other studies advocated that SSPI could provide
sufficient stabilization [10]. Given the incongruent results, controversy remains in the
choice of posterior fixation techniques [11,12]. Moreover, the complexity of TL reconstruc-
tion was increased by the different anterior vertebral column reconstruction materials,
including Polymethyl methacrylate (PMMA) cement and titanium cages, which have
both been widely used in vertebral body reconstruction [13]. Although previous studies
have demonstrated similar clinical and radiographical outcomes between PMMA and
titanium cages in TL reconstruction [14], their effects on the proximal junctional level and
the biomechanics of PMMA and titanium cage-based reconstruction constructs have not
been evaluated. Since PI resulted in the redistribution of the spinal loading between the
anterior vertebral graft and the pedicle screw-rod construct [15], TCSR constructs involving
combined anterior and posterior instrumentation should be evaluated as a whole. Given
the biomechanical complexity of the TL region and the paucity of clinical and biomechani-
cal evidence, the decision-making of selecting an optimal spinal reconstruction strategy
remains controversial but appears to be important.

To address the knowledge gap, we designed a finite element (FE) study to investigate
the biomechanical performance of different TCSR constructs. Furthermore, we thought
to find the optimal strategy to reduce the burden on the proximal junctional level. We
established FE models of T10-L3 TL segments and the simulated failure of the L1 vertebral
body to represent a burst fracture. Reconstructions with PI and TCSR constructs were
simulated and compared. The range of motion (ROM) in flexion, extension, lateral bending,
and axial rotation of the whole model and the reconstructed vertebra was analyzed. The
mechanical burden of each construct on the reconstructed level, proximal junctional ver-
tebra, disc, facets, and the construct itself was also compared. The objective of this study
was aimed to compare and optimize the design of thoracolumbar reconstruction constructs
by systematically investigating their biomechanical properties and how they affect the
proximal junctional level. The knowledge gained from this study can provide help spine
surgeons select an optimal TL reconstruction construct to minimize proximal junctional
complications.

2. Materials and Methods
2.1. Generation of T10-L3 Finite Element Model

A three-dimensional FE model of the T10-L3 thoracolumbar spine was created using
1 mm thin-cut axial computed tomography images obtained from a resin cast of an Asian
male cadaver without spinal deformities or abnormalities (Figure 1). The images were
imported into the software 3D-DOCTOR (Able Software Corp.) to reconstruct the geometric
structure of the T10-L3 TL spine, and the corresponding mesh was prepared using the
preprocessing software Patran (MSC Software). The mesh generation was performed with
software Hypermesh (Altair Technologies Inc), and the FE models were imported into
Abaqus 6.12 (Simulia Inc) to solve. In this study, we assumed linear and isotropic material
properties for cancellous bone, cortical bone, posterior bony elements, endplate, and disc
structures including annulus fiber layers, annulus ground substance, nucleus pulposus,
and implant materials (Table 1). The material properties used in the present study were
derived from the previous studies by Shin et al. and Wilcox et al. [16,17].
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Figure 1. Finite element model of T10-L3 TL spine and simulation of L1 failure. The present finite
element model of the intact spine (left) and simulated L1 failure (right). The weakened materials
were indicated in blue.

Table 1. Material properties and mesh types of the FE model.

Component Young’s Modulus (MPa) Poisson’s Ratio Element Type

Annulus Fibers

Shell (STRI3)

Inner Laminate: Inner Layer 360 0.30

Inner Laminate: Middle Layer 385 0.30

Inner Laminate: Outer Layer 420 0.30

Outer Laminate: Inner Layer 440 0.30

Outer Laminate: Middle Layer 495 0.30

Outer Laminate: Outer Layer 550 0.30

Annulus Ground Substance 4.2 0.30 Tetrahedron (C3D4)

Cancellous Bone 100 0.20 Tetrahedron (C3D4)

Cancellous Bone (L1 failure) 10

Cortical Bone 12,000 0.30 Shell (S3R)

Cortical Bone (L1 failure) 1200

Posterior Bony Elements 3500 0.25 Tetrahedron (C3D4)

Endplate 12,000 0.30 Shell (S3R)

Nucleus Pulposus 1 0.49 Tetrahedron (C3D4)

ALL/PLL/LF/ISL/SSL 20/20/20/10/15 0.25 Truss (T3D2)

Titanium screw/rod/cage 110,000 0.30 Tetrahedron (C3D4)

PMMA 2900 0.30 Tetrahedron (C3D4)

The model for a vertebra consisted of a vertebral body and a posterior element. For
the vertebral body, a closed surface was first generated, consisting of cortical bones and
endplates assigned to three-node shell elements (S3R). Considering the structures of the
cortical bone and endplates of the vertebra, which cover the outer surface of the vertebral
body and surround the cancellous bone, it is more reasonable to use shell elements than
tetrahedral elements to represent the geometry of the cortex and endplates, and this
modeling strategy was also reported in previous FE studies [18,19]. The thicknesses of the
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cortical bone and endplate were assigned as 0.35 mm and 0.5 mm, according to previous
studies [20–22]

The interior of the cortical surface contained cancellous bone assigned to C3D4 con-
tinuum elements. The posterior element and the facet were modeled according to the
original geometry using C3D4 tetrahedron elements as previously described [23,24]. A
three-dimensional surface-to-surface contact with friction was assigned to simulate the
facet contact behavior with a finite sliding interaction defined to allow random motions,
including sliding, rotation, and separation. The friction characteristic was modeled with a
classic isotropic Coulomb friction model with a friction coefficient of 0.1 [25].

The intervertebral discs (IVDs) were modeled with three different components: an-
nulus fibers, annulus ground substance, and nucleus pulposus [25,26]. The IVDs were
generated with the superior and inferior boundaries assigned to the endplates of the ad-
jacent vertebra, and the outer boundaries of the IVDs were generated according to the
scanned geometry. The annulus was constructed as a ring-shaped structure between the
outer and inner annulus fibers. The annulus fibers were modeled with six layers of shell
elements with a thickness of 1.5 mm. The annulus ground substance was defined between
the two annulus fiber layers and was modeled by solid tetrahedral elements (C3D4). The
nucleus pulposus was modeled by non-compressible solid tetrahedral linear elements
(C3D4) inside the inner annulus fiber.

The ligamentous complex, including anterior longitudinal ligaments (ALL), posterior
longitudinal ligaments (PLL), ligamentum flavum (LF), interspinous ligaments (ISL), and
supraspinous ligaments (SSL), were modeled using hyperelastic, tension-only Truss ele-
ments (T3D2). The properties of the ligaments were adopted from Goel et al. [27]. The
element types and number of elements used in the components of the spine are listed in
Table 2.

Table 2. Element count and mesh type of the present intact model.

Component Element Type
No. of Elements

T10 T11 T12 L1 L2 L3

Cortical bone S3R 2581 2401 2511 2789 2892 3098
Cancellous bone C3D4 15,144 17,500 18,509 21,312 23,452 19,079

Endplate S3R 1905 1780 1796 2145 2010 2268
Posterior elements C3D4 17,472 16,613 16,820 19,951 20,628 21,503

T10/11 T11/12 T12/L1 L1/L2 L2/L3

Nucleus pulposus C3D4 4513 3840 3076 5206 4565
Annulus fiber STRI3 1025 812 732 1336 1436

Annulus ground substance C3D4 5374 4937 3929 6479 5703

Ligaments ALL PLL LF ISL SSL

No. of elements T3D2 25 25 20 15 10

2.2. Simulation of TCSR Models

L1 burst fracture and vertebral body failure were simulated by weakening the material
property of the middle 30% of the L1 vertebral body, according to the previously described
method with some modifications (Figure 1) [28]. The Young’s modulus of the affected
cortical and cancellous bone was decreased by 90% (Table 1).

For anterior reconstruction with PMMA, the surgery model was created by replacing
the weakened elements in the L1 vertebral body with PMMA modeled by solid tetrahedral
elements (C3D4) (Figure 2). For reconstruction with a titanium cage, an L1 corpectomy
was simulated by removing the entire L1 vertebral body and the adjacent intervertebral
discs at T12-L1 and L1-L2, and a titanium cage implant was simulated (Figure 2). The
three-dimensional structures of the screws, rods, and titanium cage were created in the
software Patran (MSC Software). The primary dimensions (diameter, length) of the pedicle
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screws for the thoracic and lumbar vertebrae were 5.5 mm × 45 mm and 6.5 mm × 45 mm,
respectively. The diameter of the rods was 6 mm. The outer diameter, thickness, and height
of the titanium cage were 14 mm, 2 mm, and 60 mm, respectively. The pedicle screws,
rods, and cage were composed of titanium. The material properties of the implants were
shown in Table 1. Mesh structures were prepared using the software Hypermesh 11.0
(Altair Technologies Inc., Fremont, CA, USA) and imported into Abaqus 6.12 (Simulia Inc.,
Johnston, RI, USA) to solve.

 

Figure 2. Different spinal reconstruction constructs. Four spinal reconstruction constructs simulated
in this study including long-segment instrumentation (U2L2), short-segment instrumentation with
intermediate screw (U1L1+IS), and TCSR constructs (U1L1+PMMA and U1L1+Cage). The weakened
materials were indicated in blue, and PMMA was indicated in red.

Four surgery models were simulated in the present study, including (1) posterior
fixation with LSPI alone (U2L2); posterior fixation with SSPI and intermediate pedicle
screw at the L1 level (U1L1+IS); (3) TCSR with PMMA and SSPI (U1L1+PMMA); (4) TCSR
with a titanium cage and SSPI (U1L1+Cage) (Figure 2).

2.3. Loading and Boundary Conditions

The preload was set to 150 N and applied evenly using the follower load technique on
the T10 superior endplate to simulate the weight of the upper body. For the simulation of
the upper body weight, a preload ranging from 100–200 N was used in the literature, and
a 150 N preload was chosen in the present study [29]. A 10 Nm moment was applied in
the sagittal, coronal, and transverse plane to create motions in flexion–extension, lateral
bending, and axial rotation, respectively. The boundary condition of the simulations
was set with the nodes on the inferior endplate of L3 constrained in all directions. The
interfaces between the bone, pedicle screws, PMMA, and titanium cage were assigned with
tie constraints.

2.4. Convergence Test

Convergence tests were performed on the intact model. First, the displacement of a
reference point at the center of the T10 superior endplate was measured under a 150 N
axial preload. Four different amounts of elements, 190,432, 208,776, 309,217, and 555,384,
were compared for the displacements. By setting the displacement of the T10 superior
endplate in a model consisting of 1,199,183 elements as the reference value, the errors of
the simulations with the total number of elements reduced were all within 4.9 percent.
Next, the maximum von Mises stress in posterior elements under a 150 N axial preload was
compared. Compared to the reference model, the error of the four models with the total
number of elements reduced were all within 7.9 percent. For material stress, it is generally
expected that the error may be greater than displacement in FE models [30]. In the present
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model, we selected the model consisting of 309,217 elements for the intact model based on
the small relative displacement error of 2.84% and a von Mises stress error of 4.18%, with
the element size ranging from 1.0 to 2.0 mm. The convergence tests were performed on
the implant models, including the pedicle screws and titanium cage. For the titanium cage,
a final model consisting of 134,203 elements with mesh sizes ranging from 0.4 to 0.6 mm
was selected. The error was 3.96% compared to the reference model with 220,141 elements.
For the pedicle screw, a final model with 13,927 elements and element size ranging from
0.1 to 1.0 mm was selected. The error was 0.92% compared to the 23,550 element reference.

3. Results
3.1. Model Validation

To validate the finite element model, the simulated ROM and IVD stress in the present
intact T10-L3 model were compared with the literature. First, the ROM of the intact thora-
columbar model in flexion-extension, lateral bending, and axial rotation were compared
with three in vitro experiments by Chin et al., Rustenburg et al., and Obid et al. [31–33].
The global ROM of the present intact model was as follows: flexion–extension, 6.86 degrees;
lateral bending, 3.04 degrees; and axial rotation, 1.54 degrees. Compared with the literature,
the results were all within one standard deviation (SD) (Figure 3A). Next, the intact model
was also compared with the in vitro intradiscal pressure measurements at L2/L3 IVD
conducted by Cunningham et al., Brinckmann et al., and Wilke et al. [34–36]. The maximal
IVD stress of this model under sagittal flexion and extension was 0.49 Mpa, which was
within one SD compared to the results of Cunningham et al. and Wilke et al. but slightly
larger (1.24 SD) than the result reported by Brinckmann et al. (Figure 3B). An extended
explanation of the differences is given in the Discussion section.

Figure 3. Validation of the present FE model. Comparisons between the (A) ROM and (B) IVD
pressure of the present intact model with the literature [31–36] (presented in mean and standard
deviation).

3.2. Global Range of Motion in the TL Spine

The global flexion, extension, lateral bending, and axial rotation ROMs of the intact
and surgical models were shown in Figure 4A. The failure of the L1 vertebra resulted in 7.4,
10.1, 18.0, and 11.5% increases in motion under flexion, extension, lateral flexion, and axial
rotation, respectively. All four surgical constructs reduced the global ROM in all directions.
The LSPI (U2L2) had the most significant reductions in global ROM in the flexion, extension,
lateral flexion, and axial rotation of 88.6, 70.7, 81.1, and 40.7%, respectively. The comparison
among U1L1+IS, U1L1+PMMA, and U1L1+Cage showed that TCSR with a titanium cage
(U1L1+Cage) results in a slightly larger reduction in ROM than the other two structures
(U1L1+IS and U1L1+PMMA), but the differences between each other were all less than
0.5 degrees in all motions.
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Figure 4. The global ROM, ROM in L1, and ROM distributions. The simulated global ROM (A)
and the pathological ROM in the L1 vertebra (B). ROM distributions (C) among the T10–L3 levels.
The pathological motion in L1 was indicated in red. * The asterisks indicate the motions in the
supradjacent levels.

3.3. Motion in the Fractured L1 Vertebral Body and Motion Distributions

Our simulations showed that failure of the anterior and middle spinal column resulted
in increased motion in the affected L1 vertebra. The pathological intravertebral motion
within the failed L1 was shown in Figure 4B. The largest motion was observed in lateral
bending with 0.77 degrees, followed by 0.61, 0.38, and 0.34 degrees in flexion, axial rotation,
and extension, respectively. Comparisons between the constructs revealed that TCSR
constructs (U1L1+PMMA and U1L1+Cage) had a greater percentage of motion reduction
than PI alone. In flexion and lateral bending, U1L1+Cage had the most ROM reduction by
98.6 and 98.1%, respectively. In extension and axial rotation, U1L1+PMMA had the best
ROM reduction by 94,9 and 79.1%, respectively.

The ROM distribution was shown in Figure 4C. The pathological motion in L1 was
indicated in red and the motions in the supradjacent levels were indicated by the asterisks.
In flexion, extension, and lateral bending, all constructs reduced the percentage of motion
in L1. Comparisons of the surgical models showed U2L2 had increased ROM distributed
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in the supradjacent level. In axial rotation, U2L2 had an increased percentage of motion in
L1 while other constructs had decreased percentages of motion in L1. The difference in the
percentage of the supradjacent ROM in the axial rotation was not significant.

3.4. The Effect of PI and TCSR on the Proximal Junctional Level

The maximum von Mises stresses exerted on the vertebral body immediately proximal
to the constructs (T10 vertebra in U2L2; T11 vertebra in U1L1+IS, U1L1+PMMA, and
U1L1+Cage) were shown in Figure 5A. For all constructs, the maximum stress at the
proximal junctional vertebra ranged from 0.95 to 5.04 MPa. The highest stress occurred in
lateral bending (4.80–5.04 Mpa) in all constructs, followed by flexion (2.77–3.81 Mpa). The
greatest differences in stress at the proximal vertebra between the constructs occurred in
flexion, in which U2L2 resulted in larger stresses by 1.04, 0.92, and 0.88 Mpa than U1L1+IS,
U1L1+Cage, and U1L1+PMMA, respectively. The differences in stress at the proximal
vertebra in extension, lateral bending, and axial rotation were all less than 0.5 MPa.

 

Figure 5. The maximum von Mises stress in the proximal junctional level. The maximum von Mises
stress in the proximal vertebral body (A) and the proximal junctional IVD (B) in flexion, extension,
lateral bending, and axial rotation.

The maximum von Mises stresses exerted on the IVD immediately proximal to the
constructs (T10/11 disc in U2L2; T11/12 disc in U1L1+IS, U1L1+PMMA, and U1L1+Cage)
were shown in Figure 5B. Comparison between the constructs showed a similar trend in all
motions, with U2L2 having the largest stress at the proximal IVD and U1L1+IS having the
smallest stress at the proximal IVD. The differences in the proximal IVD stresses between
U1L1+PMMA and U1L1+Cage were all within 0.01 MPa.

3.5. The Effect of PI and TCSR on the Proximal Articular Facets

The maximum contact force exerted on articular facets immediately proximal to
the constructs (T10/11 facets in U2L2; T11/12 facets in U1L1+IS, U1L1+PMMA, and
U1L1+Cage) were shown in Figure 6. In flexion, U2L2 had 2.8, 2.7, and 2.7 N less contact
forces on the proximal facet joints compared to U1L1+IS, U1L1+PMMA, and U1L1+Cage,
respectively. In extension, U2L2 had 5.6, 5.5, and 5.4 N more contact forces on the proximal
facet joints compared to U1L1+IS, U1L1+PMMA, and U1L1+Cage, respectively. The differ-
ences in the proximal facet contact forces in lateral bending and axial rotation were all less
than 1.2 N.

3.6. Von Mises Stress and Strain Energy Density on the Screw and Rod Construct

The maximum von Mises stress and strain energy density of the pedicle screws in each
construct were presented in Table 3. The maximum stress of the pedicle screws occurred
in axial rotation in all constructs. U2L2 had the highest pedicle screw stress of 27.98
MPa, followed by 27.31, 24.01, and 16.78 MPa in U1L1+PMMA, U1L1+IS, and U1L1+Cage,
respectively. The maximum stress was observed at L2 in constructs involving PI alone (U2L2
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and U1L1+IS) but was observed at T12 in TCSR constructs (U1L1+PMMA and U1L1+Cage).
The stress distributions were shown in Figure 7. The maximum strain energy density of
the pedicle screws occurred in axial rotation in U2L2, U1L1+IS, and U1L1+PMMA, while
U1L1+Cage had the highest strain energy density in flexion. U2L2 had the highest strain
energy density of 12.41 mJ/mm3, followed by 8.05, 5.72, and 4.55 mJ/mm3 in U1L1+IS,
U1L1+PMMA, and U1L1+Cage, respectively.

𝑚𝐽/𝑚𝑚

Figure 6. The maximum contact force at the proximal articular facets. The maximum facet contact
force in the proximal level in flexion, extension, lateral bending, and axial rotation.

Table 3. Maximum von Mises stress and strain energy in the pedicle screws.

Maximum Stress in the Pedicle Screws

construct U2L2 U1L1+IS U1L1+PMMA U1L1+Cage
Stress (MPa) 27.98 24.01 27.31 16.78

level L2 L2 T12 T12
motion rotation rotation rotation rotation

Maximum Strain Energy Density in the Pedicle Screws

construct U2L2 U1L1+IS U1L1+PMMA U1L1+Cage
Energy (mJ/mm3) 12.41 8.05 5.72 4.55

Motion rotation rotation rotation flexion

Figure 7. The stress distributions of the pedicle screw and rod constructs in the motions of maximum
von Mises stress detected.
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4. Discussion

In the present study, we systemically evaluate the biomechanical performance of
different TL reconstruction constructs using FE analysis. Our results showed that TCSR
constructs provided better stabilization in the fracture of L1 compared to PI alone. Further,
there were decreased intradiscal and intravertebral pressures in the proximal level in
U1L1+IS, U1L1+PMMA, and U1L1+Cage compared to U2L2. The stress and strain energy
of the pedicle screws were lower in TCSR constructs than in PI alone. We showed that TCSR
with anterior reconstruction and SSPI provided sufficient immobilization while offering
additional advantages in the preservation of physiological motion, a decreased burden on
the proximal junctional level, and lower mechanical stress and strain in the implants.

TCSR with PI and anterior vertebral augmentation or intermediate screw fixation has
been shown to provide the immediate stabilization and restoration of spinal integrity [2]. Al-
though previous studies have reported the advantages of TCSR in terms of better neurolog-
ical improvement, stability, restoration of sagittal balance, and fewer implant failures [2–4],
the rigid constructs in the TL region pose a significant risk for PJF [5], and the ideal strat-
egy for TL reconstruction remains controversial. This study evaluated and compared the
biomechanics of different reconstruction strategies using FE analysis.

The T10-L3 FE model in this study was validated against previously published in vitro
measurements of the ROM and intradiscal pressure. The majority of our simulation
results remained compatible and within one SD compared to the literature [31–34,36].
Some differences were noted in the intradiscal pressure between our results and previous
experiments by Brinckmann et al. (1.24 SD) [35]. Factors such as the anatomical variation
between the present model and the cadavers in the literature could result in the differences.
Moreover, the location where the intradiscal pressure was measured in the cadaveric
experiments could also contribute to the difference since the pressure measured at the
periphery of a degenerated disc tends to be greater than the pressure in the center [37,38].
Further, the assumption of isotropic material properties in the present FE model and the
difference in the loading application technique might also contribute to the differences
since the mechanical responses of the spine to moments in different planes may not be the
same. Despite these variations, the difference between our results and that of Brinckmann
et al. remained small and within 1.24 SD [35].

To achieve adequate immobilization at the failure level and prevent PJF, the present
analysis was aimed to optimize TL reconstruction constructs to minimize motion in the
failed L1 level as well as lessen the impact or burden of the constructs on the proximal
junctional level. The relation between excessive motion and pseudarthrosis has been estab-
lished, especially in the TL area, where T12–L2 is susceptible to premature micromotion
due to its transitional biomechanics [39,40]. Our current analysis showed that although
all constructs successfully reduced the pathological motion at L1, TCSR constructs were
shown to provide better ROM reduction compared to PI alone. This is consistent with the
clinical results showing better clinical satisfaction, improved fusion rates, and reduced
segmental kyphosis in patients receiving TCSR [41]. In addition, the construct of TCSR with
SSPI can also provide sufficient stability to the fractured vertebral body, thereby reducing
the number of fixed vertebral segments compared to conventional LSPI. As demonstrated
in our study and in the literature, this configuration provides the additional advantage of
preserving more vertebral motion segments with better physiologic motion and less overall
ROM reduction [24].

The present study highlighted the effect of TL constructs on the proximal junctional
level by investigating the intravertebral pressure, intradiscal pressure, and facet contact
force of the proximal level adjacent to the fixation. PJF remained a significant complication
after TL fusion, with associated neurological injury reported in 11-19% of patients [5,42,43].
A major risk factor for PJF was an excessively long fixed spinal motion segment, which is
consistent with our results that U2L2 had a higher risk than (U1L1+IS, U1L1+PMMA, and
U1L1+cage) [6,7]. We found a reduced intradiscal pressure at the supradjacent disc in all
motions and a decreased intravertebral pressure in the supradjacent vertebra in flexion in
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the constructs with SSPI (U1L1+IS, U1L1+PMMA, and U1L1+Cage) compared to U2L2. It is
important to note that although the stimulation of the highest intravertebral pressure occurs
in lateral bending, the orientation of the thoracic facet joints and the presence of the ribs
and thoracic cage limit the lateral motion of the thoracic segment. Therefore, intravertebral
pressure exerted during flexion may be more clinically relevant than lateral bending, so
most PJFs are associated with compression and kyphosis in the sagittal plane [5,6].

In addition to investigating the disc and facet joint pressures at the proximal junction
near the spinal fixation device for TL burst fractures, this study also investigated the maxi-
mum von Mises stress and strain energy of pedicle screws since one of the main problems
of SSPI is increased pedicle screw stress, which may contribute to the risk of early implant
failure [44]. Since material failure occurs when the von Mises stress surpasses the tensile
yield [45], the maximum von Mises stress in the pedicle screws is associated with the risk of
acute screw breakage. However, since the tensile yield stress of titanium is approximately
880 MPa and the maximum stress in the present analysis was 29.78 MPa in U2L2, acute
screw breakage is unlikely unless there is major trauma. On the other hand, cyclic strain
energy during repetitive motion is related to material fatigue, so the strain energy density
in pedicle screws may be an indicator of the constructs’ susceptibility to implant failure
due to long-term wear [46]. Our result showed that the strain energy of U1L1+PMMA
and U1L1+Cage is lower than that of U2L2 and U1L1+IS, while U1L1+Cage has the least
strain energy of 4.55 mJ/mm3. A plausible explanation for this finding is the effect of stress
shielding [47], where part of the axial load is transferred to the anteriorly reconstructed
constructs of the PMMA or titanium cage. These results suggested that the TCSR constructs
might have a lower risk of implant failure than PI alone and that the titanium cage may
provide better stress shielding than PMMA. Further, among the PI constructs, our result
also showed that the addition of IS to SSPI also lowers the strain energy density in pedicle
screws, but the effect was less compared to TCSR constructs. Taken together, our biome-
chanical assessments demonstrate that TCSR with SSPI provides adequate stability for an
A3 burst fracture at L1 with additional advantages in the preservation of more physiologic
motion and reducing the burden on the proximal junctional level to the spinal fixation.
Anterior reconstruction with PMMA or a titanium cage also provides stress shielding for
pedicle screws, which may lower the risk of screw loosening or wear.

There are some limitations in the present study. First, since the transitional anatomy
of the thoracolumbar junction between the rigid thoracic spine and mobile lumbar spine
featured unique biomechanics, changing the level of the construct was likely to alter the
biomechanical response of the TL segments. With this in mind, considering burst fracture
was one of the most common indications requiring thoracolumbar reconstruction, we
selected the level with the highest incidence of burst fracture, L1, for simulation [48]. A
different location of burst fracture would yield different outcomes in our model. Second,
the simplification of the material properties including the assumption of linear isotropic
materials might not reflect the real-world behavior of the tissues and the surgical con-
structs. Third, the position and configuration of the implants including the pedicle screws,
PMMA cement, and titanium cage are likely to have variations. Changes in the position
and orientation of the implants may vary the motion and stress; however, this is very
challenging to simulate since multiple real-world factors including anatomical variation,
surgical approach, and surgeon’s preference could all influence the positioning of the
hardware. In addition, the bone quality of the spine as well as the decision on whether
spinal canal decompression would be performed may also be important issues that affect
the overall success of internal fixation surgery. The assumption of the thickness of the
cortical bone and endplate might also influence the simulation results. Previous studies
have shown that aging and degeneration resulted in decreased endplate thickness [20],
and their effect that spinal biomechanics requires future studies to investigate. It should
be noted that in the present FE model, convergence tests were performed separately on
the spinal model and implant models, and the instrumented model was built based on
modifications of the intact model after the convergence tests were performed and the mesh
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size was reduced. This approach of performing convergence tests prior to the addition of
implants was also utilized in previous FE publications [49–52] and had an advantage in
the consistency among the FE models since only part of the model was modified in each
surgical construct and the other parts remained unaltered. Finally, perfect contact with tie
constraints was achieved between implants and bone. However, the main conclusions of
this study were based on comparisons among the surgical construct models. The above-
mentioned model simplifications were equally applied to all models, yet their impacts may
artificially influence the comparative analyses.

5. Conclusions

In this study, we utilized a validated FE model to investigate the biomechanics of
different thoracolumbar reconstruction strategies for TL burst fracture and compared
their effect on the proximal junctional level. Our results showed that TCSR constructs
provided better stabilization in the fracture L1. Further, there were decreased intradiscal and
intravertebral pressures in the proximal level in U1L1+IS, U1L1+PMMA, and U1L1+Cage
compared to U2L2. The stress and strain energy of the pedicle screws were lower in TCSR
constructs than in PI alone. We showed that TCSR with anterior reconstruction and SSPI
provided sufficient immobilization while offering additional advantages in the preservation
of physiological motion, the decreased burden on the proximal junctional level, and lower
mechanical stress and strain in the implants. The knowledge gained from this study can
provide help spine surgeons select an optimal TL reconstruction construct to minimize
proximal junctional complications.
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Abstract: How back pain is related to intervertebral disc degeneration, spinal loading or sports-
related overuse remains an unanswered question of biomechanics. Coupled MBS and FEM sim-
ulations can provide a holistic view of the spine by considering both the overall kinematics and
kinetics of the spine and the inner stress distribution of flexible components. We reviewed studies
that included MBS and FEM co-simulations of the spine. Thereby, we classified the studies into
unidirectional and bidirectional co-simulation, according to their data exchange methods. Several
studies have demonstrated that using unidirectional co-simulation models provides useful insights
into spinal biomechanics, although synchronizing the two distinct models remains a key challenge,
often requiring extensive manual intervention. The use of a bidirectional co-simulation features an
iterative, automated process with a constant data exchange between integrated subsystems. It reduces
manual corrections of vertebra positions or reaction forces and enables detailed modeling of dynamic
load cases. Bidirectional co-simulations are thus a promising new research approach for improved
spine modeling, as a main challenge in spinal biomechanics is the nonlinear deformation of the inter-
vertebral discs. Future studies will likely include the automated implementation of patient-specific
bidirectional co-simulation models using hyper- or poroelastic intervertebral disc FEM models and
muscle forces examined by an optimization algorithm in MBS. Applications range from clinical
diagnosis to biomechanical analysis of overload situations in sports and injury prediction.

Keywords: multibody simulation; finite element method; co-simulation; spine; spinal loading; sports;
biomechanics; degeneration; intervertebral disc; coupled

1. Introduction

When humans evolved to adopt an upright position, the spine became a central
structure of the human biomechanical system. As such, it can be a source of pain that can
significantly impact a person’s quality of life. Intervertebral disc (IVD) degeneration and
herniation are possible causes of back pain. Research has shown that both aging [1] and
overload [2,3], often experienced by ambitious athletes, can contribute to the degeneration
process. However, the relationship between abnormal loading and degeneration is not fully
understood. In addition, IVD changes that are visible in magnetic resonance imaging (MRI)
have not proven to be clear evidence of back pain [4]. To better understand the mechanisms
underlying back pain and identify potential solutions, it is important to study the spine
and its related structures in a holistic manner, considering the interactions of motion or
posture, pain, and IVD biomechanics. However, the difficulty of directly observing these
structures in vivo makes this task challenging. Numerical simulations can be useful in
modeling and analyzing the mechanics of the spine, to identify factors that contribute to
spinal health problems and potential interventions.

Multibody simulation (MBS) is widely used to gain insights into the healthy and
pathological biomechanics of the spine from a macroscopic perspective. MBS models
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study joint reaction forces, muscle forces and muscle activation patterns in combination
with respective movements or positions. There are several such models that include
intervertebral joints with three rotational [5–19] or six translational [20–22] degrees of
freedom (DoFs) while neglecting passive structures, such as ligaments and facet joints.
Using force elements as additions to joints allows individual stiffness definitions for all
given DoFs [15–20]. For all models, including rotational joints in at least one dimension, the
position of joints is a central issue, as it defines the centers of rotation and therefore, directly
influences joint kinematics. The fixed centers of rotation in these studies were set either
in the center of the IVD [6,12,17], or according to Pearcy and Bogduk [23], in the posterior
half of the upper endplate of the inferior vertebra of each motion segment [9,15,16,24].

Finite element method (FEM) spine models aim to simulate deforming bodies in a
detailed manner to reveal their inner stresses. Models may include the whole spine, a
segment or only an IVD. Most models contain manually created geometries for IVDs and
vertebrae [25], but recent approaches use automated segmentation algorithms to derive
patient-specific geometries [26,27]. For IVDs, the current gold standard is a biphasic,
poroelastic and nonlinear model including an anulus fibrosus (AF) and a nucleus pulposus
(NP) component. While bone is usually modeled with linear material properties [28], or as
a rigid body [29], material properties for the IVD commonly include hyperelastic material
models, such as the Neo-Hooke and Mooney–Rivlin models [30]. As IVD degeneration is
believed to affect IVD biomechanics [31,32], several approaches also deal with degeneration-
dependent material properties [33,34]. A key evaluation criterion of FEM spine models is
their ability to describe arbitrary material behavior of the IVD while numerically reporting
all its biomechanical functions, such as load transfer and bulging events [35].

In summary, MBS models are suitable for investigations of the overall kinematics and
kinetics of the trunk, or even the full body. However, detailed information on flexible body
deformation and internal stress cannot be provided. Complex, heterogeneous structures,
such as the IVD, or even entire functional spinal units (FSU) combining all stabilizing
structures (IVD, ligaments, facet joints), are reduced to a resultant mechanical response to
external deformation, often in reference to an approximated center of rotation. In contrast,
FEM models are beneficial for simulating detailed structures and analyzing inner stresses
and deformations. However, detailed FEM meshes may cause large computational costs,
and thus, models often include simplifications. Additionally, defining realistic boundary
conditions (BC) for FEM models remains a main challenge due to the lack of possibilities
for in vivo measurements. Until now, no satisfactory, broad investigations are available
containing this data [22].

Coupling MBS and FEM takes advantage of the strengths of each method and offers
great potential to analyze the deformations and stresses of IVDs while considering the
overall kinematics and kinetics of the trunk. How coupling is implemented can be sub-
divided into two approaches: One is to calculate acting forces or present deformations
completely before starting the other simulation (unidirectional data flow). The second
approach considers acting forces or displacements anew in every increment of an ongoing
simulation, generating a constant, bidirectional data flow. Unidirectional coupling com-
monly includes an inverse dynamic MBS simulation with resulting forces and moments,
which are subsequently used as loading and BCs in an FEM model [36–43]. Less common
approaches use FEM model displacements and stresses to define properties of force ele-
ments, occasionally called bushing components, in MBS simulations [44]. Few approaches
apply order-reduction techniques to the FEM model before integrating it into an MBS
model [45], which reduces computational costs in linear models, but does not support
parameter variation after the reduction is carried out. In general, unidirectional coupling is
suitable for linearly deforming FEM bodies because the positions of the body’s particles do
not change substantially, providing the possibility of directly applying the calculated forces
of the MBS simulation subsequently to the respective locations in the FEM bodies. Bidi-
rectional coupling is preferential whenever large deformations are present [46,47]. In that
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case, the deformations of the flexible bodies have a direct impact on multibody kinematics,
hindering the option of consecutive simulations.

Hence, by using co-simulation, we can examine the pathological spine in a holistic
way to analyze the interactions of various factors, such as motion, posture, back pain and
the biomechanics of the IVD. In this work, we review advances in coupled MBS and FEM
simulations of the spine. Specifically, we excluded reduced order models and instead
focused on the type of data exchange, whether unidirectional or bidirectional, as this is
essential for the simulation of large deformations and constant interactions of different
components in the spine.

2. Methods

Coupling MBS and FEM models has become a common practice in spine modeling
during the last decade. However, no terminology has been established yet to differentiate
between what are here called unidirectional and bidirectional co-simulation. To achieve
comprehensive coverage of studies using co-simulation, the following keywords were
searched in several combinations in different databases: coupled, spine, multibody, MBS,
FEM, hybrid, finite element, co-simulation, combined. Resulting articles were manually
reviewed and included only if they: (i) contained a type of coupling between MBS and
FEM and (ii) were published after 2009 or included models that were still used in studies
published after 2009.

3. Unidirectional Co-Simulation of the Spine

We first reviewed MBS and FEM models of the spine using unidirectional coupling,
which was characterized by the execution of one simulation and the integration of the
results into another simulation. Considering the order of execution, three distinct methods
of coupling were identified: MBS execution and transfer of data to an FEM simulation;
FEM and transfer of data to MBS; and a threefold data transfer from FEM to MBS and to
FEM again. Figure 1 visualizes the representative simulation models with the different
coupling methods.

Figure 1. Schematic overview of unidirectional coupling methods. Arrows on the bottom indicate
the respective coupling methods. (a) Representative FEM model of a FSU containing a detailed IVD,
as found in Karajan et al. [44]. Resulting FEM displacements were converted to MBS bushing element
parameters. (b) Typical MBS model with a joint representing the IVD. Results from the simulation,
such as muscle forces or time-dependent displacements of vertebrae or joints, were subsequently
included in an FEM simulation. (c) Representative FEM model of a FSU or a larger section of the
spine. With the BCs defined according to the results of (b), these models were often used to calculate
IDPs, stress distributions in the IVDs and load-sharing mechanisms.

3.1. MBS→ FEM

A unidirectional data transfer from MBS to FEM was the most common approach
in unidirectional coupling. Muscle forces, reaction forces or displacements were calcu-
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lated by an MBS simulation and integrated as boundary conditions (BC) in a subsequent
FEM simulation.

Esat et al. [37,38] established a unidirectional MBS and FEM co-simulation of the
cervical spine to calculate intradiscal pressure and AF stresses at large impact accelerations.
Geometries for rigid MBS bodies were inspired by human anatomy but not specifically de-
rived from medical images. Bodies were created in computer-aided design (CAD) software
and imported in Nastran (MSC Software, Garching, Germany) before ligaments and facet
joint contacts were integrated. IVD joints were modeled with nonlinear viscoelastic bushing
components. One hundred and forty muscles with their respective time-dependent forces
were transcribed using a dynamic calculation framework (Virtual Muscle 3.1.5 [48]). The
FEM model was then implemented with independent dimensions and locations of IVDs,
which were derived from the general quantitative anatomy of the spine in the software
Marc/Mentat (MSC Software, Garching, Germany). NP and AF were defined using linear
material parameters. Two impact loadings, namely, 15 g frontal and 8.5 g rear-end impacts,
were implemented at the neck of the MBS model. The resulting loads—two sagittal forces
and one sagittal moment—at the interface points for each IVD, were measured in the MBS
model and implemented as time-dependent force BCs in the subsequently set-up FEM
model to predict von Mises stresses in the AF and the intradiscal pressure in the NP.

Du et al. [49] investigated the impact of ejection out of, e.g., a plane on the IVDs
using undirectional co-simulation. The MBS model included the entire human body seated
in a chair and consisted of 16 rigid elements, with the spine divided only into the neck,
upper body and lower body. Joint properties were taken from the literature. The joint
between the upper and lower torso was replaced by a spring with a stiffness level of
900 N/mm. Loading was applied through an accelerative load peak of 15 g. The nonlinear
FEM model of the thoracolumbar–pelvis complex (T9-S1) included the following material
properties: vertebrae and pelvis as isotropic homogeneous elastic material, IVD divided
into NP and AF, with the NP containing brick elements of an incompressible, hyperelastic
Mooney–Rivlin material model and the AF containing hyperelastic ground substance
and 3D cable elements as fibers with nonlinear stress–strain behavior, along with seven
ligaments as tension-only cable elements. Attachment points and cross-sectional areas of
the ligaments were obtained from Agur et al. [50]. The model was validated statically and
quasi-dynamically. The MBS model was used to calculate the translation and rotation of
freely chosen reference points (RP), namely, the hip joint and a point at the center of the
superior endplate at T9, which were subsequently implemented as time-dependent BCs in
the FEM model. For both models, Hypermesh (Altair Engineering Corp., Troy, MI, USA)
was used.

Henao et al. [51] simulated surgery procedures to predict potential spinal cord damage.
To do so, they implemented a complete, patient-specific FEM spine model that included
the spinal cord. A previously developed MBS model of the spine [52] contained 6-DoF
springs as IVD and ligament representatives. It was used to calculate the displacements
of respective vertebrae, which were then incorporated as BC in the FEM model. No
information was given on the stiffness parameters of the spine and how the authors ensured
consistency with the FEM IVD model. The study was rated useful for surgery planning, as
spinal cord injuries could be predicted by the model. Individualized parameters, especially
in the area of the IVD, would likely improve prediction quality.

Honegger et al. [53] investigated the IVD stresses during the sit-to-stand (STS) transfer
of lower-limb amputees using a unidirectional co-simulation. The lower-body MBS model
was built in OpenSim and included 294 Hill-type muscles and five lumbar vertebrae, which
were complemented with three DoF bushing elements containing stiffness values found
in the literature [20]. Simulating the STS motion in the MBS model resulted in the lumbar
pelvic rhythm, namely, the respective time-dependent joint angles of the lumbar spine and
the muscle forces. In a lumbar FEM model taken from Campbell et al. [54], these values
were introduced as time-dependent inputs, together with joint contact forces and moments.
Results included, among others, the time-dependent AF stresses, facet joint loads and
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IDPs during the STS. Comparing the IDPs calculated based on the MBS joint force and the
IDPs found in the FEM model showed greater agreement between MBS values and in vivo
data [55]. The authors stated that personalized data would possibly improve the muscle
force and joint-load estimations from the MBS model, and thus have an impact on the FEM
model and final simulation results.

A research group bulit around Shirazi-Adl and Arjmand has been developing nu-
merical models of the spine since 1985 [56] and has started to advance, in parallel, two
distinct model versions, which have been known by various names throughout the years.
For overview reasons, the two models are herein marked as "I" and "II".

(I) The first model included an initial, detailed FEM representation of the spine.

(II) The second model was based on the detailed model but consisted of rigid bodies
and interconnecting beam elements. It is later referred to as the musculoskeletal
(MS) model.

Version II was not solved with a classic MBS solver, but included clear characteristics
of an MBS model, such as the involvement of mainly rigid bodies and their interconnections
by joint-like components. While version II could not represent detailed deformations, it
was able to perform large numbers of nonlinear analyses [57]. The researchers refined these
models into a passive, osteoligamentous (I) and an active, muscular part (II) and considered
their respective roles in a coupled, biomechanical system [57–59]. They implemented their
passive FEM model in Abaqus (Dassault Systèmes, Paris, France), consisting of single
rigid vertebrae (L1–L5) and one rigid body combining T1–T12. The IVDs were created
by extruding the endplate geometries and were infused with rebar elements as AF fibers.
The active model was based on a Fortran code. For the coupling process, virtual springs
were attached to each vertebra in the passive model (I) to allow the transmission of shear
forces and axial, lateral and sagittal moments. Hence, the load sharing between the passive
structures and the muscles could be controlled.

In 2002, Shirazi-Adl et al. [60] incorporated a novel, kinematic-based Matlab (the
Mathorks Inc., Natick, Massachusetts, USA) algorithm into the simplified model (II) to
interactively calculate optimized solutions for muscle- and passive reaction forces. Refer
to [61] for a detailed data flow chart. Note, optimization algorithms are commonly used
in MBS models for muscle force estimations as well. Beam joints in the active model (II)
represented the overall nonlinear stiffness levels of the spinal segments—namely, IVDs,
facets and ligaments—with a nonlinear load–displacement curve, which was defined in an
iterative process towards yielding the best agreement with the detailed FEM results (I) [57]
and was direction-dependent [60]. Ten muscles, five global and five local, were included
with six distinct fascicles [62]. The detailed FEM model (I) was based on CT images and
consisted of 6 vertebrae (L1-S1) as rigid bodies, five IVDs divided ino AF and NP, 10 contact
facet surfaces and 9 sets of ligaments [40]. Fourteen AF lamellae were considered with rebar
fibers and a linear elastic ground substance, along with an incompressible NP. Satisfactory
agreement considering predicted rotations under flexion, extension and torque loading
validated the two respective models against each other [60]. Given IVD cross sectional
areas, values in the FEM model (I) were 17% smaller than the ones in the MS model (II) [36].

Azari et al. [36] modified the models by applying the idea of a follower load (FL),
which is a method for including simplified muscle forces in passive FEM models (I) to
achieve more realistic load conditions [40]. The FL’s line of action was aligned with the
lumbar spine’s curvature, passing the endplates and vertebrae at the approximate center.
The FEM model was based on the detailed, passive FEM model (I), but included only the
L4–L5 segment. The MS model (II) was adopted mainly unchanged from earlier work by
the research group [56,57,60–62]. To estimate stresses and strains in IVDs; ligaments and
facets; and load sharing among these structures under realistic loading conditions, Azari
et al. applied gravity loads and muscle forces from an MS trunk model (II) to the passive
FEM model (I) in several static positions. Twelve static positions were simulated based
on the availability of the results of Wilke et al. [55] and the kinematic data gathered by
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Arjmand et al. [62]. A resultant force including all gravity loads and muscle forces with
upper insertions at and above L4 was calculated using the MS muscle force predictions.
After the passive FEM model was rotated manually per IVD to fit the kinematic position
of the twelve respective MS models, the research group tried two approaches: directly
applying muscle forces estimated by the MS model in the center of the L4 body, and
determining a substituting FL by trial and error to yield a similar IDP as derived by the
previous approach. The FL was applied as a unilateral, pre-compressed spring between the
L4 and L5 centroid.

To analyze scoliotic spine loads and their growth patterns, Kamal et al. [39] established
a combined MS and FEM simulation based on subject-specific upright positional data. An
MS model data of the bony spine components, including the pelvis, hip and ribcage, was
derived from subject-specific CT images using mimics and was subsequently aligned into
an estimated upright position with the aid of optical imaging tools. IVD centroids were
considered the centers of rotation (CoRs) for the modeled spine section T12–L1 and set
up with three nonlinear rotational stiffness values according to Hajihosseinali et al. [17].
Simulations were run statically with all rigid bodies fully constrained. Muscle attachment
points for more than 160 muscles were calculated using Matlab. A static optimization
algorithm then computed muscle forces and reaction moments, namely, individual forces
Fm and reaction moment MCoR, for each muscle. Reaction forces were considered as the
sum of gravitational forces and muscle forces. The resulting forces and moments in a
static equilibrium condition calculated in the MS model were applied to the vertebral
growth plate FEM bodies as distributed pressures and shear stresses. Note, IVDs were
solely considered as joints, and the biomechanical focus lay on the growth plates. FEM
simulations were carried out with Abaqus (Dassault Systèmes, Paris, France). The resulting
stresses in the growth plates were comparable with results from the literature and may be
helpful in predicting growth patterns in scoliotic spines.

Further studies included a hybrid model applying muscle forces calculated in the
beam-joint-based MS model (II) to the updated, passive T12-S1 FEM model (I) [40]. The MS
model consisted of 56 muscles and was solved with an optimization algorithm minimizing
the sum of the cubed muscle stresses. The outcome served as a basis for evaluating the
loads on the beam joints. Simulations included eight static tasks for which the muscle
forces were estimated by connector elements between muscle insertion points in the MS
model. Together with the pelvic rotations gathered from in vivo experiments, these forces
were substituted into the FEM model. Final deformed positions for the eight tasks were
found to vary between the MS and FEM model, and the authors subsequently applied
an iterative process, in which the compression-dependent stiffness properties of the MS
beam-joints were adapted and resulting forces were again prescribed into the FEM model
until the solution was convergent. The hybrid nature of the approach was thus the adaption
of the beam-joint parameters based on a passive FEM model deformed position, which
was defined actively by MS results. Kinematics of the MS and FEM models differed by less
than 1 mm in the final state.

In order to develop a self-defined gold standard of spine modeling, Rajaee et al. [63] fur-
ther developed the hybrid MS and FEM model introduced by Khoddam-Khorasani et al. [40]
towards a coupled model, which enhances the hybrid model by incorporating the musculature
of the MS model (II) in the FEM model (I). The manual approach of iteratively updating the
nonlinear beam-joint stiffness was thus avoided. The resulting model hence consists of the
rigid vertebrae defined earlier in the passive FEM model (I), the detailed geometries of the
IVDs and all muscles and ligaments defined in the MS model. In the resulting FEM model,
muscle forces are predicted by a procedure similar to the optimization procedure described
above [60], and due to the novel method, depend on detailed IVD FEM model deformations.
Static positions were simulated to evaluate the performance of the model compared to earlier
versions and in vivo data. Stress distributions in IVDs were not available in the study, but
compression forces and muscles forces could be compared between different model versions.
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To sum up, multiple simulation approaches have been executed using MBS simulation
results in FEM models. Transferred data included reaction forces, muscle forces or dis-
placements of vertebrae on different spine levels. The vast majority of MBS studies rely on
experimental data to define joint properties of the IVDs. However, one study investigated
the potential of FEM simulations to define MBS model properties.

3.2. FEM→MBS

Karajan et al. [44] investigated the possibility of representing IVD behavior in MBS
bushing components by polynomial functions previously derived from detailed FEM
simulations. In their approach, one FSU was simplified with three cylinders. The IVD
model was constructed based on earlier work combining porous and polyconvex material to
account for the complex behavior of the IVD [35]. The conversion of the FEM displacements
into the three-DoF MBS bushing-element parameters, namely, rotation and translation in
the sagittal plane, was realized as follows: From the center of gravity in the IVD, where
the bushing component was located, lever arms to the nodes on the top surface of the
IVD aid in yielding nodal displacements of surface nodes. Nodal deformations were then
summarized in a Cardan rotation tensor. The FEM simulation with the nodal displacements
as input yielded a surface-traction vector derived from the reaction stresses of the IVD,
which was homogenized by summarizing the stress distribution to one single value for
the force and moment acting on the surface. With the resulting force and moment, the
load–displacement behavior of the IVD at the center of gravity was computed. However,
as their work focused on the coupling scheme, IVD responses were investigated solely
for the elastic part of an MBS bushing component, and nonlinear deformations were not
considered. Karajan et al. stated that the advantage of the method was the significantly
shorter computation times compared to other approaches. The co-simulation aspect here
consists of the modification of the bushing component definitions in the MBS analysis
based on the FEM simulation results. The authors stated that the developed model yields
the same elastic response of the IVD as that expected by the full biphasic FEM model in
each time step.

The resulting MBS model with adapted stiffness parameters could potentially be
further used to provide information for a detailed FEM simulation, calculating stresses and
deformations. This step has been realized by some research groups. Studies are reviewed
in the following.

3.3. FEM→MBS→ FEM

To investigate the effects of muscle damage as seen in lumbar interbody fusion surgery,
Kumaran et al. [64] used multiple data exchanges between an OpenSim MBS and an Abaqus
FEM model. Firstly, an existing FEM model of the thoracolumbar spine [65] was loaded
with 4 Nm at T1 to gain ranges of motion (ROMs). These were then transferred to an
OpenSim MBS model [8] to calculate muscle forces, which were subsequently applied to
the lumbar part of the previously mentioned FEM spine model as connector forces. The
research group noted that a limiting factor of their model was that these muscle forces
did not produce the motion of the vertebrae, but the simulation was implemented with a
given displacement to synchronize both models. Thus, the correct interaction of forces and
displacement was likely not given.

In 2021, Meszaros et al. presented a study in which they adapted an established
neuro-musculoskeletal spine model [22] to match with an FEM model of the spine [66]
considering mechanical behavior. They used the Visible Human Male (VHM) of the Visible
Human Project (VHP) [67] as an MBS basis model. From the patient-specific FEM model,
they derived muscle attachment points (a) and patient-specific bone geometries (b), which
were then subsequently morphed into the VHM MBS framework. The MBS framework
was further individualized by generic structures (c), namely, joints, muscles, ligaments
and IVDs, which were firstly customized in the neuro-musculoskeletal model and then
prescribed to it. Next, soft-tissue characteristics of IVDs and ligaments within the VHM
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framework were adapted based on IVD responses in the FEM model, ligament stiffnesses
derived from the FEM model and soft-tissue models in the neuro-musculoskeletal model.
Scaling and simulating the resulting MBS VHM model led to time-dependent forces of
muscles, tendons and ligaments (FMTU(t)). These forces were finally inserted into the FEM
VHM model together with the adapted bone geometries (b). The result of Meszaros et al.’s
work was therefore an Abaqus FEM model with time-dependent forces FMTU(t) derived
from an MBS model. The model allowed for investigations of spinal motion and tissue
mechanics on a mechanical level.

Load sharing in the lumbosacral spine was explored by Liu et al. [42] in 2018 using
a unidirectional MBS and FEM co-simulation. The MBS model was set up in Anybody
(AnyBody Technology A/S, Aalborg, Denmark) with three DoF IVD joints at the centers of
the instantaneous axes of rotation, respectively. Stiffness curves were predicted previously
by FEM models of FSUs—they were devoid of ligaments and facet joints and loaded
with flexion and extension moments. The model included 188 muscles of three different
types: straight, via-point and nonlinear. Seven ligaments with fourth-order polynomial
force-deformation relationships with respect to the spinal level [68] were added. The FEM
model was implemented in Hypermesh and Abaqus based on the MBS model geometry.
Endplates were meshed with shell elements, extruded to form brick elements as far as the
adjacent vertebrae and divided into NP and AF. While bones and endplates were modeled
with linear material parameters, hyperelastic Mooney–Rivlin models were used for the NP
and AF ground substance, and nonlinear AF fiber parameters included increasing stiffness
towards the outer lamellae [56,69]. Ligament locations and parameters were copied exactly
from the MBS model. Moreover, the model included frictionless facet joint contacts. A static
equilibrium was calculated in the MBS model following the concept of a spinal rhythm,
in which the single FSUs were flexed proportionally and loaded by gravity. The reaction
moment, ligament forces and muscle forces were applied to the T12–L1 joint of the FEM
model. Results showed a different deformed state of the FEM model afterwards, which
Liu et al. explained with the inability of the joint models in the MBS to allow deformations,
which was in turn represented in the FEM model. To synchronize the models, Liu et al.
translated vertebra L1 along the reaction force FR line of action until it reached to MBS-
predicted position. The novel reaction force RF obtained was iteratively compared with the
initial reaction force FR while adjusting the translation, until the difference was smaller than
a predefined tolerance. In a follow-up work, Liu and El-Rich used the same model, reduced
to one functional spinal unit (L4–L5), to investigate the influences of the NP position on the
IDP, spinal loads and load sharing during 60° forward flexion. Based on in vivo data, three
posterior shifts of the NP were realized by the models: 0, 1.5 and 2.7 mm. Muscles and
ligaments forces, and joint forces and moments at L3–L4 were calculated by the MBS model
and prescribed to the FEM model. IDP and spinal loads calculated by the FEM model
show that the IDP and compressive forces within an FSU were distinctly influenced by the
posterior shifts of the NP, and the CoRs calculated by their MBS and FEM model differ. Liu
and El-Rich believe the kinetic results predicted by the MBS model to have been affected by
single IVD rotating joints and suggest implementing an iterative process combining MBS
and FEM models to account for compressive and shear stiffness. [42]

Refer to Table 1 for an overview of the reviewed unidirectional co-simulation studies.
Author groups with more than one study mentioned in this review were included in the
table only with their most recent studies for clarity reasons.

Independent of the data transfer being solely from MBS to FEM, from FEM to MBS or
both, unidirectional co-simulation was often limited by linear deformations and manual
adaption processes to synchronize both models [36,40,42]. To overcome these limitations in
the field, a few recent studies implemented bidirectional co-simulations of the spine.
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Table 1. Recent simulation studies using unidirectional co-simulation to investigate the spine with
information on the execution order, transferred data, the software structure and the source of the
model geometry.

MBS Solver 1 FEM Solver Execution Order Transferred Data Software Structure Model Geometry

Esat et al., 2005,
2009 [37,38]

visualNastran 4D
from MSC Software

Marc/Mentat from
MSC Software. MBS→ FEM

Two
time-dependent

sagittal forces and
one sagittal moment
at each IVD→ BC

Distinct software,
manual transfer Literature

Du et al., 2014 [49] Hypermesh Hypermesh (Altair
Engineering) MBS→ FEM

Time-dependent
translation &

rotation at hip joint
& T9 endplate→

BC

Distinct software,
manual transfer Literature

Henao et al.,
2016 [51] ADAMS [52] RADIOSSTM

(Altair Engineering) MBS→ FEM Displacement of
vertebrae

Distinct software,
manual transfer

Patient-
specific/Literature

Honegger et al.,
2021 [53] OpenSim Abaqus MBS→ FEM

Time-dependent
joint angles and

muscle forces

Distinct software,
manual transfer

Preexisting FEM
model fitted to
patient-specific

geometry

Kamal et al.,
2019 [39] Matlab Abaqus MBS→ FEM

Resulting muscle
forces and reaction

moments as
distributed pressure

and shear stress

Distinct software,
manual transfer CT-based

Azari et al., 2018,
Khoddam-

Khorasani et al.,
2018, Rajaee et al.,

2021 [36,40,63]

Abaqus/Matlab Abaqus/In-house MBS→ FEM Mostly static muscle
forces and moments

Distinct
software/One

software
incorporating
muscles and

detailed passive
elements

CT-based

Karajan et al.,
2013 [44] Not mentioned Not mentioned FEM→MBS

IVD displacement
→ bushing
component
definition

Distinct software,
manual transfer

Simplified as
cylinders

Kumaran et al.,
2021 [64] OpenSim Abaqus FEM→MBS→

FEM

FEM→MBS: ROM
MBS→ FEM:
Muscle forces

Distinct software,
manual transfer Literature

Liu et al.,
2018,2020 [41,42] Anybody Abaqus/Hypermesh FEM→MBS→

FEM

FEM→MBS:
Joint stiffness

curves of IVDs
MBS→ FEM:

Reaction moment,
ligament and

muscle forces at
T12-L1 joint

Distinct software,
manual transfer by

trial-and-error

˙Default Anybody
data/Literature

Meszaros et al.,
2021 [43] VHM Abaqus FEM→MBS→

FEM

FEM→MBS:
IVD response as

mechanical
parameters
MBS→ FEM:

Time-dependent
muscle, tendon &
ligament forces

Distinct software,
manual transfer

VHM for MBS,
patient-specific &
VHM-based FEM

(morphed)

1 In this definition, we also include models with clear characteristics of MBS models, such as the involvement of

mainly rigid bodies and their interconnections by joint-like components.

4. Bidirectional Co-Simulation of the Spine

Bidirectional co-simulation models benefit from an iterative data exchange that re-
quires less manual intervention and more accurately accounts for large deformations of,
e.g., IVDs. Approaches using this type of coupling are listed below, again focusing on how
data are exchanged between MBS and FEM models.

Monteiro et al. [46] realized a bidirectional data flow to explore intersomatic fusion
biomechanics. In their study, the MBS framework included specific reference points, for
which the kinematic data, namely, displacements and rotations, were calculated. The
results were transferred as initial data to the FEM simulation, which calculated the reaction
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forces and moments. Those were transmitted back to the MBS software and served as
new starting points for another forward dynamic iteration. The process was managed by
a co-simulation module, which used a gluing algorithm (an algorithm for bidirectional
coupling of numerical models) to communicate between the MBS and FEM model of
a C5-C6 or C6-C7 segment. This gluing algorithm was an adaptation of an algorithm
developed in 2001 by Tseng et. al. [70], which in turn was based on the coordinate split
(CS) technique by Yen et al. [71]. Wang et al. [72] complemented the gluing algorithm
with an interfacing communication platform to make it suitable for practical applications.
This approach made the single submodels black boxes, which could be coupled with
one of three distinct algorithms distinguished by the data provided by the MBS system.
Monteiro et al. applied the algorithm in which the MBS system (coordinator) provided
kinematic data, as it was more convenient in the case of a forward dynamic analysis with
given displacements. The general environment was developed in Abaqus and Apollo,
a multibody system dynamics (MSD) simulator based on the Adams–Moulton method.
The MBS algorithm was implemented in Fortran code. The co-simulation module core
was incorporated into the Apollo code, and the co-simulation partner was Abaqus. The
geometry of the IVD was derived from images and divided into NP and AF based on
ratios from the literature. Material parameters were chosen as viscoelastic and quasi-
incompressible with a hydrostatic NP and a fiber-drawn AF [37]. IVDs non-adjacent to
the fused vertebrae were modeled as bushing components for efficacy reasons. Seven
ligaments were introduced as viscoelastic, nonlinear elements. For the linkage of the MBS
and FEM system, Monteiro et al. implemented so-called co-simulation elements as RPs.
The possibility of more than one RP per linkage was mentioned as an option to consider
more complex deformations. In his work, however, one master RP and one slave RP were
introduced, either to the center of the top side of the IVD (slave) or to the center of the
bottom side of the IVD (master). Refer to Figure 2a for a graphical representation of these
RPs. The master RP belonged to the constrained master body, while the slave RP drove
the deformation of the model. The information flux therefore consisted of the three basic
stations: First, the kinematic data of the RPs were analyzed and stored. Second, the FEA
was launched by taking into account the kinematic data of the RPs. Third, the kinetic
results of step two were processed by the coordinator software. The validation of the model
with a sagittal moment of 1.5 Nm applied to the head showed realistic results, confirming
the compatibility of the MBS software with the FEM analysis considering the modeling of
the spine.

Another coupling method was implemented by Dicko et al. [73] in combination with
a composite lumbar spine model. The algorithm worked by dividing the lumbar spine
model into particles with either rigid- or flexible-body characteristics. The vertebrae were
represented by rigid bodies, each comprising a rigid coordinate system. The IVDs were
represented as a discretized, meshed FEM body containing both rigid and flexible particles:
Endplate particles were modeled as rigid-body particles; thus, they remained the same
distance from each other over time. The remaining part of the IVD consisted of flexible
particles, each experiencing an independent deformation (Figure 2b). The advantage of this
approach was the reduction of unknowns, as FEM nodes could be attached to rigid-body
particles using Lagrange multipliers. The movement of these attached nodes was then
fully prescribed by the rigid body movement of the vertebrae, resulting in a reduction in
the size of the equation system. A multimapping step reunited all particles before FEM
parameters such as inertia and material properties were applied. The authors state that the
model delivers accurate results without penalizing precision. The method was inspired by
Stavness et al., who already implemented it in their software, ArtiSynth (Vancouver, BC,
Canada) [74]. The software defines deformable bodies by representing their nodes as three
DoF particles. Together with the other type of dynamic components—six-DoF rigid bodies—
the model can be formulated as an ordinary differential Equation (ODE) and solved by a
semi-implicit integrator. While particle-based approaches such as ArtiSynth are particularly
well-suited for coupled biomechanical simulations, FEM models are approximated by a
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lumped mass matrix and a linear co-rotation, and other rotation effects are neglected.
Linear FEM representations might not be able to adequately represent large deformations,
as undergone by the IVD.

In 2021, Remus et al. [47] published a passive spine model created with ArtiSynth
combining rigid vertebral bodies and deformable IVDs as FEM bodies. In Remus’ work,
data were segmented from the VHM [67] and smoothed. Auxiliary vertebral bodies were
additionally derived and acted as interfaces to the IVDs. Vertebral bodies and endplates
were not differentiated. Facet joints were modeled in the shape of cylindrical rigid bodies.
As FEM components, the IVDs were modeled with a Yeoh material model for the NP and a
Mooney–Rivlin material model for the four lamellae of the AF, which was composed with
multi-point springs linking the external nodes of the lamellae. Ligaments were modeled as
multi-point springs or axial springs. The researchers validated their model in a quasi-static
framework with multiple load cases and respective kinematics of in vitro literature data and
numerical data. They calculated intradiscal pressure by using the negative mean of normal
stresses of all FEM nodes in the NP. Values showed high alignment with in vitro literature
data of IVDs at all vertebrae levels. Still, no muscular components were integrated into
the model. In subsequent studies, the model was used to study the impact of degenerative
changes of the IVD on the axis of rotation by altering its mechanical properties [75] and
the effects of a simplified intra-abdominal pressure [76] with integrated muscles as active
components. Both studies showed reasonable results, as the authors stated.

Refer to Table 2 for an overview of the reviewed bidirectional co-simulation studies.
In summary, two main approaches have been used to couple MBS and FEM spine models
bidirectionally: a gluing algorithm providing constant data exchange at certain RPs, man-
aged by a co-simulation engine, and a particle-based approach dividing the model into
rigid and flexible particles and solving the resulting ODE with a semi-implicit integrator.

Figure 2. Graphical representation of bidirectional coupling methods found in the literature.
(a) Coupling algorithm implemented by Monteiro et al. [46]. Two RPs, pictured as black dots, served
as an interface between the flexible IVD and the rigid vertebrae. (b) Coupling method realized by
Dicko et al. [73], which was inspired by an algorithm of Stavness et al. [74]. The model was divided
into two types of particles. Rigid particles are illustrated as black dots and flexible particles as circles.
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Table 2. Simulation studies using bidirectional co-simulation to investigate the spine with information
on the execution order, transferred data, the software structure and the source of the model geometry.

MBS Solver FEM Solver Execution Order Transferred Data Software Structure Model Geometry

Monteiro et al.,
2011 [46] Abaqus Apollo (Fortran) constant

Displacements in
MBS↔ reaction

forces and moments
in FEM

Single software Literature

Dicko et al.,
2015 [73] Not mentioned Not mentioned constant Integrated approach

based on particles Single software Literature

Remus et al.,
2021 [47] ArtiSynth ArtiSynth constant Integrated approach

based on particles Single software Literature (VHM)

5. Limitations and Challenges

Most co-simulation models of the spine use a unidirectional coupling approach, trans-
ferring data singularly from one simulation to the other by applying both simulation
methods consecutively. MBS spine models can profit by defining joint stiffness parameters
based on FEM simulations of the IVD. FEM models of the spine or spinal components
can be improved when muscle or ligament forces and moments are implemented as BCs.
However, when providing a time-dependent input, the time-dependency is influenced
by the deformation properties of a material or component. Equal mechanics cannot be
expected when comparing FEM and MBS IVD representations due to their different mod-
eling approaches. The input accomplished by the results of the MBS initially carried out
is therefore only partly suitable for being incorporated in a subsequent FEM simulation.
This limitation is demonstrated in the effort that has been put into synchronizing the
respective models of the unidirectional co-simulations. The manual adaption steps that
become necessary may provoke inaccuracies and take much time. Kumaran et al. [64],
for example, identified an issue with the interaction of forces and displacement in their
simulation and stated that the muscle forces did not produce the desired motion of the
vertebrae. They then implemented the simulation with a given displacement rather than
a correct interaction of forces and displacement. The same synchronization difficulties
were experienced by Khoddam-Khorasani et al. [40] and Liu et al. [41], who both men-
tioned the need for a manual, iterative process to achieve convergence between the FEM
and MBS model or to account for factors such as compressive and shear stiffness. As
in Liu et al. [41], the concept of a FL is frequently used to apply summarized loads in
the direction of the spinal curvature to provide realistic loading conditions. However, it
neither accounts for time-dependent changes in loads, nor dissolves the need of trial and
error procedures [36]. In sum, unidirectional co-simulation is often associated with lower
accuracy and convergence issues.

To overcome these limitations, a few recent studies have implemented bidirectional
co-simulations of the spine. By updating the deformation values of the IVDs and the
resulting positions of the vertebrae in every increment, updated reaction moments and
forces of muscles, tendons and ligaments can be considered. Of the research groups using
bidirectional co-simulation models, all authors found that their models were able to deliver
accurate results [46,47,73]. However, two main methods were identified to bidirectionally
couple the MBS and FEM solver. Monteiro et al. used an interface approach consisting
of two linking RPs, at which the kinematic and kinetic data were exchanged constantly.
Although this constant exchange of data solves many of the problems encountered in
unidirectional co-simulation, a limiting factor could have been that only one reference node
represented the interface between the vertebra and its endplate in this study. The pressure
distribution on the IVD thus needed to be derived from one single node, which may have
resulted in lowered accuracy. As already reported by Monteiro et al., the implementation
of multiple RPs per linkage would be a reasonable adaption to account for more complex
deformations.
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The particle-based approach divides the whole model into two types of particles, rigid
and flexible ones [47,73,74]. Thus, the interface between the flexible FEM and the rigid MBS
bodies consists of more than one RP. A mapping step combines the distinct particle sets
into one model consisting of a single ODE, which is solved by an integrator. A limiting
factor in this approach is the use of a lumped mass matrix and linear co-rotation definitions
(neglecting other rotation effects) for the FEM component, which has been associated with
less adequate representation of large deformations, as they appear in the IVD. [77]

Despite these limitations, bidirectional co-simulation models of the spine can provide
a holistic understanding of the spine because they consider both the overall kinematics
with the muscular and gravitational forces and moments, and the detailed mechanics of
the IVDs with their deformations and stress distributions.

6. Conclusions and Future Directions

FEM is broadly used in detailed analyses of internal stresses in deforming bodies but
lacks computational efficiency. MBS is more efficient, but can only achieve a certain degree
of detail when it comes to deformations of model components. A combination of both
methods, not only in a unidirectional way, but in a bidirectional manner of data exchange,
can provide both accuracy and efficiency.

Future studies will likely include widespread use of bidirectional co-simulation models
to understand and predict the behavior of the spine. Including automated segmentation
algorithms such as the one implemented by Sekuboyina et al. [26] could accelerate two
things: individual, more adequate diagnoses due to patient-specific geometries, and clinical
investigations containing large cohorts. Those detailed, personalized simulations of large
cohorts could be used to better understand the underlying mechanisms of pathological
changes and the biomechanics of overload situations in ambitious athletes, or to predict
injuries before they occur.
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IVD Intervertebral Disc
MBS Multibody Simulation
FEM Finite Element Method
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DoF Degrees of Freedom
BC Boundary Conditions
FSU Functional Spine Unit
ROM Range of Motion
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STS Sit-to-Stand
CoR Center of Rotation
RP Reference Point
ODE Ordinary Differential Equation
VHM Visible Human Male
CS Coordinate Split
MSD Multibody System Dynamics
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Abstract: The Schroth exercise can train the paraspinal muscles of patients with adolescent idiopathic
scoliosis (AIS), however, muscle performance during the training remains unknown. This study
applied surface electromyography (sEMG) to investigate the paraspinal muscle activities before,
during and after Schroth exercise in nine AIS patients. This study found that after the Schroth
exercise, the paraspinal muscle symmetry index (PMSI) was significantly reduced (PMSI = 1.3), while
symmetry exercise significantly lowered the PMSI (PMSI = 0.93 and 0.75), and asymmetric exercise
significantly increased the PMSI (PMSI = 2.56 and 1.52) compared to relax standing (PMSI = 1.36) in
participants (p < 0.05). Among the four exercises, the PMSI of on all fours (exercise 1) and kneeling on
one side (exercise 3) was the most and the least close to 1, respectively. The highest root mean square
(RMS) of sEMG at the concave and convex side was observed in squatting on the bar (exercise 2)
and sitting with side bending (exercise 4), respectively. This study observed that the asymmetric and
symmetric exercise induced more sEMG activity on the convex and concave side, respectively, and
weight bearing exercise activated more paraspinal muscle contractions on both sides of the scoliotic
curve in the included AIS patients. A larger patient sample size needs to be investigated in the future
to validate the current observations.

Keywords: adolescent idiopathic scoliosis (AIS); surface electromyography (sEMG); paraspinal
muscle; Schroth exercise; paraspinal muscle symmetry index (PMSI)

1. Introduction

Scoliosis is a three-dimensional deformity of the lateral curvature and rotated verte-
brae, among which adolescent idiopathic scoliosis (AIS) is the most commonly diagnosed.
The prevalence of AIS is reported as high as 1.02–2.4% among primary and secondary school
students [1,2]. The deformed spine in patients with AIS leads to asymmetric paraspinal
muscles that show higher electromyographic (EMG) activity on the convex side than that
of the concave side of the scoliotic curve [3–5]. This asymmetry could be due to a lower
proportion of oxidative slow-twitch (type 1) fibers on the concave side, which induced
a decrease in tonic activity and the ability to sustain contractions, resulting in sustained
postural deficits [5,6]. The imbalance and asymmetry in the paraspinal muscles have been
suggested to be related to the development and progression of spinal deformity [4] and
decreased quality of life in AIS patients [7], which warrants further efforts to identify and
validate the appropriate treatment.
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Treatment of the musculature is one of the main objectives in AIS, as the effect of
the correction in posture needs to be maintained by the musculature. Different treatment
exercises have been proposed, and the muscle responses to these exercises have been
investigated in a number of previous studies. Schmid et al. (2010) assessed the surface
electromyography (sEMG) activity of paraspinal muscles during four back strengthening
exercises on patients with AIS, and found that the asymmetric exercises of the front press
at the lumbar level and the roman chair and bent-over barbell row at the thoracic level
were superior in increasing sEMG amplitudes in the concave side [8]. Chwala et al. (2014)
compared sEMG activity symmetry during two symmetric and four asymmetric exercises
in girls with AIS, and found that most cases generated an increase in the predominance of
sEMG activity at the convex side during symmetric and asymmetric exercises than in the
resting position [9]. Strasse et al. (2018) validated the application of sEMG in monitoring
the neuromuscular activity after an exercise treatment lasting for 12 weeks. They found
improved balance in the recruitment of motor units for the production of muscle strength
after exercise, especially at the right side of the spine [10]. Tsai et al. (2010) investigated
the difference in bilateral paraspinal muscle activities during resistance isokinetic exercises
in people with and without scoliosis [11]. They found that the paraspinal muscle tended
to shift sEMG activities from the convex to the concave side, and the lumbar paraspinal
muscle supplied the major action in healthy subjects, while thoracic paraspinal muscle
compensated to supply actions in patients with a larger scoliosis curve. As a result, they
recommended more midback protection during exercises on patients with AIS.

The Schroth exercise is a common approach for paraspinal muscle training for patients
with AIS in clinical practice. It was developed by Katharina Schroth in 1920 [12]. The
scoliosis-specific exercise is specifically designed to train patients to bring their asymmetric
posture into alignment and restore a correct upright position. The repetitive training of
the skeletomuscular system could reinforce the effect, so that patients could consciously
maintain the corrected posture in daily living activities [13]. The Schroth method also
provides sensorimotor and breathing exercises aimed at the recalibration of static/dynamic
postural control, spinal stability, and breathing patterns [14]. It has been reported that
the Schroth exercise slows curve progression [15], reduces curve severity [16] and reduces
scoliosis related pain (>50% intensity and frequency) [17]. Furthermore, the Schroth exercise
was also reported to improve the performance capacity of the paraspinal muscles, such as
strengthening the musculature, better exploiting muscle activity [12], improving erector
spinae activation strategies [6], and correcting the postural defects [18]. These benefits may
be presented by a more symmetric sEMG activity on the concave and convex side of the
paraspinal muscles.

However, to the best of the authors’ knowledge, few previous studies have investigated
the sEMG activity while performing the Schroth exercise in patients with AIS. Therefore,
this study aimed to address this issue and applied sEMG innovatively to investigate the
paraspinal muscles activity before, during and after the Schroth exercise in AIS patients.
The muscle performance in the Schroth exercise, as revealed via sEMG signal, will provide
evidence and contribute to the individualized and case-specific training of the Schroth
exercise for patients with AIS in future clinical practice.

2. Materials and Methods
2.1. Participants

Patients with AIS were recruited through the outpatient clinic specializing in the
treatment of scoliosis. The inclusion criteria were: (1) diagnosed as AIS; (2) 10–18 years old
with Risser sign ranged from 0 to 5; (3) Cobb angle between 20◦~50◦; and (4) experienced
in the Schroth exercise (i.e., received the Schroth exercise training for at least three times
previously) to control and ensure a good exercise performance among the participants. A
sample size of 21 subjects was calculated (assuming that the effect size (d) = 0.5; statistical
power (1 − β) = 0.8; level of significance (α) = 0.05 used for 2-tailed T-test). Patients with
severe back pain, spinal surgery history and other neurological symptoms were excluded
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from this study. All participants gave their written informed consent to participate in
the study.

2.2. Assessment Procedure

A Noraxon EMG assessment system with wireless electromyography sensors (No-
raxon Inc., Scottsdale, AZ, USA) was used for data collection. The sampling rate of the EMG
Sensor System was 1500 Hz with±24,000 µV EMG input range. The baseline noise was less
than 1 µV. The selectable low-pass cut-off and high-pass cut-off were at 500/1000/1500 Hz
and 5/10/20 Hz, respectively. The CMRR of EMG preamplifier was more than 100 dB.

2.2.1. Before Exercise

Each participant was instructed to stand in a relaxed position. Surface electrodes were
placed on the skin surface of superficial erector spinae muscles, 3-cm from the midline and
parallel to the spinous processes of the apical vertebra. The level of the apical vertebra was
determined on the radiographs by an experienced clinician. Then, the sEMG signals were
recorded for 20 s during the relaxed standing position. The test was repeated three times,
with at least 3 min of rest in between to minimize the effect of fatigue in participants.

2.2.2. During Exercise

A physiotherapist specializing in the Schroth exercise instructed participants in per-
forming the exercises. The sEMG data was collected in four different exercise positions,
which were performed in a randomized order (Figure 1). Exercise 1 (E1) and exercise 2
(E2) were symmetric exercises, and exercise 3 (E3) and exercise 4 (E4) were asymmetric
exercises. It is routine practice that each exercise is repeated three to five times in the clinic
as specified in Lehnert-Schroth (2007) [12]. Thus, each test was repeated three times, aiming
to minimize the influence of a daily training schedule and reflect the muscle performance
in a real clinical situation. Furthermore, rest for at least 3 min in between was allowed
to minimize the effects of fatigue in participants. Details of each exercise position are
provided below.

E1 (on the fours): The participant kneeled down with the knees apart at shoulder
width and kept the thighs in a vertical position. The arms were extended vertically under
the shoulders to support the body, with the fingers pointing straight ahead [12]. The
participant kept a steady breath and sustained this position for 20 s, during which the
sEMG signal was recorded. Each participant repeated this procedure three times to acquire
an average sEMG value.

E2 (squatting on the bar): The participant put the feet on the second bar, and the
hands apart on bar at shoulder level in a squatting position. The participant would then
guide the hip below the rib hump to move laterally, backwards, and downward [12]. Then
the participant sustained the downward position for 20 s, during which the sEMG signal
was recorded. Each participant repeated this procedure three times to acquire an average
sEMG value.

E3 (kneeling on one side): The participant kneeled down with the trunk leaning over to
the convex side, then stretched out the leg on the concave side, rotated outwards and placed
it laterally to form the leg and the upper body as a line. The participant kept the pelvis
upright and hands on the hips. The participant kept a steady breath and sustained this
position for 20 s, during which the sEMG signal was recorded. Each participant repeated
this procedure three times to acquire an average sEMG value.

E4 (sitting with side bending): The participant sat with the buttock on the heel and
kept the pelvis upright, then leaned the trunk over to the convex side and put the hand on
the convex side on a block to support the oblique body. Then, the participant sustained this
position for 20 s, during which the sEMG signal was recorded. Each participant repeated
this procedure three times to acquire an average sEMG value.
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Figure 1. Four different Schroth exercise positions: (a) E1—on the fours, (b) E2—squatting on the bar,
(c) E3—kneeling on one side, (d) E4—sitting with side bending.

2.2.3. After Exercise

The participant was instructed to stand in the relaxed standing position. The same
procedure of sEMG activity measurement as the pre-exercise was taken again, to record the
sEMG signals after exercise.

2.3. Data and Statistical Analysis

The obtained sEMG signals were amplified and sampled at 1500 Hz using myoMUS-
CLE™ software (Noraxon Inc., Scottsdale, AZ, USA). The raw data was band-passed filtered
(Butterworth with a cut-off frequency of 20–500 Hz). The sEMG signal of each exercise
was divided into three sequences. Each sequence was normalized for time. The root mean
square (RMS) quantifying the sEMG amplitude of the averaged sEMG signal was calculated.
The paraspinal muscle symmetry index (PMSI) was calculated as RMSconvex/RMSconcave.
The PMSI of being close to 1 (e.g., PMSI = 1) referred to the high symmetry of the paraspinal
muscle. The PMSI < 1 referred to a greater RMSconcave than RMSconvex, and PMSI > 1
referred to a greater RMSconvex than RMSconcave of the scoliotic curve.

The statistical package SPSS, version 22 (SPSS Inc, Chicago, IL, USA), was used
for all statistical analyses. One-way repeated ANOVA was used to compare the PMSI
before, during and after exercise, and examine for the existence of significant difference.
A post hoc adjusted for multiple comparisons with the Bonferroni method was used if
significant differences among overall PMSIs were found. Two-way repeated ANOVA and
the Bonferroni correction for multiple comparisons was adopted to analyze the RMS of
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sEMG on the concave and convex side before, during and after exercise, and examine for
the existence of significant difference. The level of significance was set at 0.05.

3. Results
3.1. Participants

A total of nine patients with AIS participated in this study. Their demographic data
are shown in Table 1.

Table 1. Demographic data (n = 9).

Demographic Data Description

Age 15.2 ± 3.3 years
Gender 9 females

Body Mass Index (BMI) 18.56 ± 1.66
Cobb Angle 31.56◦ ± 8.29◦

Curve Type C curve
Apex T7~L2

Risser Sign 0~5

3.2. The PMSI and RMS of sEMG Activity of Paraspinal Muscles

The PMSI and RMS values of sEMG activity of paraspinal muscles are shown in Table 2.
The PMSI of pre-exercise and post-exercise in the relaxed standing position was over 1,
which meant the sEMG activity of the paraspinal muscle on the concave side was lower
than that of the convex side. The PMSI significantly reduced from 1.36 to 1.30 after exercise
(p < 0.05), indicating the sEMG activity symmetry of the paraspinal muscle between the
convex and concave side was improved.

Table 2. Paraspinal muscle symmetry index (PMSI) before, during and after Schroth Exercise (n = 9).

RMSconcave (µV) RMSconvex (µV) PMSI p Values

Pre-exercise 17.28 ± 6.18 23.51 ± 6.55 1.36 ± 0.19 * <0.01
E 1 44.08 ± 14.58 41.15 ± 20.49 0.93 ± 0.35 0.08
E 2 81.79 ± 24.01 61.20 ± 44.59 0.75 ± 0.16 0.06
E 3 21.30 ± 15.72 54.47 ± 5.37 2.56 ± 0.60 * <0.01
E 4 45.13 ± 21.19 68.77 ± 16.51 1.52 ± 0.09 * <0.01

Post-exercise 19.60 ± 6.17 25.39 ± 5.34 1.30 ± 0.12 * 0.03
* The RMSconcave and the RMSconvex were significantly different (p < 0.05).

3.2.1. The PMSI before, during and after the Schroth Exercise

The PMSI values before, during and after the Schroth exercise are shown in Figure 2.
The PMSI during E1 reduced significantly to 0.93 from 1.36 (p < 0.05) in the relaxed standing
position. It suggested that the sEMG activity of paraspinal muscle at the concave side
increased and reached a similar level to that of the convex side, which improved the
symmetry of the paraspinal muscles. The PMSI during E1 was closest to 1 among the four
exercises, with no significant difference between the RMSconcave and the RMSconvex; thus, it
may be regarded as the exercise with the highest symmetry of the sEMG activity among
the four exercises. The PMSI during E2 was reduced to 0.75 from 1.36 (p < 0.05) in the
relaxed standing position. This suggests that the sEMG activity of paraspinal muscle on the
concave side increased and reached to the level closer to the convex side, which improved
the symmetry of the paraspinal muscle. The RMSconcave and the RMSconvex during E2 did
not show significant difference.

The PMSI during E3 increased significantly to 2.56 from 1.36 (p < 0.05) in the relaxed
standing position. This suggested that the sEMG activity of paraspinal muscle at both
sides increased but the convex side increased more, which reduced the symmetry of the
paraspinal muscle. The PMSI during E3 was the least close to 1 among the four exercises,
with the sEMG activity of convex side being significantly higher than that of the concave
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side (p < 0.05). Therefore, it may be regarded as the exercise with the lowest symmetry
among the four exercises. The PMSI during E4 increased significantly to 1.52 from 1.36
(p < 0.05) in the relaxed standing position. This suggests that the sEMG activity of the
paraspinal muscle on both sides increased but the convex side increased more, which
reduced the symmetry of the paraspinal muscle.

Figure 2. The PMSI before, during and after the Schroth exercise (n = 9).

3.2.2. The RMS of sEMG Activity before, during and after the Schroth Exercise

The RMS of sEMG before, during, and after the Schroth exercise is shown in Figure 3.
The sEMG activity of paraspinal muscle was higher in all Schroth exercises than that in
the relaxed standing position before exercise. The RMSconcave significantly increased after
exercise (23.51 µV vs. 25.39 µV, p < 0.05), while the RMSconvex did not significantly change
after exercise (17.28 µV vs. 19.60 µV, p > 0.05), which indicates that the exercise induced
more sEMG activity of paraspinal muscle change on the concave side of the scoliotic curve.

Figure 3. The RMS of sEMG before, during, and after the Schroth exercise (n = 9).

The highest RMSconcave (81.79 µV) was observed in E2, which was a symmetric exercise
against gravity and induced muscle contraction on both sides. The highest RMSconvex
(68.77 µV) was observed in E4, which was an asymmetric exercise, with side bending to the
convex side and stretching of the concave side. Upon comparing the magnitude of sEMG
activity of paraspinal muscles, this study observed that E4 > E3 (p < 0.05) and E2 > E1
(p < 0.05) in both the convex and concave side of the scoliotic curve.

4. Discussion

This study innovatively applied the sEMG to investigate paraspinal muscle activities
before, during and after the Schroth exercise in patients with AIS. The findings of this study
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will provide evidence and support the individualized and case-specific prescription of
the Schroth exercise in future clinical practice, which could improve the effectiveness of
treatment and improve the quality of life of patients with AIS.

The sEMG activity of the paraspinal muscle on the concave side was found to be lower
than that of the convex side during the relaxed standing position in AIS patients. This
could be explained by the prolonged stretching of the paraspinal muscles due to deformed
vertebrae in AIS patients, which resulted in the asymmetry of muscle fiber types, lengths
and locations at bilateral sides [5,19]. The indicated functional imbalance of the paraspinal
muscles in AIS suggests that clinicians should prescribe specific exercise to improve muscle
balance on both sides according to individual conditions.

This study found that the PMSI of AIS reduced by 4.6% after the Schroth exercise. A
previous study also reported the reduced PMSI by 12.0% in the thoracic region and by
7.9% in the lumbar region after the Schroth exercise [6]. Since only patients with single
lumbar scoliosis were recruited in the current study, the influence of curve location on the
symmetry of paraspinal muscles could be investigated in future studies.

During symmetric exercises, the sEMG activity of the paraspinal muscle was sym-
metric, while during the relaxed standing position was asymmetric. Chwala et al. [9] also
reported higher PMSI during symmetric exercise in comparison with the resting recordings.
The possible reason could be that symmetric exercise tried to isolate the muscle contraction
between the concave and convex side, and focused more on the atrophied concave side
to improve the symmetry of paraspinal muscles [18]. For E1 (on the fours), the sEMG
activity on the concave side increased more than the convex side and reached a symmetric
sEMG activity on both sides. E1 may be regarded as a symmetric exercise with reduced
longitudinal gravity on the spine, which would simultaneously correct the sagittal lordosis
and coronal scoliosis of spinal deformity [20]. The symmetric sEMG activity of paraspinal
muscles during E1 may be related to both the self-correction of the patients and the sponta-
neous correction by the postural change. This can also explain the highest RMSconcave in E2
(squatting on the bar), which is a symmetric exercise that was against gravity and induced
higher muscle contraction on both sides.

During asymmetric exercises, the sEMG activity of paraspinal muscle on the concave
side was lower than that of the convex side. The paraspinal muscle fiber was reported to be
weaker on the concave side and stretched on the convex side in the scoliotic spine [21]. The
convex side was usually used as the dominant side for daily activities. During asymmetric
exercise, side bending created an imbalance load on the spine, requiring greater paraspinal
muscle contraction to maintain stability. As a result, an increase in the predominance of
the sEMG activity on the convex side was instigated. It could be a sign of an adaptive
response to the greater use of the muscles on the convex side in patients with AIS. The
highest RMSconvex was observed in E4 (sitting with side bending), which agreed with
Chwala et al.’ s study [9] who observed the highest sEMG activity of the convex side of
paraspinal muscles in an asymmetric exercise, which involved actively stretching the
concave side. They also reported that asymmetric exercises demonstrated larger differences
in sEMG activity of the paraspinal muscles in comparison with symmetric exercises.

When considering individual patients, two out of nine patients demonstrated lower
sEMG activity at the concave side during symmetric exercise, which was opposite to the
other subjects. This might be because each patient had different motor habits and variable
attempts when performing exercises. The same exercise could result in diverse performance
quality and repeatability of the corrective patterns in practice [9]. Therefore, individualized
exercise should be recommended based on the specific muscle response and performance
quality of patients. This study validated the feasibility of applying sEMG to evaluate
the muscle performance during the Schroth exercise, which will provide evidence and
contribute to the case-specific training for patients with AIS in clinical practice. It may
also be helpful to adopt some ultrasound imaging technologies [22] to study the internal
paraspinal muscle contraction pattern during the exercise in AIS patients in the future.
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This study has several limitations. This study only involved nine patients with lumbar
scoliosis. A larger sample size with diverse types of scoliosis curve needs to be investigated.
Unfortunately, due to the COVID-19 pandemic in China, it is extremely difficult to recruit
more AIS patients for this study at this time and in the near future. The current study may
serve as pilot investigation providing the theoretical foundation and research direction
for future studies to further validate the current observations and deepen the knowledge
in this field with larger samples. This study has focused on the immediate effect of the
exercise on the paraspinal muscles, but lengthier studies will be necessary to confirm the
long-term effects of the Schroth exercise on the performance of the paraspinal muscles.
It would also be interesting to investigate whether any difference existed in paraspinal
muscle activity during the Schroth exercise between adolescents with and without scoliosis.
However, due to the limited number of available children/adolescent participants, it has
been difficult to recruit the healthy adolescents without scoliosis to perform the Schroth
exercise as a control group, especially under the current pandemic situation. Future studies
could recruit some healthy children/adolescents without scoliosis to study the difference
in paraspinal muscle activity during the Schroth Exercise.

5. Conclusions

This study observed that the sEMG activity of paraspinal muscle was higher during
Schroth exercise than in that of a relaxed standing position in nine patients with AIS. The
asymmetric exercise induced more sEMG activity at the convex side, while symmetric
exercise induced more sEMG activity at the concave side. Weight bearing exercise tended
to activate more muscle contractions on both sides of the scoliotic curve in the included
AIS patients. Patients in a larger sample size will need to be investigated in the future to
validate the current observations.
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Abstract: The purpose of this study was to evaluate muscle activation and fatigue in the operator
during tooth preparation and intraoral scanning by simulating these tasks in two types of dental unit
chair systems (UCS). Six participants were recruited, and the above tasks were simulated. Electrodes
were placed on the skin over five types of muscles (arm, neck, and shoulder muscles), and the
maximal voluntary contraction (MVC) was measured. Electromyography (EMG) was assessed during
the simulation, and EMG values were normalized using MVC. The root mean square (RMS) EMG
(%MVC) and muscle fatigue (%) were calculated. Owing to a lack of normal distribution of the
data, Mann–Whitney U test and Kruskal–Wallis H test were performed for statistical comparison,
and Bonferroni adjustment was performed for multiple comparisons (α = 0.05). There was no
significant difference in RMS EMG between the two types of dental UCS (intraoral scanning, p = 0.237;
tooth preparation, p = 0.543). Moreover, the RMS EMG and muscle fatigue were not significantly
different between the two tasks (p > 0.05). There was significant muscle fatigue after the intraoral
scanner use was simulated thrice (p < 0.001). It is necessary to refrain from performing continuous
intraoral scanning and tooth preparation and to take appropriate rest to reduce the incidence of
musculoskeletal disorders in dentists in clinical settings.

Keywords: dentistry; dental unit chair systems; muscle fatigue; muscle activation; in vivo study

1. Introduction

In dental clinical practice, the use of a dental unit chair system (UCS) is essential
for patient diagnosis and treatment [1,2]. Dentists spend most of their work time in the
dental UCS for patient care [3]. The dental UCS consists of an operating light and a patient
seat, foot controller, water fountain and cuspidor, monitor, bracket table, and dentist’s
chair [4]. In addition, the dental UCS has been developed to facilitate the use of various
dental medical devices and treatment tools [5,6].

Musculoskeletal disorders (MSDs) frequently occur among dental practitioners [7]. It
is very difficult for a dentist to adopt an optimal working position because of the limited
working space and long duration of treatment [8]. In addition, a high degree of con-
centration is required by the dentist during treatment resulting in a static posture being
maintained for a long time [9]. In the process of maintaining a static posture, the parts of
the dentist’s body most affected are the back, shoulders, and neck [10,11].
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Electromyography (EMG) is a method for measuring electrical signals generated in
the skeletal muscles to quantitatively evaluate the magnitude of muscle fatigue or exerted
strength [9–12]. Since EMG evaluation can diagnose the functional abnormalities of muscles,
it is widely used in various fields, such as medical research, rehabilitation medicine, sports
science, and design engineering [9–12]. Muscle fatigue refers to a temporary decrease in
the ability of a muscle or muscle group to generate force or perform physical activity and is
an essential factor affecting working efficiency [10–12]. Therefore, muscle fatigue is highly
correlated with muscle EMG activity and the root mean square (RMS) of EMG [10,11].

Several muscle groups, including the arms, neck, shoulders, and back, are activated
during dental work. The arm muscles, flexor digitorum superficialis (FDS), and extensor
digitorum communis (EDC) are activated during bending of the wrist and application
of force for gripping dental instruments [13]. The sternocleidomastoid muscle (SCM) is
involved when turning the head, and the splenius capitis (SC) is involved when bend-
ing the head to observe the patient’s mouth [9,10,12–15]. The trapezius descendens (T),
which is used to raise the shoulder, has also been frequently used for assessment of
EMG in dentists [9,10,12–15]. Therefore, it is important to reduce or prevent MSDs in the
aforementioned muscles. There are several examples of application of ergonomics in den-
tistry, including in the patient chair, operator chair, operating light, hand instrumentation,
and cabinetry.

Recently, as the application of dental computer-aided design and computer-aided
manufacturing (CAD/CAM) has rapidly increased. The use of intraoral scanners has also
increased [16]. Although manufacturers have reduced the weight and size of intraoral
scanners for usability, these scanners are still one of the heaviest medical devices used
directly in the oral cavity [17]. The weight of the intraoral scanner suggested by the
manufacturer generally ranges from 113 g to 585 g; the scan time is more than five minutes
per complete arch and the device is used repeatedly [17,18]. Although studies have reported
the evaluation of EMG when a dentist performs tooth preparation using a high-speed
handpiece [9,11], there have been no reports on the effect of intraoral scanner use on the
dentist’s MSDs.

There is a need for further research on muscle activity and fatigue considering MSDs
in various dental practices. Therefore, the purpose of this study was to evaluate muscle
activation and fatigue in the operator during tooth preparation and intraoral scanning by
simulating these two tasks in the two types of dental UCS. The null hypothesis of this study
was that there is no significant difference in muscle activity and fatigue between the two
types of dental UCS and the two types of tasks (tooth preparation and intraoral scanning).
Additionally, we hypothesized that there is no difference in muscle activity and fatigue
caused by repeated use of the intraoral scanner.

2. Materials and Methods
2.1. Participants

This clinical trial was approved by the Clinical Trial Ethics Committee of Kyungpook
National University Dental Hospital (IRB No. KNUDH-2021-04-04-00). Right-handed
participants with no history of MSDs were recruited. The study inclusion criteria specified
that individuals with right-handedness or who presented with musculoskeletal disorders
were excluded. The study exclusion criteria specified that individuals with musculoskeletal
disorders, sensory or mental abnormalities, debilitating medical conditions, and/or who
were pregnant, or lactating were not eligible for assessment in this study. For blinding,
all participants did not know the purpose of the present study, and the experiment was
performed only according to the instructions of one investigator. The sample size was
calculated as at least four participants per group based on the results of a previous study [10]
(G*Power version 3.1.9.2; Heinrich-Heine-Universität Düsseldorf, Düsseldorf, Germany)
(actual power = 99.11%; power = 95%; α = 0.05); the present study included six participants
per group. The mean age of the participants was 31.5 ± 3.9 years. The participants had a
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mean height of 170 ± 6.2 cm, mean weight of 66.3 ± 10 kg, and a dental clinical experience
of 3.6 ± 1.1 years. The six participants consisted of two women and four men.

2.2. Data Collection: Ag/AgCl Electrode Placement on Sampled Muscles

The present study refers to the location for evaluation of MSDs that develop during
dental treatment in the dental UCS as observed in previous studies [6–11]. The muscles
to be assessed for surface EMG, EDC, and FDS were the arm muscles; neck muscles
(SCM and SC); and shoulder muscle (T) (Figure 1). For the arm muscles, a pair of 20 mm
diameter silver or silver chloride solid adhesive pre-gelled electrodes (Covidien, Mansfield,
MA, USA) were attached only to the right hand to perform the task (Figure 1). For the
other muscles, the electrodes were symmetrically attached to the left and right sides
(Figure 1). Before attaching the electrode, the attachment site was made free of excess hair
and thoroughly washed with a 70% isopropyl alcohol swab. According to the guidelines
of the surface electromyography for the non-invasive assessment of muscles (SENIAM)
protocol for each muscle location, two electrodes were attached to the movement point of
each muscle in the direction of the muscle fiber [19]. The center distance between the two
electrodes was 20 mm, and the ground electrode was attached to the sphenoid process of
the left ulna (Figure 1) [19].

Figure 1. Schematic of the electrode attachment position for electromyography. EDC, extensor digito-
rum communis; FDS, flexor digitorum superficialis; SCM, sternocleidomastoid muscle; SC, splenius
capitis; T, trapezius descendens.

For the EDC, the electrodes were attached to the quarter point between the lateral
epicondyle of the humerus and the styloid process of the ulna (Figure 1) [20,21]. For
the FDS, the electrodes were attached to the quarter of the medial border of the medial
epicondyle of the humerus and the coronoid process of the ulna (Figure 1) [20]. For the
SCM, the electrodes were attached at the third point between the mastoid process and
the sternal notch toward the sternal portion of the muscle [20]. For the SC, the electrodes
were attached to the midpoint between the mastoid process and vertebra C7. For the
T, the electrodes were attached to the midpoint between the acromion and vertebra C7
(Figure 1) [20].

After electrode placement, the electrode was connected to an EMG measuring system
(WEMG-8; LAXTHA, Daejeon, Korea). In the measurement system, each channel was
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amplified to 244 µV through the EMG preamplifier, and the analog and digital signals
were converted to a 10-bit resolution through the AD converter. The sample was collected
at a sampling rate of 1024 Hz. Real-time EMG measurement software (TeleScan ver 3.29;
LAXTHA, Daejeon, Korea) was used to collect real-time EMG data.

2.3. Data Collection: Maximal Voluntary Contraction (MVC) Measurement

To normalize the EMG data, MVC was measured according to the guidelines of the
SENIAM protocol [11,21]. All MVC measurements were performed while sitting on a
dentist’s chair and supporting the lower back on the backrest. When measuring the MVC of
the arm muscles, the forearm was supported on a desk and the elbow was bent at 90◦. The
EDC was measured by providing the maximum resistance force when opening the back of
the hand and fingers, and the FDS measured the force to maximally close the fingers and
palms using a grip force meter. The SCM was measured while providing the maximum
resistance to the left and right rotations of the head with both arms lowered. The shoulder
muscle (T) was measured by providing the maximum resistance force when trying to lift
the shoulder upward. Each muscle was assessed three times at 5 s intervals, and the highest
value was defined as the MVC.

2.4. Data Collection: Muscle Activation Measurement

After taking a break for 30 min after the MVC measurement, dental work simulations
were performed on a dental mannequin (Simple Manikin III, NISSIN, Kyoto, Japan) in-
stalled in the dental UCS, and muscle activity was recorded in eight EMG channels. The
participants performed simulations for intraoral scanning and tooth preparation tasks for
two days at intervals of one week to prevent fatigue accumulation between tasks, and the
work order was randomly selected by listing all orders (Figure 2).

 

𝑅𝑀𝑆 𝐸𝑀𝐺(%𝑀𝑉𝐶) = 𝑀𝑢𝑠𝑐𝑙𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡𝑎𝑠𝑘𝑠 (µV)𝑀𝑉𝐶 × 100

𝑀𝑢𝑠𝑐𝑙𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒(%) = 𝑀𝐸𝐹 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑒𝑐𝑜𝑛𝑑 60 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 −  𝑀𝐸𝐹 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 60 𝑠𝑒𝑐𝑜𝑛𝑑𝑠𝑀𝐸𝐹 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 60 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 × 100

Figure 2. Electromyography measurements during dental simulations. (A) Tooth preparation simula-
tion; (B) Intraoral scanning simulation.

The digital integrated dental UCS (MEGAGEN, Daegu, Korea) used an intraoral
scanner (i500; MEDIT, Seoul, Korea) and monitored the dental UCS, and the conventional
dental UCS (Maxpert; SHINHUNG, Seoul, Korea) showed the scanning process on a
separate monitor, other than that of the dental UCS, connected to an intraoral scanner.
The participants performed all work procedures after adjusting the dentist’s chair and the
patient’s chair to fit their posture and body.

The intraoral scanning task was performed by consecutively scanning the maxillary
and mandibular models for dental education (D85DP-500B.1; Nissin Dental, Kyoto, Japan)
three times using an intraoral scanner (i500; MEDIT, Seoul, Korea; Figure 2). The scanning
strategy was to scan the complete arch in the order of occlusal, buccal, and lingual, and
all participants performed a scan so that there were no empty spaces in any of the teeth
(Figure 2). The weight of an intraoral scanner used in the present study was 280 g.
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The tooth preparation task was performed by preparing the maxillary right first molar
(D85DP-500B.1; Nissin Dental, Kyoto, Japan) for a single ceramic crown and chamfer margin
using a high-speed dental handpiece (TG-98; W&H, Bürmoos, Austria; Figure 2). Partici-
pants performed the tooth preparation task without a magnification system (Figure 2).

One investigator (J.M.L.) recorded the muscle activity in real time only when the
participant performed any action for the tasks and did not record the muscle activity unless
the participant performed the simulation. In addition, all working times were recorded.

2.5. Data Collection: Muscle Activation Analysis

Muscle activation and muscle fatigue were calculated from the data measured using
EMG measurement software (TeleScan ver 3.29; LAXTHA, Daejeon, Korea). EMG data
from dental work were normalized and expressed as percentages, and the activation of
each muscle was calculated as follows [9,12] (1):

RMS EMG(%MVC) =
Muscle activation during tasks (µV)

MVC
× 100 (1)

RMS EMG (%MVC) indicates muscle activation that occurs during dental work com-
pared to MVC. As the RMS EMG (%MVC) increased, the risk of MSDs increased, and
the ergonomic risk level according to the activation level of each muscle was evaluated
according to previous literature: MVC in the range of 0–10% means “low risk”; 11–20%
means “moderate risk,” and more than 21% means “high risk” [9,12,13].

Muscle fatigue can be identified by increasing and decreasing median edge frequency
(MEF) values, and as MEF decreases, muscle fatigue increases [22–25]. The MEF value can
be obtained in the frequency range of 1–400 Hz after applying the fast Fourier transform,
which transforms the EMG signal that changes with time into a frequency. Among the total
working time, MEF in the first 60 s and next 60 s were calculated, and muscle fatigue was
calculated according to the following formula [23,24] (2):

Muscle f atigue(%) =
MEF in the second 60 s−MEF in the f irst 60 s

MEF in the f irst 60 s
× 100 (2)

When MEF in the first 60 s of dental work was compared with MEF in the next 60 s, a
negative value was obtained when the value of MEF in the second 60 s was low, indicating
the increase in muscle fatigue [23,24].

2.6. Statistical Analysis

IBM SPSS statistical Statistics for Windows, version 25 (IBM Corp., Armonk, NY, USA)
was used to analyze all data (α = 0.05). First, the distribution of the data was investigated
using the Shapiro–Wilk test; the data were not normally distributed. Therefore, Mann–
Whitney U test was performed to compare the two types of dental UCS in EMG and
muscle fatigue and to compare dental tasks (intraoral scanning and tooth preparation
simulation). A Kruskal–Wallis H test was performed to compare the differences in EMG
and muscle fatigue according to the muscles. The Bonferroni adjustment was performed
for multiple comparisons.

3. Results

The mean working time was 444.7 ± 195.2 s for the tooth preparation task and
509.6 ± 142.6 s for the intraoral scanning task (1st: 571.5 ± 169.0 s, second: 496.3 ± 145.2 s,
third: 461.0 ± 113.6 s). The time for the intraoral scanning task showed a significant
decrease during the three repetitions (p < 0.001).

In both types of dental UCS, the RMS EMG of the tooth preparation task was higher
than that of intraoral scanning, but there was no statistically significant difference (p = 0.147;
Table 1). In addition, there was no significant difference between the muscle fatigue for the
two types of simulations measured in the two types of dental UCS (p = 0.435; Table 2).
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Table 1. Comparison of mean RMS EMG (%MVC) according to muscle type and dental unit chair system.

Muscle Type

Intraoral Scanning Task Tooth Preparation Task

Dental Unit Chair System
p *

Dental Unit Chair System
p *

Integrated Conventional Integrated Conventional

Extensor digitorum communis 13.6 ± 4.0 ac 11.7 ± 2.5 a 0.368 16.4 ± 4.8 ab 17.9 ± 6.9 ab 0.668

Flexor digitorum superficialis 10.5 ± 5.5 ab 5.5 ± 3.2 a 0.209 15.4 ± 8.0 ab 12.7 ± 4.3 ab 0.487

Left sternocleidomastoid muscle 8.5 ± 6.2 ab 6.0 ± 3.2 a 0.409 9.4 ± 5.2 a 9.3 ± 6.9 a 0.967

Right sternocleidomastoid muscle 4.6 ± 2.5 b 5.3 ± 1.3 a 0.551 5.5 ± 3.9 a 7.7 ± 6.2 a 0.490

Left splenius capitis 9.4 ± 4.8 ab 12.0 ± 4.9 a 0.397 11.8 ± 4.6 ab 12.8 ± 4.5 ab 0.712

Right splenius capitis 10.2 ± 4.0 ab 7.1 ± 3.8 a 0.207 8.8 ± 4.1 a 7.7 ± 4.5 a 0.675

Left trapezius descendens 17.0 ± 4.4 ac 11.1 ± 5.6 a 0.077 14.2 ± 6.5 ab 10.6 ± 4.3 ab 0.298

Right trapezius descendens 19.5 ± 5.7 c 20.7 ± 7.7 b 0.755 20.3 ± 8.8 b 16.1 ± 9.4 ab 0.451

Mean 11.7 ± 6.3 10.1 ± 6.3 12.7 ± 7.1 11.8 ± 6.7

p ** <0.001 <0.001 0.003 0.042

p *** 0.237 0.543

p **** 0.147

Significance was determined by the Mann–Whitney U test (*, comparison according to unit chair system in each
muscle; ***, comparison of unit chair systems in overall mean; and ****, comparison of two simulations), p < 0.05.
**, Significance determined by Kruskal–Wallis H test (comparison of each muscle), p < 0.05. RMS, root mean
square; EMG, Electromyography.

Table 2. Comparison of mean muscle fatigue (%) according to muscle type and dental unit chair system.

Muscle Type

Intraoral Scanning Task Tooth Preparation Task

Dental Unit Chair System
p *

Dental Unit Chair System
p *

Integrated Conventional Integrated Conventional

Extensor digitorum communis −6.7 ± 3.4 −9.6 ± 9.0 0.488 −2.8 ± 5.1 −7.2 ± 14.8 0.513

Flexor digitorum superficialis −4.4 ±6.6 −1.2 ± 10.7 0.554 −4.2 ± 9.4 −9.4 ± 13.3 0.455

Left sternocleidomastoid muscle −17.8 ± 7.2 −0.9 ± 18.0 0.058 −17.0 ± 19.0 −3.9 ± 6.2 0.142

Right sternocleidomastoid muscle −8.0 ± 11.9 3.4 ± 12.1 0.126 15.3 ± 42.4 5.7 ± 16.3 0.623

Left splenius capitis 8.7 ± 9.9 −2.9 ± 4.2 0.033 2.9 ± 11.1 −11.2 ± 10.4 0.047

Right splenius capitis −7.2 ± 9.7 0.6 ± 5.8 0.127 3.2 ± 8.4 3.5 ± 11.7 0.960

Left trapezius descendens 3.2 ± 11.1 −3.4 ± 3.4 0.190 3.2 ± 16.7 1.7 ± 5.7 0.847

Right trapezius descendens −0.3 ± 5.0 1.9 ± 4.3 0.407 3.4 ± 7.8 −3.4 ± 10.8 0.240

Mean −4.0 ± 11.0 −1.5 ± 9.7 0.5 ± 19.3 −3.0 ± 12.3

p ** 0.148 0.417 0.219 0.141

p *** 0.228 0.287

p **** 0.435

Significance was determined by the Mann–Whitney U test (*, comparison according to unit chair system in each
muscle; ***, comparison of unit chair systems in overall mean; and ****, comparison of two simulations), p < 0.05.
**, Significance determined by Kruskal–Wallis H test (comparison of each muscle), p < 0.05.

The intraoral scanning task and tooth preparation task showed a low risk level only in
the SCM and a moderate risk level in other muscles (Table 1). During the intraoral scanning
task, the digital integrated dental UCS showed significantly higher RMS EMG in the EDC
and T (p < 0.001), while the conventional dental UCS showed significantly higher RMS
EMG in the right T (p < 0.001; Table 1). During the tooth preparation task, both types of
dental UCS showed significantly higher RMS EMG in the EDC, FDS, left SC, and T (p < 0.05;
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Table 1). There was also no significant difference between the RMS EMG with the two
dental UCS (intraoral scanning task, p = 0.237; tooth preparation task, p = 0.543; Table 1).

In digital integrated dental UCS, there was no significant difference in muscle fatigue
according to muscle in the intraoral scanning task (p = 0.138) and tooth preparation task
(p = 0.219; Table 2). Similarly, in conventional dental UCS, there was no significant differ-
ence in muscle fatigue according to the muscle in the intraoral scanning task (p = 0.417) and
tooth preparation task (p = 0.141; Table 2).

When comparing the two tasks (intraoral scanning and tooth preparation), there was
a significant difference in the RMS EMG of EDC (p = 0.033), and there was no significant
difference in the RMS EMG and muscle fatigue between the two tasks in other muscles
(p > 0.05). Both tasks showed moderate risk levels of RMS EMG in the T and EDC (Figure 3),
and high muscle fatigue in the EDC and FDS (Figure 4).

Figure 3. Comparison of RMS EMG (%MVC) according to the experimental task. (A) extensor
digitorum communis; (B) flexor digitorum superficialis; (C) sternocleidomastoid muscle; (D) splenius
capitis; (E) trapezius descendens.

Figure 4. Comparison of muscle fatigue (%) according to the experimental task. (A) extensor
digitorum communis; (B) flexor digitorum superficialis; (C) sternocleidomastoid muscle; (D) splenius
capitis; (E) trapezius descendens.
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Repeated use of the intraoral scanner three times did not show a significant change
in RMS EMG (p = 0.639; Table 3) but showed a significant difference in muscle fatigue
(p < 0.001; Table 4). In the FDS and SCM, using the intraoral scanner three times increased
the muscle fatigue significantly (FDS, p = 0.043; SCM, p = 0.027; Table 4).

Table 3. Comparison of mean RMS EMG (%MVC) in the first, second, and third repetitions of the
intraoral scanning task.

Muscle Type
Trial No.

p ** p ***
1 2 3

Extensor digitorumcommunis 11.9 ± 2.4 a 11.7 ± 3.1 ab 13.2 ± 3.3 ab 0.656

0.639

Flexor digitorumsuperficialis 5.6 ± 2.7 b 6.5 ± 3.0 b 6.9 ± 3.2 b 0.765

sternocleidomastoid muscle 5.9 ± 1.0 b 5.7 ± 2.8 b 7.7 ± 3.8 b 0.434

splenius capitis 10.8 ± 4.7 ab 8.9 ± 3.2 b 8.9 ± 4.0 b 0.661

trapezius descendens 15.5 ± 4.7 a 15.9 ± 5.5 a 18.1 ± 5.4 a 0.653

p * <0.001 <0.001 <0.001

The same superscript lowercase letters (column) are not significantly different according to the Mann–Whitney
U-test and Bonferroni correction method. Significance was determined by the Kruskal–Wallis H test (*, comparison
of each muscle; **, comparison of task repetitions in each muscle; and ***, comparison of task repetitions overall);
p < 0.05. RMS, root mean square; EMG, Electromyography.

Table 4. Comparison of intraoral scanning task mean muscle fatigue (%) in the first, second, and
third repetitions.

Muscle Type
Trial No.

p ** p ***
1 2 3

Extensor digitorumcommunis −5.3 ± 8.8 −10.4 ± 10.7 a −11 ± 7.1 0.509

<0.001

Flexor digitorumsuperficialis 1.9 ± 17.2 A 0.9 ± 8.1 abA −16.8 ± 12.2 B 0.043

sternocleidomastoid muscle −2.3 ± 9.3 A 2.1 ± 6.7 bA −10.5 ± 5.2 B 0.027

splenius capitis −1.7 ± 6.9 0.1 ± 3.5 ab −3.8 ± 3.5 0.406

trapezius descendens −0.4 ± 6.5 −0.5 ± 4.6 ab −4.6 ± 5.4 0.351

p * 0.814 0.041 0.066

The same superscript lowercase letters (column) and same superscript uppercase letters (row) are not significantly
different according to the Mann–Whitney U-test and Bonferroni correction method. Significance was determined
by the Kruskal–Wallis H test (*, comparison of each muscle; **, comparison of task repetitions in each muscle; and
***, comparison of task repetitions overall); p < 0.05.

4. Discussion

The purpose of the present preliminary in vivo study was to evaluate muscle activation
and fatigue in dentists during tooth preparation and intraoral scanning by performing
simulations of the same with two types of dental UCS. The null hypothesis of our study was
partially rejected (p > 0.05). There was no significant difference between muscle activity and
fatigue with the two types of dental UCS (RMS EMG: p = 0.237 and p = 0.543; muscle fatigue:
p = 0.228 and p = 0.287; Tables 1 and 2), and there was no significant difference between
muscle activity and fatigue with the two types of simulations (RMS EMG: p = 0.147; muscle
fatigue: p = 0.435; Tables 1 and 2). Repetitive learning of the intraoral scanner had no
effect on muscle activity (p = 0.639; Table 3) but had a significant effect on muscle fatigue
(p < 0.001; Table 4).

The learning effect (reduction in working time) according to repeated learning with
the intraoral scanner has been confirmed in previous studies [26–28]. Similarly, in the
present study, a significant decrease in the working time was observed with repetition of
the intraoral scanning task (p < 0.001). In the previous study, the mean time of full-arch
scanning using the intraoral scanner was reported to be 1255 s [29], but in the present
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study, the mean time was 509.6 s. This difference in scan time is due to rapid advances
in intraoral scanners and the shift toward digital workflows. Although the task time was
shortened, muscle activation was confirmed to be the same during the three repetitions
due to the quantitative amount of the same task (p = 0.639; Table 3). However, contrary to
the results of muscle activation, muscle fatigue showed significant accumulation after three
repetitions (p < 0.001; Table 4); in particular, significant accumulation of muscle fatigue
was confirmed in the arm (FDS: p = 0.043) and neck muscles (SCM: p = 0.027) after three
repetitions (Table 4).

The weight of the intraoral scanner has been found to range from 113 g to 585 g [17].
In addition, because the manufacturing process of dental prostheses is being digitalized,
the use of intraoral scanners is increasing. Therefore, considering the weight and increasing
use of the intraoral scanner, it becomes necessary to evaluate muscle activation and fatigue.
To the best of our knowledge, the present study is the first to evaluate this. The weight of an
intraoral scanner used in the present study was 280 g. Our results suggest that continuous
and repetitive intraoral scanning tasks should be avoided, and sufficient rest is important
after an intraoral scanning task. In a previous study, a difference in muscle activation
was observed with the type of muscle involved in performing the task [8–10]. Contrary
to these results, a previous study reported that there were no significant differences in
elbow or shoulder pain in 110 participants using either a light wide-handle curette or a
narrow-handled heavy curette for scaling in 16 weeks [30].

In the present study, the intraoral scanning task and the tooth preparation task both
showed a low risk level only in the SCM and a moderate risk level in the other muscles
(Table 1). In the present study, high muscle activation was observed in the shoulder muscle
(T) during the intraoral scanning task and in the two arm muscles (EDC and FDS) and in
the shoulder muscle (T) in the tooth preparation task (Table 1). A previous study reported
that a force of 0.9 N or more is applied to the teeth during tooth preparation for a desired
shape [28]. Therefore, it can be inferred that the high activation of the arm muscles (EDC
and FDS) during the tooth preparation task in the present study was because of gripping
the dental ultra-fast handpiece and pressing it against the teeth (Figure 3). In addition,
because the intraoral scanner is heavier than the high-speed dental handpiece [17], it can
be inferred that the shoulder muscle (T) showed relatively high muscle activation during
the intraoral scanning task compared to that during the tooth preparation task (Figure 3).

A previous study reported a difference in the neck muscle activation depending on
the posture of the dentist when observing the oral cavity [8]. The posture for observing
the oral cavity was corrected through the use of magnification lenses, and this lowered the
activation of the neck muscles [8]. A previous study reported that the use of an ergonomic
saddle and a dental magnifying glass improved working posture [31]. In a previous study,
it was reported that the vision of an operator may accompany changes in the head and
neck posture, which may affect the EMG [32]. In the present study, it was observed that
activation of the neck muscle (SCM) increased during the intraoral scanning task compared
with that during the tooth preparation task (Figure 3). This is because the intraoral scanning
task is performed while observing a separate monitor while the scan is in progress, and
the tooth preparation task is performed by bending the neck to observe the oral cavity
(Figure 2). Muscle fatigue occurred regardless of the muscle type in both the intraoral
scanning and tooth preparation tasks (Table 2). Therefore, it is important to note that
activation of the neck muscles can be increased during the tooth preparation task [8], and
sufficient rest is required after the task.

According to previous studies, various designs for dental UCS have been considered
to help dentists provide treatment in the dental clinical environment [1–3]. In the present
study, the design of the dental UCS had no effect on muscle activation and fatigue (p > 0.05;
Tables 1 and 2). Therefore, before performing each task, the participants adjusted the
dentist’s chair and the patient’s chair according to their needs. Since both types of dental
UCS used in the present study were adjusted for body type and convenience, it is presumed
that the difference in dental UCS did not affect muscle activation and fatigue.
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The present preliminary in vivo study has several limitations. First, the following
variables were not considered during the simulation: postures, other than sitting, for
treatment; various types of teeth involved in tooth preparation tasks; and types of high-
speed dental handpieces and intraoral scanners. The mannequin used in the present study
was difficult to reflect the patient’s oral environment. In actual clinical practice, the oral
cavity does not remain fixed even if the patient cooperates. Moreover, the muscle tone
associated with the presence of temporomandibular joint disorder can affect the degree
of opening of the mouth, which can affect the dentist’s posture. This is a preliminary
in vivo study, which has limitations in experimental configuration, and the findings should
be further verified through additional studies. Second, although the sample size was
determined by referring to a previous study [10], the present study included a small number
of participants (six participants). In the present study, various factors were controlled for,
and only participants who had a high willingness to participate, were very cooperative,
and had a high understanding of its purpose were included. In addition, it is difficult
for participants recruited in the present study to represent the results of various age and
sex groups [33]. With increasing age, musculoskeletal disorders may increase, which may
affect muscle fatigue and activation during certain activities. Finally, factors that may
affect fatigue and muscle activation during work activities were not considered: subjective
working positions, vision, practitioner parafunctions and bad habits, type of services
performed, daily working hours, individual physical activity, degree of experience in the
use of specific dental equipment. Conversely, a long-term clinical trial should be conducted
by increasing the number of participants.

5. Conclusions

The difference between the two types of dental UCS did not affect muscle activation or
fatigue. In addition, similar muscle activation and fatigue were observed during intraoral
scanning and tooth preparation. However, in the present in vivo study, a moderate risk
level of muscle activation was confirmed in the arm muscle (EDC) and shoulder muscle
(T), and successive and repeated use of the intraoral scanner may have caused an increase
in the muscle fatigue. Therefore, to reduce the occurrence of MSDs in dentists, it is
recommended to take appropriate rest after performing continuous intraoral scanning and
tooth preparation tasks. In addition, further studies are needed considering the number of
participants and factors affecting fatigue and muscle activation during work activities.
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9. Petrović, V.; Pejčić, N.; Bulat, P.; Djurić-Jovičić, M.; Miljković, N.; Marković, D. Evaluation of ergonomic risks during dental work.

Balk J. Dent. Med. 2016, 20, 33–39. [CrossRef]
10. Ng, A.; Hayes, M.J.; Polster, A. Musculoskeletal disorders and working posture among dental and oral health students. Healthcare

2016, 4, 13.
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Abstract: A surface electromyography (EMG) analysis was performed in this study to examine
central neural and peripheral muscle changes after a spinal cord injury (SCI). A linear electrode
array was used to record surface EMG signals from the biceps brachii (BB) in 15 SCI subjects and
14 matched healthy control subjects as they performed elbow flexor isometric contractions from
10% to 80% maximum voluntary contraction. Muscle fiber conduction velocity (MFCV) and BB
EMG–force relation were examined. MFCV was found to be significantly slower in the SCI group
than the control group, evident at all force levels. The BB EMG–force relation was well fit by
quadratic functions in both groups. All healthy control EMG–force relations were best fit with
positive quadratic coefficients. In contrast, the EMG–force relation in eight SCI subjects was best
fit with negative quadratic coefficients, suggesting impaired EMG modulation at high forces. The
alterations in MFCV and EMG–force relation after SCI suggest complex neuromuscular changes after
SCI, including alterations in central neural drive and muscle properties.

Keywords: spinal cord injury (SCI); muscle fiber conduction velocity (MFCV); surface electromyography
(EMG); EMG–force relation

1. Introduction

Spinal cord injuries (SCIs) can cause motor dysfunction including loss of maximal
strength and impaired force control that is partially explained by altered muscle activa-
tion [1]. In patients with incomplete SCIs, there is a reduction in nervous system activation
of skeletal muscle below the lesion. Hence, some motor units (motor neurons) of a muscle
may not be recruited despite maximal effort, due to denervation or loss of central neural
activation, whereas others may discharge at lower than normal rates [2,3]. Recording of
muscle activity by electromyography (EMG) has proved to be useful for evaluating central
and peripheral determinants of motor dysfunction [4,5]. In contrast to clinical measures of
motor function, EMG is sensitive enough to detect muscle activity after SCI in the absence
of palpable muscle contraction and joint movement [6]. Abnormal EMG findings from
impaired muscles after SCI include long-lasting involuntary motor activation [7,8], loss of
functioning motor units [9–15], impaired motor unit voluntary control [16–18], and muscle
fiber denervation and reinnervation [3,19,20]. EMG has demonstrated to be a valuable tool
for assessment of paralyzed muscle changes in persons with SCI.

The relation between surface EMG amplitude and voluntary isometric muscle force
has been explored in people with motor disorders such as stroke [21–24]. Alterations in
EMG–force relation compared with matched healthy control subjects have been observed,
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that may be related to altered motor control and motor unit properties. In contrast with
stroke, few have examined the EMG–force relation after SCI. Thomas and colleagues
reported linear (or curvilinear) EMG–force relations in the triceps brachii of persons with
chronic SCI that were similar to healthy controls [25].

The EMG–force relation has mainly been examined with conventional single channel
surface electrodes. High density surface EMG (HD-sEMG) arrays provide advantages
over conventional single channel EMG [26]. For example, Jordanic et al. compared the
performance of HD-sEMG and single channel EMG in the upper limb of SCI subjects and
found that spatial activation of motor units was dependent on the contraction intensities
and the type of exercise, and the related spatial features can improve the identification of
specific co-activation patterns during motor performance [27]. Among various HD-sEMG
array designs, a one-dimensional linear electrode array is convenient to use [28]. The
linear electrode array can simultaneously measure EMG from different locations of the
muscle fibers and thus may detect activity in severely paralyzed muscles that may be
undetected using conventional single channel EMG. Linear electrode arrays have other
useful applications including estimation of locations of innervation zones (IZ) and muscle
fiber conduction velocity (MFCV) [29–32].

In this study, we completed an analysis of surface EMG from linear electrode array
attached on the biceps brachii (BB) muscle in persons with SCI and a matched group
of healthy controls. The purpose of the study was to characterize the BB MFCV and
EMG–force relationship, and whether they are affected by SCI.

2. Materials and Methods
2.1. Subjects

The participants of this study included 15 SCI survivors (3 female and 12 male,
44.6 ± 16.1 years,) with injury duration 1–36 years, injury level from C2–C8 and American
Spinal Injury Association (ASIA) impairment scale A to D. More information on injury level
and ASIA impairment scale can be found in [33]. All SCI survivors were recruited from the
outpatient clinic of TIRR Memorial Hermann Hospital (Houston, TX, USA). Their clinical
characteristics are summarized in Table 1. In addition, 14 able-bodied subjects (3 female
and 11 male, 39.7 ± 12.4 years) with no known history of neuromuscular disorder were re-
cruited as the control group. There was no age difference between the two groups (p = 0.37).
This study was approved by the Institutional Review Board of the University of Texas
Health Science Center at Houston and TIRR Memorial Hermann Hospital and performed
in accordance with the Declaration of Helsinki. All subjects gave written consents (or had a
witnessed verbal consent if unable to write) before participating in the experiment.

Table 1. SCI subject information.

Subject No Age (years) Gender Years Past Injury Neurological Level ASIA Impairment Scale

1 38 Female 10 C6 B
2 47 Male 10 C5 C
3 50 Male 26 C5 D
4 23 Male 9 C3 A
5 39 Male 3 C6 D
6 62 Female 11 C8 D
7 65 Male 2 C2 C
8 32 Male 1 C8 C
9 59 Male 8 C5 D
10 50 Female 30 C5 C
11 25 Male 2.5 C4 D
12 54 Male 36 C4 C
13 19 Male 4 C2 D
14 36 Male 4 C5 C
15 71 Male 3 C4 C
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2.2. Experiment

The participants were seated in a chair which is adjustable for comfortable height and
were instructed to hold the arm position with the elbow in 90◦ of flexion and the shoulder in
45◦ of abduction during the data collection (Figure 1A). A Velcro strap was used to restrain
the shoulder and trunk from moving during the experiment. The wrist and forearm were
immobilized in a handmade fiberglass cast and placed on a fixed platform. The wrist
joint was restricted inside a ring interface, which was mounted to the platform. The ring
interface was connected to a load cell (ATI, Apex, NC, USA). Force signals were recorded
with a sampling frequency of 2 kHz and digitized by a BNC-2090A data acquisition board
(National Instruments, Austin, TX, USA). The fiberglass cast helped to fix the upper limb
well and minimize the movement and variation between subjects.

                   
 

 
Figure 1. Experimental setup. (A) Force display and EMG recording; (B          
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Figure 1. Experimental setup. (A) Force display and EMG recording; (B) The linear electrode array
used for surface EMG recording; (C) The placement of the linear electrode array on BB muscle belly;
(D) The fixation of the linear electrode array.
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The maximum voluntary contraction (MVC) of the weaker side of the SCI subjects
(determined by self-report and clinical assessment) and the non-dominant side of the
control subjects was determined. Each subject conducted three MVC trials of the BB muscle.
The largest one was defined as the MVC value. The target force of 10–80% MVC (in 10%
MVC increment) was marked as a circle with a line connecting the circle and the center
of the computer screen (representing the rest state) (Figure 1A). For each desired force
level, there was a computer-generated cursor tracking the force in real time. The subject
was asked to move the cursor to follow the force line. When the target circle was reached
(indicated by color change in the cursor), the subject was instructed to keep the cursor
as stable as possible inside the target circle. In the case of having difficulty in reaching
the target (especially for the high force level tasks), the subject was verbally encouraged
to control the cursor as close as possible to the target. The whole process (moving the
cursor to the target and holding the cursor) lasted for at least 10 s. Each subject was
allowed to perform practice trials to become familiar with the contraction task before data
recording. The sequence of different muscle contraction levels was randomized. Each
muscle contraction level was repeated twice. The subjects were explicitly instructed not
to change or move trunk position during task performance. To avoid mental or muscle
fatigue, subjects were allowed to have at least 2 min break between trials.

Surface EMG was captured from the BB muscle by a linear electrode array designed
and manufactured in our lab. The array has 20 silver bars, with each bar being 10 mm in
length and 1 mm in width. The inter-bar distance is 5 mm (Figure 1B). Skin preparation was
performed with sandpaper, alcohol pads, and conductive gel. The array was positioned
over the midline of the BB muscle longitudinally from the bicipital groove to the biceps
tendon insertion (Figure 1C). Such placement ensured that the electrode array covered the
major portion of the muscle. In addition, self-adhesive cuff was used to wrap the linear
electrode array and secure a good attachment on the skin surface of the BB muscle during
the experiment (Figure 1D). The reference electrode was attached on the lateral condyle of
the subject’s tested arm. Surface EMG signals were recorded via the Porti EMG acquisition
system (TMS International, Oldenzaal, The Netherlands). The sampling frequency was
2 kHz per channel. There is a 1st order low pass filter before the ADC with a −3 dB
point at 4.8 kHz. The ADC of the Porti has a digital sinc3 filter with a cutoff frequency of
0.27× sample frequency.

2.3. Data Analysis

2.3.1. Data Preprocessing

Surface EMG and force data were processed offline in MATLAB (MathWorks, Natick,
MA, USA). A 6th order Butterworth (10–500 Hz) was applied to the EMG signals. The
power line interference in the EMG signal was eliminated using a spectrum interpolation al-
gorithm [34]. Force signals were manually inspected to select a relatively stable 5 s segment.
Surface EMG and force signals within the epochs were extracted for further analysis.

2.3.2. Calculation of MFCV

Prior to the analysis of MFCV, EMG signals were differentiated between consecutive
channels to generate 19 channels of bipolar signals. The IZ was determined by either visual
inspection or analysis of the bipolar signals. The IZ was estimated to be the channel with the
lowest amplitude, or between the channels that demonstrated reverse signal polarity and a
clear pattern of bidirectional signal propagation from the IZ channel to the tendons [35].
The MFCV was determined based on detection of the temporal delay between adjacent
single differential channels. Specifically, MFCV was defined and computed as d/τ, where d
is the inter-electrode distance between the channels and τ is the time delay between two
channels (calculated from cross-correlation analysis). Channels containing IZ or adjacent to
IZ were excluded for MFCV estimation. The MFCV calculated at each contraction level
was averaged over all contraction levels for further comparison between groups.
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2.3.3. EMG–Force Relation

The force signal from individual trials was averaged over the selected epoch. The
corresponding surface EMG amplitude was obtained by calculation of the root mean square
(RMS) value from each channel. Channels close to the proximal and distal tendons were
excluded from analysis. The channel producing the maximal RMS values (by evaluating
the eight target force contractions and the MVC) was used for estimation of the EMG–force
relation. Next, the RMS values from the selected channel were averaged across the 2 trials
for each force level. The force was also averaged across the trials. The RMS and force values
were then normalized to the MVC values for determination of the EMG–force relation.

The EMG–force relation was estimated in each SCI and control subject. Given that
curvilinear EMG–force relation has been widely reported for large muscles such as
BB [36,37], we applied quadratic fitting to describe the BB EMG–force relation. The
quadratic equation was expressed as: y = ax2 + bx + c, where x represents force and
y represents EMG amplitude. The coefficient of determination (R2) for quadratic fitting was
calculated for each subject.

2.4. Statistical Analysis

Descriptive statistics were performed. A normal distribution of MVC and MFCV
values was confirmed by the Kolmogorov–Smirnov test. The independent t test was
applied to compare the difference of MVC between the SCI and healthy control groups.
A linear-mixed effects model was applied to analyze the main effects of group (SCI and
Control), force (8 levels from 10% to 80% MVC) and the interaction of the two main effects
on MFCV. The coefficient of determination of the quadratic fitting of the EMG–force relation
was calculated for both control and SCI groups. Statistical analysis was conducted using
SPSS (SPSS Inc., Chicago, IL, USA) with a significance level of p < 0.05. All values in the
text are presented as mean ± SD.

3. Results

The SCI participants were significantly weaker compared to the controls (SCI MVC:
98.5 ± 69.9 N, range: 11.9–307.6 N; control MVC: 212.7 ± 111.3 N, range: 70.6–314.9 N,
p = 0.005). Examination of differences of average MFCV value revealed a significantly slower
value in the SCI group compared with the healthy control group (SCI: 3.97 ± 0.55 m/s,
control: 4.62 ± 0.86 m/s, p = 0.025, Figure 2A). The results showed a significant main effect
of group (presence of SCI) (β = −0.87, SE = 0.29, t = −2.97, p = 0.005), while the main effect
of contraction level (β = −0.04, SE = 0.02, t = −1.67, p = 0.096) and interaction of the two
main effects (β = 0.002, SE = −0.004, t = 1.79, p = 0.075) were not significant. Although a
trend of increasing MFCV with muscle contraction level was observed in some subjects
(Figure 2B), linear-mixed effects model analysis indicated that MFCV was not significantly
related to the different target forces.

Normalized EMG–force relations in all the tested healthy control subjects and the
averaged relation are shown in Figure 3A. For all 14 healthy control subjects, the EMG–force
relation was well fit by a quadratic function (R2 = 0.96, range: 0.89–0.99). All the control
subjects had a positive quadratic coefficient (i.e., a > 0), suggesting that EMG tended to
increase relatively more than force during the stronger target contractions. In contrast, a
more diverse EMG–force relation was observed in the SCI subjects, although data for the
group was also well fit by a quadratic function (R2 = 0.87, range: 0.50–0.99). Two different
quadratic patterns were observed after SCI. Among the 15 tested SCI subjects, seven had
a positive quadratic coefficient (i.e., a > 0, Figure 3B), consistent with the responses in
the controls. The other eight SCI subjects had a negative quadratic coefficient (i.e., a < 0,
Figure 3C), suggesting that EMG tended to increase relatively less than force during
the stronger target contractions. The two SCI sub-groups with negative and positive
quadratic coefficients did not have significant differences in age, years post injury, ASIA
scale, neurological level, and MVC force (p > 0.05).
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Figure 2. Comparison of MFCV between SCI and control subjects. (A) Mean and individual MFCVs
in each group (* p < 0.05, error bar represents standard deviation); (B) MFCV at the different target
forces in two subjects from SCI and control groups, respectively.
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Figure 3. (A) Normalized EMG–force relations from all healthy control subjects and the averaged
relation (the thick line); (B,C) Two typical patterns of EMG–force relations from all the tested SCI
subjects and the averaged relations (the thick lines).
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4. Discussion

A linear electrode array was applied in this study to examine the BB partially paralyzed
by cervical SCI. The average MVC of the examined muscles was approximately 50% of
healthy control subjects, and this weakness likely reflects both central neural (i.e., paralysis)
and peripheral muscular changes. In the subacute or chronic stage after SCI, muscles
innervated by spinal segments at and caudal to the SCI are prone to atrophy from both
denervation and disuse [38]. A decrease in the number of motor units or axons following
spinal motor neuron death could occur [9–15]. There were only a few motor units that
remained under voluntary control since the injury interrupted many of the descending
inputs to the motor neuron pool [39]. The disturbances of motor neuron control and
contractile properties persist in chronic SCI survivors, and represent an important source
of muscular weakness and increased fatigability [40]. These neurophysiological changes
were also reflected in the current linear electrode array EMG analysis of the SCI subjects,
focused on the MFCV and the EMG–force relation.

MFCV, which is directly related to membrane excitability, can reflect the dynamic
changes and redistribution of ions during voluntary muscle contraction [41]. MFCVs
calculated in the BB muscles were reported to range from 3.4 ± 0.2 to 5.0 ± 0.6 m/s in
healthy subjects [28,42]. Our results from healthy control subjects (4.62 ± 0.86 m/s) are
in similar range with the previous findings. Changes in MFCV have been reported after
neuromuscular disorders. For example, BB MFCV during isometric contractions were
found to be significantly slower in patients with Duchenne muscular dystrophy compared
to healthy controls [43]. MFCV was also shown to be significantly slower in paretic muscles
of stroke survivors [29]. In this study, BB MFCV was significantly slower after SCI compared
to control subjects. This could be due to muscle fiber atrophy or degeneration of large
motor units after SCI. Given that the BB has motor unit recruitment range up to 80% MVC,
a clear correlation was expected between muscle force and MFCV to be revealed in current
study. However, our results indicated no significant correlation between the averaged
MFCV and muscle contraction level for both groups. For the SCI group, this is likely due to
complex neuromuscular changes that may compromise the relationship between MFCV
and muscle force. Admittedly, our results from healthy control subjects are somewhat
different from most of the previous literatures [44–46], although a similar finding was
also reported in a recent study that BB MFCV of healthy control subjects increased only
slightly but non-significantly with force [47]. According to size principle, later recruited
motor units are supposed to have larger muscle fiber diameters and thus higher MFCV.
Although some of the healthy control subjects showed an increase trend of MFCV with
muscle contraction level, group analysis did not reveal a significant relation. There might
be multiple factors that likely compromise the MFCV of the healthy control subjects in
this study, which were also suggested in previous studies. For example, Masuda et al.
(1996) [48] examined MFCVs from vastus lateralis, tabialis anterior, and BB muscles of
seven healthy subjects. Although increased MFCV was observed with increasing force of
the vastus lateralis muscle, the results from BB muscle showed that the MFCV reduced
rapidly with time before the muscle contraction force reached the designed target levels of
70% or 90% MVC. MFCV at these larger force levels was smaller than that at 50% MVC and
then consequently MFCV in the BB showed no dependent on the contraction levels. These
results suggest that although MFCV basically increases with muscle contraction force but
this relation can become unclear when MFCV decreases rapidly with time. Other factors
may also contribute to compromising the relation such as variability in interference surface
EMG, variability between different sessions (especially at higher contraction force), muscle
temperature variability (which may also affect MFCV) [49], and muscle fatigue. Although
muscle fatigue was a controlled factor during experiment and subjects were allowed
sufficient rest, it would be difficult to completely avoid its effect on MFCV, especially at
high force levels when large and fast-fatigable motor units are recruited [50].

The EMG–force relation was also examined in this study, which can provide additional
insights pertaining to neuromuscular changes in pathological conditions. Application of a
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linear electrode array can characterize the EMG–force relation unconfounded by muscle
IZ effects on the EMG signal. This is important because surface EMG parameters can
be significantly affected by IZs, and the uncertainty of electrode locations (with respect
to the IZ) might compromise the signal interpretation [51,52]. Both linear and nonlinear
EMG–force relations were reported in the literature [36,37]. For small muscles such as the
first dorsal interosseous (FDI) whose force generation is dominated by motor unit rate
coding, a linear EMG–force relation is often observed. For large muscles such as BB, motor
unit recruitment takes an important role in muscle force generation, and the progressively
recruited motor units have larger action potentials, increase EMG more than force despite
the effect of action potential amplitude cancellation, thus resulting in a nonlinear EMG–force
relation. In this study, we observed that for all healthy control subjects, the quadratic term
coefficient of the EMG–force relation fitting was positive, suggesting that EMG increased
faster than force, which is consistent with previous reports [36].

An interesting finding is that for the SCI group, diverse EMG–force relations were
observed. In about half of the SCI subjects, a negative quadratic term coefficient of the
EMG–force relation fitting was revealed, indicating that EMG tended to increase slower
than force. There are various factors that may contribute to this EMG–force relation change
after SCI. Previously, the effects of different motor unit property changes on the EMG–force
relation were systematically investigated by simulating activities of motor neuron pool,
surface EMG and force of the FDI muscle [53]. For example, it was found that reductions
in motor unit firing rate would tend to increase the slope of EMG–force relation, which
was experimentally confirmed in stroke subjects [21–23]. Jahanmiri-Nezhad et al. found
a trend of decreased slope of the EMG–force relation in the FDI muscle of patients with
amyotrophic lateral sclerosis compared with healthy control subjects, which could be
related to selective degeneration of motor units with high threshold or a change in motor
unit contractile properties [54]. In the current study of the SCI BB, the unusual negative
quadratic term coefficients could be caused by motor unit property changes after SCI,
such as the loss of large motor units, and altered motor unit recruitment as well as firing
behavior. For example, Johanson et al. found two of the four SCI subjects had significantly
reduced motor neuron recruitment and high firing rates, likely a compensatory effect of
dramatic motor neuron loss after SCI, while the other two subjects with stronger elbow
extension had relatively normal recruitment and firing rates [55]. It is worth noting that
there are various interactive factors that can influence the EMG–force relation in different
ways. Those positive quadratic term coefficients of the fitting in SCI subjects consistent
with the healthy control group might be viewed as a collective effect of various factors,
which can drive the EMG–force relation in opposite directions.

There are several limitations in the present study. We solely applied global surface
EMG parameters and it might be difficult to differentiate or quantify various motor unit
properties that may contribute to the changes in surface EMG. Surface EMG decomposition
is required to perform analysis at the motor unit level. Given that it is more ideal to perform
surface EMG decomposition using 2-dimensional electrode arrays which provide EMG
recordings not only parallel to but also perpendicular to muscle fibers, surface EMG decom-
position was not attempted in this study. Motor unit number, size, and control property
changes after SCI can readily be examined through 2-dimensional high density surface
EMG recording and decomposition in future studies [56,57]. Considering that surface
electrode only records superficial regions of a muscle, intramuscular recording with needle
or fine wire electrodes is necessary in order to capture activity of deeper motor units in the
muscle. As computational modeling provides a useful approach in neuromuscular per-
formance investigations [53,58], a delicate simulation analysis incorporating experimental
motor unit behaviors can help understand the global surface EMG parameter alterations
after SCI. The current study focused on MFCV and the relation of EMG amplitude and
muscle force for a relatively steady segment of signals, while there are more advanced or
complex signal processing methods which can be applied in data analysis. For example,
wavelet transform is promising to explore time and frequency dependence of the examined
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parameters [59]. In this study, EMG was not recorded from synergistic and antagonistic
muscles, although a previous SCI study found that BB coactivation did not have a major
effect on the triceps brachii EMG–force relation [25]. Simultaneous recording from synergis-
tic and antagonistic muscles is suggested in the future study, which can assess the potential
effects of the “sharing load” strategy, especially during strong contractions. In addition,
the shoulder and trunk position may influence EMG signal measurement [60], and this
should be considered in data analysis and interpretation. Finally, this study is limited by a
relatively small subject number for performing meaningful sub-group analysis.

In summary, this study presents findings from a linear electrode array surface EMG ex-
amination of the BB in chronic cervical SCI subjects. The results demonstrated significantly
slower MFCV in SCI subjects compared with healthy controls. The EMG–force relation was
also altered in a subset of the SCI participants. Using quadratic fitting of the EMG–force
relation, approximately half of the SCI participants demonstrated a negative quadratic
term coefficient, possibly reflecting impaired motor unit control at high forces. In contrast,
positive quadratic coefficients were observed for all healthy control subjects. These findings
suggest both central neural and peripheral muscular changes in the BB after SCI.
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Abstract: Patients with anterior cruciate ligament (ACL) deficiency (ACLD) tend to have altered
lower extremity kinematics and dynamics. Clinical diagnosis of ACLD requires more objective and
convenient evaluation criteria. Twenty-five patients with ACLD before ACL reconstruction and nine
healthy volunteers were recruited. Five experimental jogging data sets of each participant were
collected and calculated using a musculoskeletal model. The resulting knee flexion and muscle force
data were analyzed using a t-test for characteristic points, which were the time points in the gait
cycle when the most significant difference between the two groups was observed. The data of the
characteristic points were processed with principal component analysis to generate a composite
index for multivariable linear regression. The accuracy rate of the regression model in diagnosing
patients with ACLD was 81.4%. This study demonstrates that the multivariable linear regression
model and composite index can be used to diagnose patients with ACLD. The composite index and
characteristic points can be clinically objective and can be used to extract effective information quickly
and conveniently.

Keywords: composite index; characteristic points; multivariable linear regression; anterior cruciate
ligament deficiency

1. Introduction

Anterior cruciate ligament (ACL) deficiency (ACLD) is a common injury in people
who play sports. The ACL plays an important role in maintaining the stability of the
knee joint. However, because of the complexity of the knee joint and ACL, it is difficult to
conduct kinematic and dynamic research on patients with ACLD. Studies have focused
on building a mechanical model of ACL in vitro [1,2]. Since the establishment of a muscle
model by Zajac et al. [3], musculoskeletal models have improved [4,5]. With the help of
musculoskeletal models, many studies have investigated the kinematics and dynamics
in ACLD-affected knees. Some studies have shown that patients with ACLD adopted
quadricep avoidance [6,7] and a stiffening strategy [8], resulting in reductions in the knee
flexion moment and peak knee flexion angle. ACLD affects a patient’s gait patterns and
further kinematics and dynamics [9]. Ren et al. [10] and Yin et al. [11], respectively, studied
the kinematics and dynamics in patients with ACLD. Shelburne et al. [7] considered the role
of muscles, explaining that in patients with ACLD, quadricep avoidance occurred to restore
anterior tibial translation. Furthermore, increasing hamstring force was also sufficient,
implying muscle compensation in the knee instability. Even after ACL reconstruction,
patients still have a high risk of osteoarthritis [12,13] because of the loss of normal muscle
compensation in patients with ACL reconstruction [14,15].
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The clinical diagnosis of ACLD is complicated and expensive, and the diagnosis pro-
cess requires the subjective judgment of clinicians. For auxiliary diagnosis, many studies
have used statistics to study the gait of ACLD. Christian et al. [16] trained the gait trajectory
points of patients with ACLD using support vector machines (SVMs) to extract trajectory
features. Berruto et al. [17] counted the fluctuation range of the acceleration of the pa-
tient’s legs with one ACL reconstruction in a pivot-shift test and demonstrated a significant
difference between the ACLD-affected and contralateral sides. Zeng et al. [18] used kine-
matic data extracted by a motion capture system as features for neural network training.
Kokkotics et al. [19] used different machine learning methods to identify patients with
ACLD and ACL reconstruction from kinematics and dynamics data. However, only a few
studies have used kinematics and dynamics data to diagnose patients with ACLD. There
are even fewer studies that can be directly reproduced and can rapidly diagnose patients.

The feature choice is the most important variable, regardless of the statistical method.
Reinbolt et al. [20] performed t-tests on the entire gait cycle and selected the peak points of
the statistics as features to predict outcomes of rectus femoris transfer surgeries. Principal
component analysis (PCA) has been widely used for dimensionality reduction and feature
extraction [21]. Armstrong et al. [22] used PCA to extract the feature points of kinematics
and reconstruct the kinematics process. Based on multiple parameters extracted from gait
data, some indexes were developed to identify walking patterns of normal [23] and abnor-
mal [24–27] gait. Schutte et al. [26] proposed a normalcy index to reflect gait deviations
from the mean of normal gait. Liu et al. [28] assessed the abnormal gait in patients with
ACLD using the normalcy index calculated by PCA based on kinematics and dynamics
data. Similarly, Rozumalski et al. [29] combined a single muscle strength score using PCA
to describe the overall lower body joint strength. Hicks et al. [30] used this score as a
variable for multivariable regression to study crouch gait. Their regression model had 71%
classification accuracy when the parameters were analyzed in detail. However, few studies
have combined kinematics and muscle forces to extract features.

This study was performed to identify patients with ACLD using multivariable linear
regression through a composite index that combined kinematics and muscle forces.

2. Materials and Methods
2.1. Participants

Twenty-five patients with unilateral chronic ACLD (the contralateral side was intact)
were recruited before ACL reconstruction (ACLD group). Their knees had been injured
6 months to 4 years before testing. Most injuries occurred during basketball. Exclusion
criteria were that the patient had no prior ACL and concomitant meniscal and ligament
rupture and no history of musculoskeletal disease of the hip or ankle. Their physical activity
levels were assessed by the Tegner score, which is a reliable and valid tool for assessing
the activity level of patients with ACLD [31]. Average activity level of all patients was
normal before knee injuries (score range 3.0–6.0). A control group comprising nine healthy
volunteers with no history of musculoskeletal injury or surgery in the lower extremities
was selected (Control group). All participants were young males to rule out biomechanical
differences between sexes [32]. Ethical approval was obtained from the university’s ethics
committee, and written informed consent was obtained from all participants. The morpho-
logical data are shown in Table 1, and the participants’ characteristics of the groups were
not significantly different.
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Table 1. Characteristics of the participants in each group.

Parameters Control ACLD

Age (years) 29.22 ± 5.61 27.20 ± 4.19
Height (cm) 173.67 ± 1.95 178.36 ± 7.23
Weight (kg) 74.06 ± 4.73 82.04 ± 11.55

BMI (kg/m2) 24.56 ± 1.62 25.75 ± 2.93
Pace (m/s) 2.32 ± 0.17 2.36 ± 0.25

Time since injury (months) / 11.10 ± 6.87
Tegner score / 4.16 ± 1.72

Data are presented as mean ± standard deviation. ACLD, anterior cruciate ligament deficiency; BMI, body
mass index.

2.2. Data Collection and Modeling Analysis

From January 2014 to December 2016, the experimental 3D data were collected while
the patients were jogging using an optical motion capture system (Vicon MX; Oxford
Metrics, Yarnton, Oxfordshire, UK). The marker trajectory data were filtered at 12 Hz,
and the force data were filtered at 100 Hz using a low-pass Butterworth filter. To track
the segmental motion during jogging, all participants had a set of markers attached to
their anatomical lower limbs at specific locations based on the plug-in-gait model. The
participants were asked to run along a 10-m path at a self-selected speed, and the kinematic
data were recorded by eight cameras. No participants reported pain during jogging.
Ground reaction forces were collected using two embedded force plates at a sampling rate
of 1000 Hz (AMTI, Advanced Mechanical Technology Inc., Watertown, MA, USA). Each
participant stepped on the force plates at their self-selected speed. For each participant,
five successful jogging trials were recorded, and these results were imported into multi-
body dynamics software, AnyBody Modeling System version 6.0.5 (AnyBody Technology,
Aalborg, Denmark), to estimate the kinetics of the knee joint.

A lower extremity model [33] implemented in the AnyBody Modeling System was
used for the analysis. The model comprised 12 body segments, and 11 joints were used to
connect the segments. Six joint degrees of freedom were considered for each leg, with a
spherical joint with three degrees of freedom for the hip joint and a universal joint with two
degrees of freedom for the ankle joint. The knee joint was modeled as a hinge joint with one
degree of freedom because of the soft tissue artifact error [34]. Based on the morphological
parameters measured from each subject, each model was scaled with a mass–fat scaling
algorithm to perform the subject-specific jogging simulation. The min/max recruitment
principle solver based on the optimization of the objective function [35,36], which has good
numerical convergence and physiological representation, was used to predict the muscle
force during the inverse dynamics analysis. The objective function is generally formulated
as follows [5]:

Minimize max

(
f
(M)
i

Ni

)
(1)

Subject to

Cf = d, 0 ≤ f
(M)
i ≤ Ni , i ∈

{
1, · · · , n(M)

}
(2)

where n(M) is the number of muscles, f
(M)
i is the respective muscle force, and Ni is the

strength of the muscle. f contains all unknown forces in the optimization problem. C is
the coefficient-matrix for the unknown forces. d contains all known applied loads and
inertia forces. Muscle parameters were obtained from a comprehensive musculoskeletal
geometry dataset [37]. Some studies have validated the ability of computational muscle
forces [38,39].
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2.3. Muscle Data Processing

According to the characteristics of the model and anatomy related to the knee muscles,
force data were output from 13 muscles: rectus femoris (RF), popliteus (POP), vastus
(VAS), gastrocnemius lateralis (GL), gastrocnemius medialis (GM), soleus medialis (SOLm),
soleus lateralis (SOLl), semitendinosus (ST), semimembranosus (SM), proximal sartorius
(SAp), distal sartorius (SAd), biceps femoris long head (BFlh), and biceps femoris short
head (BFsh). For each participant, separate simulations were performed based on the data
from five different jogging trials. The average values of the five calculations were used to
perform dynamics analysis using MATLAB version 2019b (MathWorks, Natick, MA, USA).

The acquired muscle force data was processed in a dimensionless manner, and the
nondimensionalization of the force data was divided by the subject’s gravity
(mass × 9.8) [40]. To investigate one gait cycle, the kinematics and dynamics data were
interpolated to a 0%–100% gait cycle. Additionally, to more intuitively study the patterns
of knee flexion and muscle strength, all flexion and muscle data were normalized to their
maximal muscle force within that cycle, leading to a normalized amplitude between 0
and 1 [41].

2.4. Extracting Features

In this study, PCA was adopted as a statistical method for data dimensionality re-
duction. The main algorithm of PCA is to map the original n-dimensional data to a new
k-dimensional feature that retains the largest variance. Thus, the other parts where the
variance is close to zero can be ignored and the loss of information is guaranteed to be
small. The flow of PCA is as follows:

1. Collect an m× n matrix G, where m is the sample size and n is the n-dimensional variable.
2. Subtract the respective mean from each variable.
3. Compute the covariance matrix of the de-averaged matrix.
4. Calculate the eigenvalues and eigenvectors of the covariance matrix by singular

value decomposition.
5. Sort the eigenvalues from large to small, and select the largest k eigenvalues among

them. In this study, the ratio of selected eigenvalues to the sum of all eigenvalues was
used to assess the information content. Arrange the eigenvectors in the same order as
the eigenvalues to form a matrix of principal component coefficients (PCcoeff).

6. Transform the data into a new space, i.e., the new data samples = G × PCcoeff. The
first k columns are the required features.

Therefore, data are reduced to k dimensions. If a new sample (1 × n) needs to be
predicted, perform the same de-average operation first (the centered sample = the new
sample—the variable mean of G from Step 2). Then, the centered sample × PCcoeff
produces the predicted value of the sample after the same processing, and the first k
columns can be selected as the features of the new sample.

Inspired by the NI index [28] and the strength score [29,30], the first three features
used in the calculation are the average force of each muscle during the stance/swing phase
of each participant and the value of each person’s knee flexion during the swing phase.
The specific process was to first obtain the average value of the stance/swing phase of
13 muscle forces and then perform PCA on the average muscle force to obtain a column
variable. PCA was also used to process the knee flexion data in the swing phase to obtain a
column variable. Only one column variable for each feature after PCA was used because the
information content was sufficiently large. For the data of knee flexion in the stance phase
and other columns after PCA, their regression parameters in the following multivariable
regression were not significant and did not affect the final accuracy.

2.5. Composite Index

In addition to the above features, a composite index containing the data of the knee
flexion and muscle forces’ characteristic points, which were the time points in the gait
cycle when the most significant difference was observed between the two groups, was
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used in this study. Comparing the ACLD and Control groups based on knee flexion and
muscle force data for all participants, t-tests were performed at each point during a 0–100%
gait cycle. The data of the characteristic points (p < 0.05 and p values were minimal) were
finally filtered out as a matrix to calculate the composite index. The selection method of the
characteristic points is shown in Figure 1 (using the rectus femoris as an example), and the
filtered characteristic points are shown in Figure 2. The muscle force/knee flexion at these
characteristic points were filtered out to form a matrix, where the rows of the matrix were
the number of participants and the columns of the matrix were the number of characteristic
points. Finally, PCA was used to process this matrix to select the representative columns
as features.

Figure 1. Example of p values between the ACLD and Control groups (taking the muscle force of
rectus femoris as an example). The red dotted line means that the p value equals 0.05. The black circle
is the selected characteristic point used to calculate the composite index, which is the minimum value
in the range of significant differences (p < 0.05). ACLD, anterior cruciate ligament deficiency.

 

Figure 2. The filtered characteristic points, which were the time points in the gait cycle when the
most significant difference (p < 0.05 and p values were minimal) occurred between the ACLD and
Control groups according to the two-sample t-test method. Characteristic points are shown at their
corresponding points during the 0–100% gait cycle. ACLD, anterior cruciate ligament deficiency.
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2.6. Statistical Analysis

Using the above variables and samples, we built a multivariable linear regression
model. The general form of this model is:

Ydiagnosis = β0 + β1X1 + β2X2 + · · ·+ βqXq (3)

The outcome variable Ydiagnosis was a diagnosis of whether the participant was a patient
with ACLD, such that positive values correspond with patients with ACLD and negative
values correspond to the Control group. In the data used for training, the ACLD group
had Ydiagnosis = 1 and the Control group had Ydiagnosis = −1. Xi are the predictive features
in the data obtained above and βi are the linear weighting coefficients for the predictive
features. The formulation and prediction of the model were conducted in MATLAB.

3. Results

For these 43 samples (the affected legs of the 25 patients in the ACLD group and both
legs of the 9 participants in the Control group), the number of variables selected will affect
the final accuracy. The final prediction accuracy changes with feature selection changes
are shown in Table 2, where 5-fold cross-validation was used to estimate the predictive
ability of the regression model. The second column showed whether only the composite
index was used as features. If not, the first column showed the first three features (knee
flexion and mean values of muscle force during the stance/swing phase) + the number
of features retained in the composite index. If yes, the first column showed only the
number of features retained in the composite index. The composite index produced eight
features when 90% of the PCA information content was preserved. Therefore, when
just using the composite index as features and considering all eight features produced
by the composite index, the maximum accuracy achieved was 81.4%. The last column
showed the p values in the t-test for the coefficients of the features of the composite index
during regression. The smaller the p value, the more significant the corresponding feature.
p < 0.001 indicated very significant findings and was replaced by 0.001 in Table 2. When
using the first 3 features + the composite index, the accuracy gradually increased as the
features produced by the composite index increased. When the features produced by the
composite index were more than three, the accuracy remained the same and the p value
of the newly introduced features increased and was not significant. When the features
produced by the composite index were equal to five, the p value of the last feature was 0.999,
indicating that the newly introduced feature had no new information. For a comprehensive
comparison, the optimal condition was to select six features (the first three features + three
composite index features), and the accuracy rate after 5-fold cross-validation was 81.4%.
For comparison and validation, under the condition of using only three composite index
features, the accuracy was 79.1%.

The classification ability evaluation of the optimal condition is shown in Table 3. The
actual results of classification and the accuracy, precision, recall, specificity, and F1-score
were used to evaluate the classification ability of the regression model under the optimal
condition. Most of the actual results were correctly classified. All evaluation criteria were
above 80%, which proved the good performance of the regression model.

Finally, multivariable linear regression was performed on all samples, and the resulting
model is shown in Table 4. In Table 4, the coefficients of the average muscle force during the
swing phase, Composite Index 1, and Composite Index 2 were negative and their absolute
values were the largest among all coefficients. The p value of Composite Index 1 was less
than 0.001, the p value of Composite Index 2 was 0.006, and the p value of Composite Index
3 was 0.208. The overall p value of the regression model was less than 0.001.
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Table 2. Accuracy changes as the number of features change.

Number of
Features

Use of the Composite
Index Only

Accuracy
p Value for the t-Test of Regression

Coefficients for the Composite Index

3 + 1 No 67.4% 0.001
3 + 2 No 74.4% 0.001 0.001
3 + 3 No 81.4% 0.001 0.006 0.208
3 + 4 No 81.4% 0.001 0.008 0.209 0.686
3 + 5 No 81.4% 0.001 0.009 0.225 0.692 0.999
0 + 1 Yes 72.1% 0.001
0 + 3 Yes 79.1% 0.001 0.001 0.75
0 + 8 Yes 81.4% 0.001 0.001 0.74 0.66 0.45 0.01 0.3 0.48

If the composite index is used as features only, the first column shows 0 + the number of features retained in the
composite index. If not, the first column shows three features (knee flexion and mean values of muscle force
during the stance/swing phase) + the number of features retained in the composite index. p < 0.001 indicates very
significant results and is replaced by 0.001 in the last column.

Table 3. Evaluation criteria for the classification ability.

TP FP FN TN Accuracy Precision Recall Specificity F1-Score

20 3 5 15 81.4% 87.0% 80.0% 83.3% 83.3%
TP = true positive, samples are classified as positive (ACLD group) and the judgment is correct. FN = false
negative, samples are classified as negative (Control group) and the judgment is wrong. FP = false positive,
samples are classified as positive and the judgment is wrong. TN = true negative, samples are classified as
negative and the judgment is correct. Accuracy = (TP + TN)/(TP + TN + FP + FN). Precision = TP/(TP + FP).
Recall = TP/(TP + FN). F1-score represents the harmonic mean of precision and recall. ACLD, anterior cruciate
ligament deficiency.

Table 4. Multivariable linear regression model of all samples.

Features Coefficient
Standard Error of the

Coefficients
p Value a

Constant 0.1628 0.1113 0.152
Mean muscle force during

the stance phase
0.2384 0.1850 0.205

Average muscle force
during the swing phase

−2.5339 0.1968 0.206

Knee flexion during the
swing phase

0.7346 0.5518 0.191

Composite Index 1 −2.3055 0.5040 <0.001
Composite Index 2 −1.5697 0.5468 0.006
Composite Index 3 1. 2417 0.9698 0.208

RMSE 0.73
R-squared 0.542
p value b <0.001

a p value for the t-test of each regression coefficient. b p value for the F-test on the model. Composite index
1–3 represent the first three features of the composite index, respectively. RMSE, root mean squared error.

4. Discussion

The multivariable linear regression model using the composite index was able to
predict, with 81.4% accuracy, whether participants had ACLD. Under the optimal condition
(Table 3), data were well classified, and the evaluation criteria were greater than 80%.
Among them, the value of precision was high (87.0%), meaning that the correct proportion
of the samples classified as the ACLD group was high. Our model was very capable in
diagnosing patients with ACLD. The F1-score was high (83.3%), indicating that our model
was effective.

As shown in Table 2, when the composite index was used as features only, the best
accuracy of 81.4% was achieved by retaining all eight variables. With only one variable of
the composite index, there was still 72.1% accuracy. After importing the first three features
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and retaining three features of the composite index, the best accuracy of 81.4% was achieved.
Therefore, this composite index characterized the information of kinematics and dynamics.
Using only the three features of the composite index can also achieve an accuracy of 79.1%.
Based on the optimal condition of six features, when more composite index features were
imported, the accuracy remained unchanged and the p value of the coefficient continued
to increase closer to 1, indicating that the introduction of more features was no longer
significant. Therefore, the composite index contained more information in the model. Most
information in knee flexion and muscle force can be covered in the composite index.

Interpretation of the model must be taken with caution (Table 4). The R-squared value
of the regression was 0.542, which indicated that the model was able to explain 54.2% of the
variance in the diagnosis of patients with ACLD [30]. For all samples, the optimal features
used for regression were significant at the p = 0.21 level by the t-test. For the F-test on the
model, p < 0.001 indicated that the fitting process of the model was very significant. The
root mean squared error, which estimated the standard deviation of the error distribution,
was equal to 0.73, indicating that the model fit well. As shown in Table 4, there was a
significant (p < 0.001) negative relationship between Composite Index 1 and the diagnostic
outcome, with an expected 2.3055 decline in the final outcome for each one-point increase
in the first variable of the composite index. Additionally, there was also a significant
(p < 0.05) negative relationship between Composite Index 2 and the outcome, indicating
that the composite index, especially the first two variables, played the most important role
in the regression model.

The composite index was determined by the data of the characteristic points in muscle
force and knee flexion (Figure 2). Each muscle selected was associated with the knee
joint, which aids in understanding gait pathology and planning treatment using gait
analysis and biomechanical models [20,30]. As shown in Figure 2, most of the characteristic
points in thigh muscles were concentrated at the terminal of the stance phase, which also
corresponded to the previous studies, especially decreased quadriceps [6,7] and increased
hamstring [7,42,43]. Alternatively, although tibialis triceps were active during the mid-
stance phase, they had more of an impact on ankle dorsiflexion during this period and thus
were not significantly different in patients with ACLD [44]. In this study, the muscle force
and knee flexion were normalized. Therefore, in further research or clinical diagnosis and
treatment, even if the muscle force or knee flexion is obtained in different principles, the
characteristic points in Figure 2 can still be directly selected.

With further validation, the regression model can be used to aid clinical practice [30].
Table 5 describes the characteristics of two hypothetical subjects from the ACLD and
Control groups. These two subjects have feature values close to the mean of their respective
groups. Their expected final outcomes are 0.6164 and −0.4672, respectively, which can be
clearly classified into the ACLD group and Control group. Of all the features, the expected
improvements in Composite Index 1 and Composite Index 2 have the most impact on the
final outcomes. Notably, the subject values of the ACLD group are all less than 0, while
the subject values of the Control group are all greater than 0. With t-tests between the
two groups on the composite index, we were able to obtain p < 0.001 for the first variable
of the composite index and p < 0.05 for the second variable, verifying the validity of the
composite index in the regression model and demonstrating that using only the composite
index is also a successful evaluation index, similar to the normalcy index [28] and strength
score [29,30].

Some limitations of this study should be noted. First, some patients with ACLD
also had meniscus injuries. One study [45] has shown that about 40% to 80% of patients
with ACLD have a concurrent meniscal injury. Grouping the data more deeply will help
improve our accuracy. Second, data quality can be further improved. The compensatory
patterns in the knee joint change depending on the time after ACLD. Limited by clinical
data, the period of patients’ injuries in this study was not concentrated. Unconcentrated
data may affect the accuracy of the final results. Third, electromyography (EMG) data
can be introduced. EMG can assist in validating the muscle forces obtained from the
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calculations [46]. In addition, EMG data can be directly involved in the calculation to obtain
a composite index. Fourth, the results of the composite index need further validation for
the assessment of walking.

Table 5. Characteristics of two hypothetical subjects from the ACLD and Control groups.

Features
ACLD Group Control Group

Subject Value Expected Improvement Subject Value Expected Improvement

Constant 1 0.1628 1 0.1628
Mean muscle force during the

stance phase
−0.1757 −0.0419 0.2440 0.0582

Average muscle force during the
swing phase

−0.0063 0.0160 0.0088 −0.0223

Knee flexion during the swing phase −0.0051 −0.0037 0.0071 0.0052
Composite Index 1 −0.1490 0.3435 0.2069 −0.4771
Composite Index 2 −0.0937 0.1470 0.1301 −0.2042
Composite Index 3 −0.0059 −0.0073 0.0082 0.0102
Expected outcome 0.6164 −0.4672

Composite Index 1–3 are respectively the first three features of the composite index. ACLD, anterior cruciate
ligament deficiency.

5. Conclusions

We built a multivariable linear regression model to diagnose patients with ACLD using
a composite index that combined knee flexion and muscle forces. This statistical model and
composite index can aid clinical diagnosis. The composite index and characteristic points
can help avoid complex subjective diagnosis in clinical practice and can be used to extract
effective information more quickly and conveniently for diagnosis.
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Abstract: The stiffness of lower limb joints is a critical characteristic of walking. To investigate
the potential of establishing a simple and universal model to describe the characteristics related
to vertical vibration during human walking, vertical stiffness is introduced at the knee and hip. A
multi-mass-spring model of the human body is established in the vertical direction. In the Fourier
form, results of experiments on 14 healthy adults show that the vertical displacements of joints are
a function of the leg length and walking cadence, while the ground reaction force is a function of
the body weight and walking cadence. The obtained universal equations of vertical displacement
and ground reaction force are employed as the input parameters to the proposed multi-mass-spring
model. Thus, the vertical stiffness in the knee and hip can then be estimated simultaneously by the
subject’s weight, leg length, and walking cadence. The variation of vertical stiffness shows different
time-varying trends in different gait phases across the entire gait cycle. Finally, the proposed model
for vertical stiffness estimation is validated by the vertical oscillation of the pelvis. The average
error across three gait cycles for all subjects is 20.48%, with a standard deviation of 5.44%. These
results display that the vertical stiffness of knee and hip across the entire gait cycle can be directly
estimated by individual parameters that are easy to measure. It provides a different view of human
walking analysis and may be applied in future pathological gait recognition, bipedal robots, and
lower limb exoskeletons.

Keywords: ground reaction force; knee and hip; lower limb; normal walking

1. Introduction

Walking is one of the most common daily activities of humans, and a large number of
engineered locomotion systems are designed to emulate human walking, such as bipedal
walkers [1,2], biologically inspired prosthetic limbs [3], and lower limb exoskeletons [4,5].
Research in these fields requires knowledge of the stiffness of lower limbs [6–8] since
lower limbs act as supports and actuators in walking [9,10]. As stiffness is a multifactorial
expression of the musculoskeletal system [11–14], stiffness in the lower limbs has been
studied a lot [15–17]. There are several types of ‘stiffness’ such as leg stiffness, joint stiffness,
and vertical stiffness [18,19]. Leg stiffness is the quotient of ground reaction force (GRF)
and the change in leg length. The joint stiffness is the torsional stiffness, which is calculated
as the quotient of the moment and joint angle for passive walking. Furthermore, the
instantaneous slope of the joint’s torque-angle profile is described and defined as quasi-
stiffness [20,21]. In addition, joint stiffness at the ankle, knee, and hip is typically defined
as the ratio of the change in muscle moment to joint angular displacement [22,23]. Vertical
stiffness is generally used to describe the linear movements that occur in the vertical
direction, such as hopping and jumping [24]. It was defined as the quotient of vertical
ground reaction force (VGRF) and the center of mass displacement [25].
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At times, vertical stiffness and leg stiffness were used interchangeably for jumping
activities, but it is actually vertical stiffness rather than leg stiffness [26]. Moreover, the
relationships between the leg stiffness, vertical stiffness, and joint stiffness of the stance
phase in running are compared [27]. It also illustrated that joint stiffness was associated
with limb stiffness (vertical stiffness and leg stiffness). As for walking, leg stiffness is
calculated as the resultant GRF in the direction of the connection between the center
of pressure and hip joint center, and symmetry in bilateral leg stiffness and stiffness
sharing proved useful for a more complete gait assessment in children with diplegic
cerebral palsy [28].

As reviewed in [29], loading, motion, and cycle all influenced the mechanical character-
istics components of walking. Walking metrics such as vertical oscillation, cadence, speed,
and step length can be employed to estimate the GRF during walking by a deep learning
network regression algorithm [30]. To analyze the inner relationship between stiffness and
walking characteristics, some dynamic models have been established. A human gait model
in two degrees of freedom was developed to calculate the time-varying stiffness of the
joint, and the stiffness is found to be affected by gait pattern and cadence [31]. To realize
human-like GRF patterns, an actuated dissipative spring-mass model was also proposed
by introducing spring-damping units to the optimization-based minimal biped model [32].
Results illustrated that stiffness and objective weight affect the number and size of peaks in
the VGRF and stance time. The vertical movement of the center of mass was related to the
stabilization strategies of the double support phase and the single support phase, and the
difference was also reflected in the GRF [33]. In addition, the alterations of VGRF during
walking were also associated with the appearance of neurodegenerative diseases [34,35].

From the above studies, it can be summarized that the vertical characteristic is crucial
for assessing the walking ability of humans. However, the vertical characteristic of joints
has not been studied since the reported ‘vertical stiffness’ was at the whole-body level and
the joint stiffness was focused on the moment and angle applied to them. In addition, all
kinds of the mentioned ‘stiffness’ were calculated only at the stance phase and based on
the measured GRF, displacement, angle, and moment, which are expensive to measure.

Therefore, the objective of this study is twofold: (i) to establish a universal gait dynamic
model that can estimate both the immeasurable stiffness and measurable displacement, and
(ii) to estimate the vertical stiffness of the knee and hip during walking by the individual
parameters. Based on these concepts, the vertical stiffness of lower limb joints is hypothe-
sized to be directly estimated by individual parameters like leg length, body weight, and
walking cadence.

2. Materials and Methods

To evaluate the vertical stiffness of lower limb joints continuously and completely, a
multi-mass-spring model of the lower limbs is established. Then the vertical displacements
of the lower limb during walking are collected and summarized into a uniform equation.
Moreover, the vertical stiffness of the hip and knee is derived. The entire process is
displayed in Figure 1.
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Figure 1. The process of the estimation of vertical stiffness by a dynamic model.

2.1. Subjects

This study was developed according to the Declaration of Helsinki, and all the subjects
signed an approved informed consent. Lower limb displacement was measured in 14 young
healthy subjects (five females and nine males; age: 25 ± 2 years old; height: 167.9 ± 10.1 cm;
and body mass: 58.7 ± 10.3 kg). Subjects were free of any lower-limb musculoskeletal-related
injury for at least 3 years before testing.

2.2. Experiments

In a gait laboratory, subjects walked at their preferred speed while wearing 16
retroreflective markers, as shown in Figure 2. The 3D trajectories are collected at 100 Hz
by a 12 camera optical capture system (Vicon MX, OML, UK). The GRF was collected
at 1000 Hz by three force plates (AMTI, 40060, Advanced Mechanical Technology, Inc.,
Watertown, MA, USA). Anthropometric parameters including height, mass, and leg
length of each subject were measured and recorded. All the subjects were asked to walk
barefoot at their preferred walking cadence. The distance of the walking track was about
7 m and had 3 force plates embedded in it. For all subjects, 15 trials of data were recorded
for each subject.
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Figure 2. Measurement of lower limb displacement during level ground walking. (a) The experimental
setup; (b) the reflective markers on the front side; and (c) the reflective markers on the back side.

2.3. Multi-Mass-Spring Model of the Lower Limbs

A simple model that can characterize the dynamic behaviors of the lower limbs during
walking is the foundation for understanding human motion. To describe the kinematics and
kinetics in the vertical direction of both the left and right lower limbs, a multi-mass-spring
model that includes both the knee and hip joints of the lower limbs is proposed as shown in
Figure 3. The trunk and upper limbs are assumed to be concentrated mass points; moreover,
the thigh and shank are both characterized as mass points.
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Figure 3. The dynamic model of the human body with ground reaction force.

The analytical formula can then be written as:




m 0 0 0 0
0 mt 0 0 0
0 0 mt 0 0
0 0 0 ms 0
0 0 0 0 ms







..
x

..
xlt..
xrt..
xls..
xrs



+




klh + krh −klh −krh 0 0
−klh klh + klk 0 −klk 0
−krh 0 krh + krk 0 −krk

0 −klk 0 klk 0
0 0 −krk 0 krk







x
xlt

xrt

xls

xrs



=




mg
mtg
mtg

msg− Fl

msg− Fr




, (1)

where m is the mass of the trunk, upper limbs, and head in total, mt and ms are the
masses of the thighs and shanks, respectively, based on the relationship of the segment
mass to body mass ‘M’ given by Leva [36], mmale= 0.6028 ∗ M; mfemale= 0.5824 ∗ M,
m

male

t = 0.1416∗M; m
female

t = 0.1478∗M, the foot is neglected in the model and its mass is
included in the shank, mmale

s = 0.057∗M; mfemale
s = 0.061∗M; xlt and xrt denote the vertical

displacements of the left and right thigh, respectively; xls and xrs refer to the vertical
displacements of the left and right shanks, respectively; Fl and Fr are the left and right
GRF in vertical, respectively; klh and krh indicate the vertical stiffness of left and right
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hip, respectively; and klk and krk correspond to the vertical stiffness of left and right
knee, respectively.

Then the vertical stiffness of the hip and knee are derived as follows:





(klh + krh)x− klhxlt − krhxrt = mg−m
..
x

−klhx + (klh + klk)xlt − klkxls = mtg−mt
..
xlt

−krhx + (krh + krk)xrt − krkxrs = mtg−mt
..
xrs

−klkxlt + klkxls = msg− Fl −ms
..
xls

−krkxrt + krkxrs = msg− Fr −ms
..
xrs

. (2)

The solution to vertical stiffness in the knee is as follows:

klk =
(msg−Fl−ms

..
xlk)

(xlk−xlt)

krk =
(msg−Fr−ms

..
xrk)

(xrk−xrt)

. (3)

Moreover, the pelvis displacement can be derived as:

Ax2 + Bx + C= 0
A = −2mtg + 2mt

..
xlt − klk(xls − xlt)−mtg + mt

..
xrt − krk(xrs − xrt)

B = mtgxrt −mt
..
xltxrt + klk(xls − xlt)xrt + mtgxlt −mt

..
xrtxlt

+krk(xrs − xrt)xlt + mtgxlt −mt
..
xltxlt + klkxlsxlt − klkxlt

2

+mtgxrt −mt
..
xrtxrt + krkxrsxrt − krkxrt

2 + (mtg−mt
..
xlt)(xlt + xrt)

C = −2xltxrtmtg + mtxltxrt(
..
xlt +

..
xrt)− klkxltxrtxls + klkxlt

2xrt

−krkxltxrtxrs + klkxltxrt
2 − xltxrt(mtg−mt

..
xlt)

x = −B±
√

B2−4AC
2A

. (4)

The stiffness of the hip can be described as:

klh= (mtg−mt
..
xlt + klk(xls − xlt))/(xlt − x)

krh= (mtg−mt
..
xrt + krk(xrs − xrt))/(xrt − x)

, (5)

therefore, the outputs of the model are hip stiffness, knee stiffness, and the vertical dis-
placement of the pelvis, and they can be calculated from the inputs such as the ground
reaction force, mass, and vertical displacement of the thighs and shanks. As for the ver-
tical displacement of both left and right thighs and shanks, they can be represented with
anthropometric parameters as conducted in the following section.

2.4. Generalized Description of Kinematics and VGRF

The collected gait signals in Section 2.2 are analyzed with the process shown in Figure 4.
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Figure 4. The generalizing process of the lower limb displacement description.
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Because the collected gait signals begin and end with standing, the initial and final
effects should be eliminated by selecting data points from the median segment. Firstly,
the starting point of stable walking and 2 entire gait cycles are selected for analysis. Then
the fast Fourier transformation (FFT) is used to transform the signal into the frequency
domain since gait is quasiperiodic. The frequency and amplitude of major harmonics are
then recognized from the frequency domain, as displayed in Figure 5.

0

1
( cos2 sin 2 ) 

2 

0

1
sin(2 ) 

2 

2 2 arctan  
 

1
sin(2 )  

Figure 5. The vertical displacement and the spectrum of the joints for one subject. (a) The vertical
oscillations of hip, knee, and ankle. (b) The spectrums of vertical oscillations of hip, knee, and ankle.

It can be observed in Figure 5b that the vertical oscillation of the hip is mainly ac-
cumulated at the first two harmonics, while the vertical oscillation of knee is mainly at
the first three harmonics, and the vertical oscillation of ankle is composed mainly of the
first four harmonics.. Therefore, the vertical displacement of the hip, knee, and ankle can
be represented by the two, three, and four harmonics, respectively. The Fourier series is
considered to fit the oscillation trajectory of the lower limb as follows:

SN x =
a0

2
+

N

∑
n=1

(an cos 2πnx + bn sin 2πnx). (6)

The sine component and the cosine component of the same frequency can be synthesized
into a sine component represented as:

SN x =
a0

2
+

N

∑
n=1

cn sin(2πnx + ϕn), (7)

where cn =
√

an
2 + bn

2 refers to the amplitude of each harmonic and ϕn = arctan
(

an
bn

)

is the initial phase of the harmonic component in each order; N is the number of the
harmonic order. The amplitude is assumed to be proportional to the leg length; therefore,
the amplitude of each harmonic in the series is then divided by the leg length of the subject,
and thus the ratio of amplitude to leg length is obtained. Then the mean of the ratio and
the initial phase of all the subjects are calculated for a general description of lower limb
displacements. Finally, the change in vertical displacement can then be derived as:

y =
N

∑
n=1

Anl sin(2πn f t + ϕn), (8)
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where An is the coefficient of each harmonic, l is the leg length of the subject, f refers to
the real walking cadence, and it is the number of strides in one second; thus, it can also be
calculated by the gait cycle time T since f = 1

T .
The theoretical displacement of one limb can also be derived from the contralateral

limb since human walking has the characteristics of symmetry both in space and time. The
locomotion of one limb lags a half-gait cycle compared to the contralateral limb. Thus, if a
half-gait cycle is introduced to Equation (8), which means t in Equation (8) becomes (t− T

2 ),
then the oscillation of the contralateral lower limb joints can be expressed as:

yr = ∑ Ail sin(2πi f t + ϕi+(i − 1)π) + Ajl sin(2π j f t + ϕj) i = 1, 3, . . . ; j = 2, 4, . . . , (9)

where i represents the order of the odd harmonics, and j refers to the order of the
even harmonics.

The measured VGRF is also a quasiperiodic signal, as displayed in Figure 4. Similar to
the dealing process for kinematic signals, the VGRF can also be represented as:

F =
N

∑
n=1

An Mg sin(2πn f t + ϕn), (10)

Fr = ∑ Ai Mg sin(2πi f t + ϕi+(i − 1)π) + Aj Mg sin(2π j f t + ϕj)i = 1, 3, . . . ; j = 2, 4, . . . , (11)

where F refers to the VGRF of one foot and Fr is the VGRF of the other foot, M is the mass
of the body, and M = m + 2mt + 2ms.

Walking is commonly studied as a repetitively periodic activity using the “gait
cycle” [37]. The gait cycle is defined as the duration from the heel strike to the next heel
strike of the same limb. It can also be subdivided into the stance phase (accounts for
60% of the gait cycle) and the swing phase (which accounts for 40% of the gait cycle).
Moreover, the stance phase and the swing phase can be further subdivided, respectively.
These phases can be determined based on the change in VGRF. The details of each gait
phase and its corresponding VGRF are shown in Figure 6.

1

2

sin(2 +(i 1) ) sin(2 )    1,  3,... ;   2,  4,...

1
sin(2 )  

sin(2 +(i 1) ) sin(2 )    1,  3,... ;   2,  4,...

+ 2  + 2

Figure 6. Gait cycles and corresponding ground reaction force. (a) Initial contact when heel strike,
and it accounts for 2% gait cycle; (b) loading response that means foot flatting, and it accounts for
10% gait cycle; (c) midstance, and it accounts for 17% gait cycle; (d) terminal stance when heeling
off, and it accounts for 19% gait cycle; (e) pre swing means toe-off, and it accounts for 12% gait cycle;
(f) initial swing, and it accounts for 13% gait cycle; (g) mid swing, and it accounts for 12% gait cycle;
and (h) terminal swing, and it accounts for 13% gait cycle; (a’,b’) are phases in the next gait cycle and
their determination are the same as (a,b) respectively.
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2.5. Estimation of Vertical Stiffness in Joints

The vertical oscillation of both the left and right thighs and shanks, as well as the
VGRF, are represented in Equations (8)–(11) by individual parameters in a universal form.
Therefore, by substituting Equations (8)–(11) into Equations (3)–(5), the vertical stiffness of
the hip and knee can then be theoretically derived. Here, an equation of vertical stiffness
for the left knee is displayed as:

klk =

msg−
NF

∑
n=1

AF
n Mg sin(2πn f t + ϕn) + ms(2πn f )2 Ns

∑
n=1

As
nl sin(2πn f t + ϕs

n)

Ns

∑
n=1

As
nl sin(2πn f t + ϕs

n)−
Nt

∑
n=1

At
nl sin(2πn f t + ϕt

n)

, (12)

where the superscript F indicates VGRF, s refers to the shank, and t corresponds to the
thigh. Other theoretical equations, like the vertical stiffness of the right knee and hip, are
obtained with the same process as Equation (12).

2.6. Statistical Analysis

The distributions of individual parameters such as body weight and height are near
normal since they were tested using the Shapiro–Wilk test (p > 0.05) [38]. To obtain more
accurate descriptions, the coefficient, initial phase, and walking cadence are averaged
across the two selected gait cycles for all the subjects. Moreover, the average value and
standard deviation of the model errors from all the subjects were calculated to evaluate
the dynamic model. All calculations and statistical analyses in this study were carried out
using MATLAB (9.6.0.1072779 (R2019a)).

3. Results
3.1. The Empirical Parameters of Unified Representation

As obtained from Section 2.4, all the vertical oscillations of lower limb joints and
segments can be obtained with amplitude coefficients and initial phases as represented
in Equations (8) and (9). Furthermore, Equations (10) and (11) represent the VGRF with
amplitude coefficients, initial phases, walking cadence, and body weight. Their average
value across all the subjects is obtained as illustrated in Section 2.5, and they are displayed
in Table 1. The vertical displacement of the lower limb can be expressed directly with
leg length and walking cadence using these parameters. Moreover, the estimated vertical
oscillations were compared to the measured data, as shown in Figure 7. It can be seen that
the unified equation with the empirical parameters obtained in Table 1 fits the measured
oscillation of the lower limbs well.

Table 1. The parameters of the vertical displacement of the lower limbs.

Parameters Pelvis Thigh Knee Shank Ankle VGRF

A1 0.007 0.014 0.019 0.022 0.073 0.58
A2 0.018 0.014 0.017 0.019 0.040 0.08
A3 0 0.009 0.011 0.016 0.018 0.22
A4 0 0 0 0.006 0.006 0.03
A5 0 0 0 0 0 0.07
A6 0 0 0 0 0 0.03
ϕ1 −0.93 −0.59 −0.59 1.08 1.08 2.47
ϕ2 −0.49 −1.04 −1.04 0.61 0.61 3.18
ϕ3 0 −2.14 −2.14 0.10 0.10 0.98
ϕ4 0 0 0 0 0 3.13
ϕ5 0 0 0 0 0 −0.42
ϕ6 0 0 0 0 0 1.15
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Figure 7. Comparison of vertical displacement between the measurement and the estimation by the
individual parameters.

This unification of the quantitative description of human lower limb oscillation during
overground walking helps to establish a general representation of the dynamic characteris-
tics such as stiffness.

3.2. The Vertical Stiffness of the Knee

The vertical displacements of the thigh and shank can be represented by the leg length
and walking cadence, as illustrated in Equation (12). Figure 8a shows the obtained vertical
stiffness of the left knee across several gait cycles after substituting the empirical coefficients
and initial phase shown in Table 1 into Equation (12) and then calculating it with MATLAB
2019 a. With the same process, the vertical stiffness of the right knee is calculated and
displayed in Figure 8b. In addition, the corresponding ground reaction force is shown
in Figure 8c. It can be observed that the vertical stiffness in the knee experienced three
changing stages in one stride cycle.

As shown in Figure 8, the vertical stiffness of the knee fluctuated around zero during
the first 40% of the gait cycle, from the loading response phase to the terminal stance phase.
Moreover, this duration equals the swing duration of the contralateral leg. At the terminal
stance phase, the vertical stiffness of the knee appears as the discontinuity point of the
first kind, and then it maintains a wide ‘U’ shape until the mid-swing phase with the
duration of 30% of the gait cycle. There is also a discontinuity point of the first kind at
the mid-swing phase, and a curve similar to a sinusoid is produced from the mid-swing
phase to the loading phase with a duration of 30% of the gait cycle. The duration of the
‘U’ shape and the sinusoid stiffness curve is the exact stance duration of the contralateral
leg. Furthermore, the changing tendencies of the two double support phases differ. When
the limb is preparing to swing, there is a discontinuity, and when the limb is preparing for
stance, the stiffness variation is continuous. Additionally, the vertical stiffness of the right
knee is delaying or ahead of the left knee by half of the gait cycle.
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Figure 8. Vertical stiffness of the knee during walking. (a,b) denote the left and right knees, respec-
tively, and (c) is the corresponding vertical GRF. The yellow rectangle shows the loading response
phase to the terminal stance phase of the right leg and the mid-swing phase of the left leg. The purple
rectangle represents the terminal stance phase to the loading response phase and is equally separated
by the mid-swing phase of the right leg as well as the stance phase of the left leg. The blue rectangles
are the double support phase.

3.3. The Vertical Stiffness of the Hip

The empirical coefficients and initial phases of thighs and shanks shown in Table 1
are substituted into Equations (8)–(11) and Equation (4), and these equations are then
substituted into Equation (5) to calculate the vertical stiffness of the hip. The obtained
vertical stiffness of the left and right hips is shown in Figure 9a,b, respectively. The
maximum value of hip stiffness reaches approximately 1 × 106 N/m, and its fluctuation
accounts for half of the gait cycle. The stiffness in another half cycle is approaching zero,
which seems unchanged. To study the unchanged section, the highly fluctuating section
is hidden, as shown in Figure 9c. The theoretical GRF of both lower limbs is shown in
Figure 9d to recognize the corresponding gait phase of the two sections.

The vertical stiffness of the hip is extremely high when its corresponding leg goes from
the mid-stance phase to the mid-swing phase. From the mid-swing phase to the mid-stance
phase, the vertical stiffness of the hip is rather small at about 5 N/m but with a regular
shape like ‘w’. There is a discontinuity of the first kind at the mid-stance phase and the
mid-swing phase. Furthermore, the vertical stiffness between the right and left hips, like
the knee, has a time delay for half of the gait cycle. During walking, the vertical stiffness of
the knee and hip varies with the gait phase (time).
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Figure 9. Vertical stiffness of the hip during walking. (a,b) denote the left and right hip, respectively,
and it is evident that the fluctuation is rather high with a magnitude of 106; (c) shows the hip stiffness
at the section of low value; and (d) is the vertical GRF of the double lower limbs. The green rectangles
stand for half of the gait cycle.

3.4. Validation of the Model

It is reasonable to validate the model by evaluating the pelvis displacement estimated
by the model because the vertical stiffness has been difficult, if not impossible, to mea-
sure during walking until now. Errors between the model solution and the measured
displacement of the pelvis are calculated. The measured displacement was collected in
the experiment in Section 2.2. It contains three strides, and each stride has differences in
oscillation. Therefore, the variable of time ‘t’ in Equation (8) is set to 3.5 s in order to include
three strides. With the empirical coefficients and phases in Table 1, the vertical displacement
of the thigh and shank is expressed and substituted into Equation (4). The obtained vertical
displacement of the pelvis for one subject is then compared to the measured displacement
as presented in Figure 10.

measure solutiom*

measure
1

1
* 

Figure 10. The pelvis trajectory calculated by the model and real measurement.
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It can be observed that the model solution of the pelvis displacement is approximately
consistent with the measured displacement. This proved that the proposed model could
characterize walking characteristics such as vertical stiffness and pelvis oscillation by leg
length, body weight, and walking cadence. Moreover, to illustrate the universality and
stability of the identification process, the model error is calculated from the solved pelvis
displacement and the measured pelvis displacement as follows:

E =
1

t ∗ Fs

t∗FS

∑
nt=1

xmeasure
nt − xsolutiom

nt

xmeasure
nt

, (13)

where t equals 3.5 s as mentioned before, Fs equals the sampling frequency of the motion
capture system, which is 100, and subscript nt refers to the number of time points. The
errors for all the subjects are shown in Table 2. For different individuals, the errors range
from 11.94 to 29.14%, and the mean error is 20.48% while the standard deviation is 5.44%.

Table 2. The error of the estimated pelvis displacement by model.

No 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Errors (%) 29.14 18.87 11.94 23.22 27.95 24.00 16.45 23.49 15.47 27.95 16.48 17.76 18.34 15.62

4. Discussion

The primary aim of this study is to estimate the vertical stiffness of the knee and
hip using individual parameters that are easy to measure during walking. To achieve
this aim, a multi-mass-spring model was established. Furthermore, the Fourier series
was used to fit the vertical displacements of lower limb segments and VGRF required
in the established model with individual parameters such as leg length and walking
cadence. According to the established model, the vertical stiffness of the knee and hip
was estimated by leg length, body weight, and walking cadence across the entire gait
cycle. Furthermore, the established lower limb model was validated by its solution of
pelvic displacement and real measurement.

Firstly, our results implied that the established multi-spring model is effective at
characterizing walking characteristics. There were different dynamic models for stiffness
calculation, as shown in Table 3. A typical human gait model using a nonlinear angular
spring and dash pot at each point was established to find the optimum joint stiffness of the
hip and ankle in the stance phase [31]. It also found that stiffness variation was affected by
gait pattern and cadence. An actuated dissipative model combining the optimization-based
minimal biped model and the spring-loaded inverted-pendulum model was established for
the stance phase, and 2 × 104 N/m (5 × 103 to 1 × 105 N/m) of the leg stiffness achieved
the closest GRF profile [32]. This supported our finding that the vertical stiffness of the hip
in the stance phase is sometimes varied at a high value level, as displayed in Figure 9. The
quasi-stiffness of the knee and ankle was predicted using statistical models based on subject
weight and height [18,20]. They provided the foundation for the idea that immeasurable
characteristics can be predicted by measurable parameters. A point mass with two massless
springs was also established as a dynamic model to calculate the leg stiffness in the stance
phase [39] and to predict the trajectory of the center of mass. Compared to these dynamic
models for stiffness estimation in the stance phase, the multi-mass spring model established
in this study can estimate stiffness across the entire gait cycle, and its solution of pelvis
displacement has been validated.
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Table 3. The comparison between the typical and proposed dynamic models for stiffness calculation.

Models Components Aim Stiffness Gait Phase Input Parameters

Two-link conceptual
model [31]

.

 

Joint stiffness of hip
and ankle

Stance
Joint angle and

moment

Spring-mass walking
model

[32]

.

 

Leg stiffness Stance Leg length and position

Statistic model
[18,20]

.

 

Quasi-stiffness of knee
and hip separately

Stance
Body weight, height,
and walking speed

Mass-spring model
[39]

.

 

Leg stiffness Stance
Angle and leg
length change

Multi-mass spring
model

Proposed in this paper

.

 

m

mt mt

ms ms

x

krhklh

klk krk

Fl Fr

xrsxls

xlt xrt

Vertical stiffness of
knee and hip
simultaneous

Entire gait cycle
Body weight,

leg length, and
walking cadence

Aside from the ability of the proposed model in our study to be consistent across the
entire gait cycle, the vertical stiffness of joints in our study was a different concept from
traditional joint stiffness. Traditionally, the stiffness of the knee and hip was calculated as
the quotient of the moment and joint angle change in the sagittal plane, and the moment
was calculated by the trajectory data and the GRF [40]. This joint stiffness illustrated the
relationship between the angle and the corresponding moment applied to the joints during
walking. While the vertical stiffness of the joints investigated in this study shows a link
between vertical oscillation of lower limb segments and VGRF.

During the model solution, the vertical oscillations of lower limb segments and VGR
were utilized. The vertical oscillation of lower limb segments was fitted by the Fourier
series with leg length and walking cadence, while the VGRF was represented with body
weight and walking cadence. The amplitude coefficient and initial phases shown in Table 1
contributed to a universal and mathematical expression. These findings were supported
by previous findings. Fourier series, for example, had been used to characterize the pelvic
trajectory [41].

Since the vertical stiffness of the knee and hip was obtained solely by individual
parameters such as body weight, leg length, and walking cadence, which are all easy and
cheap to measure, it implies that VGRF, body weight, and vertical oscillation of body
segments have inherent relationships. This is similar to the previous research. The body
weight influenced the GRF, and the vertical displacement of the body for a given individual
was determined by the effective leg length [32]. Furthermore, it was demonstrated that the
VGRF estimated the vertical displacement of the body mass [42].

Moreover, when compared to previous studies, our study illustrates the time-varying
process of vertical stiffness corresponding to the gait phase across the entire gait cycle. In
vertical, knee stiffness is near zero in the midstance and high in the terminal stance and
initial swing. These findings are consistent with previous research, which found that the
knee stiffness determined by the slope of the knee moment-angle curve is approximately
zero at the start of the stance and increases in the late stance [21]. In addition, it is worthy
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to note that the vertical stiffness of the knee across the entire cycle is varied in the same
order of magnitude while being different for the hip.

The contributions of this study are as follows: (1) the uniform equation to depict the
vertical oscillations and VGRF of different people is obtained with individual walking
cadences as well as leg length and body weight, respectively; (2) the multi-mass-spring
model is established to identify the vertical stiffness of hip and knee simultaneously, and
this stiffness can be represented by the body weight, leg length, and walking cadences; and
(3) the obtained vertical stiffness is validated by the comparison between the estimated
displacement and the measured displacement of the pelvis.

There are also some limitations that need to be considered. The main limitation is
the size of the subject. Fourteen subjects walked at their preferred speed, obtaining a
homogeneous sample. The analyses could be generalized only to the range of age, height,
and walking cadence that the statistical significance supports. Similar estimations could
be carried out for other groups, such as older adults and children. Another limitation is
that several simplifications were employed. Both the mass and length of the left and right
lower limbs were regarded as the same, and the ankle and foot were ignored. A more
sophisticated model could be considered to take the asymmetrical factors and eliminated
terms into account.

5. Conclusions

In summary, the vertical stiffness of the knee and hip can be simultaneously estimated
by a multi-mass-spring model. It has been found that the vertical oscillations of lower limb
segments were universally expressed by walking cadence and leg length, while vertical
ground reaction force was represented by walking cadence and body weight. Moreover,
the vertical stiffness of the knee and hip were finally estimated by the walking cadence,
leg length, and body weight. The variation of the estimated vertical stiffness across the
entire gait cycle displayed different trends toward different gait phases. Additionally, the
proposed model was validated efficiently by the estimated vertical oscillation of the pelvis
across three gait cycles for the 14 different subjects. The remarkable results obtained in this
study represent a different view for future studies on human walking analysis. In the near
future, more sophisticated models that consider ankle and damping will be constructed
and extended to more human groups.
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Abstract: The human ankle is a complex joint, most commonly represented as the talocrural and
subtalar axes. It is troublesome to take in vivo measurements of the ankle joint. There are no
instruments for patients lying on flat surfaces; employed in outdoor or remote sites. We have
developed a “Turmell-meter” to address these issues. It started with the study of ankle anatomy and
anthropometry. We also use the product of exponentials’ formula to visualize the movements. We
built a prototype using human proportions and statistics. For pose estimation, we used a trilateration
method by applying tetrahedral geometry. We computed the axis direction by fitting circles in 3D,
plotting the manifold and chart as an ankle joint model. We presented the results of simulations, a
prototype comprising 45 parts, specifically designed draw-wire sensors, and electronics. Finally, we
tested the device by capturing positions and fitting them into the bi-axial ankle model as a Riemannian
manifold. The Turmell-meter is a hardware platform for human ankle joint axes estimation. The
measurement accuracy and precision depend on the sensor quality; we address this issue by designing
an electronics capture circuit, measuring the real measurement with a Vernier caliper. Then, we adjust
the analog voltages and filter the 10-bit digital value. The Technology Readiness Level is 2. The
proposed ankle joint model has the properties of a chart in a geometric manifold, and we provided
the details.

Keywords: human ankle model; product of exponentials formula; anthropometry; biomechanics;
coordinate measuring machines; kinematics; pose estimation; position measurement; biomedical
informatics

1. Introduction

Taking in vivo measurements in the human ankle joint is troublesome because the an-
kle is a complex mechanism [1]. Deviations in the axis increase the pronation or supination
moments, causing instability and enhancing injuries risk. In this work, we present a device
intended for the study of the human ankle joint (HAJ). Modeling and measuring this lower
limb joint is essential in physiology, biomechanics, and rehabilitation (also in humanoid
robotic limb development).

Our primary aim is to develop a device for the two axes model estimation of the human
ankle joint. Secondary objectives are: it must be non-invasive, compact, energy-efficient,
and easy to set up and transport. It should also be compatible with laying positions, such
as with the foot in the elevated position. To accomplish the objectives, we followed a plan,
first by understanding the ankle movements. Then, we used statistics for dimensional
determination. We also use a modern approach, such as the Product of Exponential (POE)
formula. We then designed the structure based on embedded non-invasive distance sensors.
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Our contribution to the ankle joint axis localization is the holistic development of a
specific device. Draw-wire sensors measure distance, are composed of a wire wound around
a drum, and are attached to a potentiometer and a spring. They are retractile with constant
tension. For bias correction and gain calibration, we designed a capture system. We adjust
the voltage to avoid the maximal value of the analog-to-digital conversion. We calibrated
each sensor through direct measuring with a Vernier caliper. Then, we measured the
voltage and adjusted the offset and gain by a calibration program in Processing (Software).
Limitation measurements are by 10-bit analog-to-digital converters and digitally filtered in
the acquisition board. Technology Readiness Level (TRL) is 2.

We highlight our approach over traditional methods because we apply the POE
formula to the ankle kinematic model. Furthermore, we estimate the ankle axis localization
by a geometric approach, solved algebraically. We computed it from the pseudo-inverse
application. For the talocrural and subtalar axes estimation, we use circle fitting. As an
alternative ankle joint representation, we propose a Riemannian chart. We have limited the
scope to the human ankle joint (HAJ) model. There are applications in physical therapy
and HAJ mobility diagnosis.

The state of the art in the ankle localization is detailed in [1–14].
There are different HAJ models in the literature; we focus on the two-axes approach.

The approach is recommended by the International Society of Biomechanics (ISB) [15],
anatomy and biomechanics books [3,16–19], and simulation software [20]. We found models
of the ankle joints in several articles [14,21–26]. Contributions to the study of the ankle joint
axes are in [2,8,9,27]. The most cited research about the subtalar axis are in [5,7,10–13]. A
literature review of functional representations is in [4].

Draw-wire sensors (DWS) are distance measurement sensors, who use a wire coiled
on a drum attached to a potentiometer and a spiral spring that are retractile at constant
tension. Similar robotic applications are in [28–30], also in linear position tracking [31],
and easy robot programming [32]. Inertial measurement units (IMU) were post-processed
and complemented with other sensors [33–37]. We shall employ our device for the HAJ
bi-axial measurements and for other models as well [38]. BiodexTM and HumacnormTM

are manufacturers of general kinetics machines.
We divide the materials and methods section into two subsections: the motion theory

and the mechatronics design. In the first section, we study anatomy, statistics, proportions,
and anthropometry to understand the functional HAJ movements and standard dimensions.
Then we perform the HAJ simulation using the POE formula. Here, we do not include a
deep study of infinitesimal kinematics. We intend to design a device for a healthy HAJ
with no singularities with a continuous range of movement. We describe the trilateration
method to find the platform pose. It is a geometrical method based on tetrahedrons; we
avoid numerical solutions that depend on finite derivative terms. The tetrahedron is a
well-defined 3D geometrical structure. Solving tetrahedron geometry is the expansion of
planar trigonometry. Knowing the sides allows us to find the height of a tetrahedron. We
attach the platform to the foot; the sensors are passive elements and do not support or
add high tensile forces. We have selected the first seven sensor configurations 3-2-2 (seven
sensors) instead of 3-3-3 (nine sensors) or 3-2-1 (five sensors) for hardware limitations,
sensor redundancy, and symmetrical design (for both limb use).

The device’s mechatronics design and implementation are in the second subsection.
We used Draw-wire sensors to measure the tetrahedron sides. These sensors have a constant
tension because they comprise a drum attached to a spiral spring. We limit them to the
maximal distance, and the precision depends on the potentiometer and electronics signal
conditioning with a high common-mode rejection ratio (CMRR). The calibration process
deals with accuracy and precision. First, we made rough adjustments to the acquisition
system. Second, the software calibration process makes fine adjustments. Our proposed
method avoids numerical errors because it uses geometric formulas. We validate the
position through sensor redundancy. We conduct calibration and testing in a healthy
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patient and represent the HAJ movements as a manifold chart. The complementary source
code was uploaded to [39].

2. Materials and Methods

This section is grouped in two main subsections, first the motion theory, and second
the mechatronic system. For the first part, we show the simulation using anthropomet-
ric values and the POE formula. Using the plots, we estimate the DWS maximal length.
Next, we present the device’s geometrical design and the trilateration method. Finally,
we compute the axis position by circle fitting and modeling the ankle joint as a Rieman-
nian manifold chart. In the second subsection, we describe the mechanics design and
implementation, we used SolidWorks® (2017–2018 Student Edition, Dassault Systèmes,
Vélizy-Villacoublay, France), KiCad©(6.0.4, Jean-Pierre Charras and KiCad developers,
CERN, Linux Foundation), and FreeCad© (0.19, Jürgen Riegel, Werner Mayer, Yorik van
Havre and others) StepUp tools addon.

2.1. Motion Theory

For the simulation with the POE formula, we adapt the data from [40], proportions
from [41,42], and statistics from [43].

2.1.1. References Assignation

Figure 1 presents the reference points and the mean distances taken from [40].

K

L

O

P
AB C

Reference points 

fixed to the shank

Fibular malleolus

most lateral point MLP

Tibial malleolus

most medial point MMP

Points on the foot's platform

M1
M2

TC axis

Figure 1. Reference points from anthropometric values K, L, O, and P.

A, B, and C are the triangle’s vertices in a platform fixed to the foot, the K, L, and O
distances from the most medial and lateral points from the black-filled to the white-filled
marker. M1 and M2 define the talocrural (TC) axis. We show top-transverse and right-
lateral views in Figure 2 with distances Q, W, and w. N1 and N2 determine the subtalar
(ST) axis.
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W
w

A

M1

M2

N1

N2

C

A B, C

Q

B

Figure 2. Q, W, and w distances from lateral and transverse views.

Table 1 enumerates the mean values of Figures 1 and 2.

Table 1. Mean values of anthropometric measurements.

Variable K (cm) L (cm) O (cm) P (cm) Q (cm) R = W/w

Mean 1.2 cm 1.1 cm 1.6 cm 1.0 cm 0.5 cm 0.54 cm

In Figure 3, we show the ST and TC axes from several viewpoints. The TC axis refers
to the sagittal plane and the ST to the transverse plane.

Talocrural axis

x̄ = 84°

x̄ = 23°

x̄ = 41°

Sagittal plane

Transverse plane

Subtalar axis

x̄ = 80°

Figure 3. Mean relative position of the ST and TC axis.

2.1.2. Anatomical and Geometrical Correspondence

We define the sagittal (lateral) plane as the X-Z plane (perpendicular to the y-axis).
The coronal (frontal) plane is the Y-Z plane (x-axis is normal to it); the transverse (axial)
plane is the X-Y plane (perpendicular to the z-axis). Figure 4, left, shows this correspond-
ing references.
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Tibia 
S3

S2

S1

M1

M2

N1
N2

r1

r2

A0
B0

C0

Platform

PO

PM

Figure 4. Planes, axes, and points of corresponding references.

With this reference frame, we can define the TC axis orientation from a unitary vector
in the z-direction. We first rotate it −80° around the x-axis; then we turn it −6° around the
z-axis. A unitary vector in the x-axis direction defines the ST axis, rotating 41° about the
y-axis, followed by a 23° rotation around the z-axis.

We show the fibula, tibia, talus, calcaneus 3D position, reference points, TC, and ST
axes in Figure 4, right.

In this image, A0, B0, and C0 are the vertices from the platform fixed to the foot, and
PM is the triangle’s center. S1, S2, and S3 are fixed to the shank relative to the origin point
P0. M1 and M2 define the TC axis; N1 and N2 correspond to the ST axis. We define r1 and
r2 as the sagittal plane intersection with the TC and ST axes.

2.1.3. Size and Dimensions

This first part help us to determine the HAJ axes direction and orientation for some
cases. However, it is difficult to design a device that fits all humans, and we cannot make a
device that fits 90 % percentiles; we intend to design a device scalable and adjustable in
a defined population group. We also make an effort to design adjustable foot and shank
attachments. To do so, we select the device dimensions using the proportions extracted
from [41]. The heigh is H, and the proportions we use are: distance from the knee to the
foot is 0.285H, the distance from the ankle to the foot is 0.039H and the foot widht is 0.055H
and the foot length is 0.152H.

We select the origin of coordinates between the knee and the ankle, dm is the distance
from PM to PO. This distance is proportional to the body’s height H. To do so, we define
dm as follows:

dm = ‖P0 − PM‖ =
[

0.285− 0.039
2

+ 0.039
]
·H = 0.162 ·H. (1)

For the sake of obtaining the prototype dimensions, we use statistics for a specific
population. In [43], the mean height H of an adult male is 175 cm; by substituting this value
into the equation, the knee-ankle distance is 28.35 cm. The distance dp12 between points r1
and r2 about the TC and ST axes on the sagittal plane is:

dp12 = ‖r1 − r2‖ = Q, (2)

the projection of the most medial point (MMP) on the sagittal plane is:

PMMP = (xMMP, 0, zMMP), (3)
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and for the most lateral point is:

PMLP = (xMLP, 0, zMLP). (4)

The point M1p is the projection of M1 on the sagittal plane; we calculate it from the P
and O values.

M1p = (xMMP − P, 0, zMMP −O), (5)

also, M2p is M2; we estimate the projection from L and K through:

M2p = (xMLP − L, 0, zMLP −K). (6)

Therefore, the segment M2M1 has the sagittal projection M2pM1p; it has the same
proportional relation R = W/w in respect to M2pr1, then:

M2 −M1

M2 − r1
=

W
w

= R, (7)

solving for r1 gives the following:

r1 = M2 −
M2 −M1

R
. (8)

By knowing the distance Q projected in the sagittal plane and r1, the angle 41° we
calculate r2 from:

r2 = Q[cos(41◦), 0, sin(41◦)] + r1, (9)

The distance from the origin PO to the plantar surface of the foot is dm, we choose
a circumscribed equilateral triangle with vertices A0, B0, C0 as the platform base. The
coordinates of A0 are:

A0 =
(
rp, 0,−dm

)
, (10)

for B0 are:
B0 =

(
rp cos 60◦, rp sin 60◦,−dm

)
, (11)

and for C0:
C0 =

(
rp cos−60◦, rp sin−60◦,−dm

)
, (12)

where rp is proportional to H, then:

rp = 2
3 ·H. (13)

In summary, we estimate P0, r1, r2; and the platform’s vertices A0, B0, and C0. They
are not arbitrarily selected, on the contrary, we employed anthropometry, statistics, and
proportions.

2.1.4. Product of Exponentials Formula

In this section, we employ the PoE formula. We follow the intuitive concept that
inter-bone contact surfaces determine HAJ movements. Therefore, we represent these
movements as a Special Euclidean group SE(3) in matrix form:

g =

[
R p̂T

01×3 1

]
, (14)

where R3×3 is the rotation matrix and p̂T is the translation vector.
For the initial point A0:

gA(0) =
[

I3×3 Â0
01×3 1

]
, (15)
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for B0:

gB(0) =
[

I3×3 B̂0
01×3 1

]
, (16)

and for C0

gC(0) =
[

I3×3 Ĉ0
01×3 1

]
(17)

We define ω̂1 = (ωx1, ωy1, ωz1) as a unitary vector for the TC axis direction given by:

ω̂1 =
M2 −M1

‖M2 −M1‖
, (18)

and a directed vector r̂1 from PO to r1 is:

r̂1 = r1 − PO, (19)

then, an orthogonal vector to r̂1 and ω̂1 is:

ν̂θ1r2z
= −ω̂1 × r̂1, (20)

together, ω̂1 and ν̂θ1r2z
compound the six-dimensional vector ξ̂1:

ξ̂1 =

(
v̂1
ω̂1

)
. (21)

In the same way, there are correspondent vectors for the TC axis:

ω̂2 =
N2 −N1

‖N2 −N1‖
, (22)

r̂2 = r2 − PO, (23)

ν̂2 = −ω̂2 × r̂2, (24)

and:

ξ̂2 =

(
v̂2
ω̂2

)
. (25)

We compute R for each joint i = 1, 2 from the Rodrigues’ formula:

e(Ωiθi) = I3×3 + Ω sin θi + Ω2(1− cos θi), (26)

where Ω is the skew symmetric matrix:

Ω =




0 −ωzi ωyi

ωzi 0 −ωxi

−ωyi ωxi 0


. (27)

The exponential formula is:

eξiθi =

[
eΩiθi τi

01×3 1

]
, (28)

and, τi is translation vector:

τi =
(

I3×3 − eω̂iθi

)
ω̂i × ν̂ + ω̂iω̂

T
i ν̂iθi (29)
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Points A, B, and C have invariant relative positions, and there are two rotating joints;
the PoE formula for A is:

gA = eξ̂1θ1 eξ̂2θ2gA(0) =
[

R p̂A

0 1

]
, (30)

where p̂A is the instantaneous position vector of A, the PoE for B:

gB = eξ̂1θ1 eξ̂2θ2gB(0) =
[

R p̂B

0 1

]
, (31)

and the PoE for C is:

gC = eξ̂1θ1 eξ̂2θ2gC(0) =
[

R p̂C

0 1

]
, (32)

θ1 is the TC rotation angle from the zero position, and θ2 is the ST rotation from the
zero position. For the sake of clarity, we show the section of the ankle with the vectors r̂1,
ω̂1, ν̂1 and r̂2 ; also the points A, B, C, and PO in Figure 5.

AB

C

Figure 5. Vectors and points on the sagittal plane.

2.1.5. Forward Kinematics

In this subsection, we show the simulation of the movements of the ankle by using the
measurements and the PoE. The code is in SageMath Computer Algebraic System (CAS),
which lets us manage symbolic notation, and interactive plotting in a Jupyter notebook. All
source was uploaded to Git-Hub [39].

The simulation plot for the platform’s central point is in Figure 6a. We show the points
PO, A0, B0, C0, r1, r2, and the surfaces representing each group of movements. The forward
kinematics with θ1range = θ2range = [−15◦, 15◦] and θ1 = θ2 = 10◦ is in Figure 6b. For
θ1range = θ2range = [−10◦, 10◦] and θ1 = θ2 = 5◦ is in Figure 6c.
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(a) (b) (c)

Figure 6. Forward kinematics for (a) initial position and (b) θ1range = θ2range = [−15◦, 15◦], θ1 = θ2 = 10◦

and (c) θ1range = θ2range = [−10◦, 10◦], θ1 = θ2 = 5◦.

Such a representation lets us compute the ankle joint ROM in all directions. Groups of
A, B, C, and PM movements are smooth surfaces or geometric manifolds. They have two
DOF, with a limited domain due to the axes ROM.

2.1.6. Geometric Design and Trilateration Method

In the last section, we note that in a healthy ankle, the range of motion from three points
in a platform attached to the foot, pertain to a surface without singularities. Moreover, we
note that we can trace tetrahedrons from the reference base on the shank to the platform
points. Tetrahedrons can be solved by knowing the triangle base, and the sides. We
choose the complete tetrahedron with three distance sensors in the point A for symmetry
conservation in the case of using the device in the left or right foot. We avoid the use of
numerical methods such as the Newton–Raphson (NR), for reducing time of computation.
Furthermore, we choose the symmetry and redundancy in the apexes B and C. We realize
that by knowing the platform dimensions, two sensors and the apex A coordinates, we can
define a plane rotated with respect to the base and solve other tetrahedrons corresponding
to the B and C apexes. We also take a holistic approach, we knew that micro-controller
systems often have two cores and eight or ten analog to digital converter channels. We
used 7 channels, leaving three for temperature, battery level, and voltage input detection.

Finally, based on such considerations, we show a geometric design in the Figure 7a
platform center, and in Figure 7b are the vertices.
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A0

C0

PO

B0

PM0

r1r2

AB

CB

BB

(a)

A0

C0

M1

PO

N2

N1
M2

B0

AB

CB

BB

(b)

Figure 7. Geometric design: (a) is the platform center, base, and r1, r2; and (b) platform vertices with
talocrural and subtalar axis.

By considering the distances between the origin and the vertices, we estimate the DWS
maximal length in every module.

lmax = max[‖pA(θ1, θ2)− A‖+ rm] (33)

Here, lmax is the maximal possible length from the triangular inequality, pA is the
positions group in gA, rm is the module’s radius, and AB is the base point.

The main design requirement is the localization of three points attached to the foot.
We estimate the actual position employing a DWS array in a tetrahedral structure to find
the apex, which is a platform vertex. In Figure 8 we show the design structure.

PM

AB

BB

CB

Figure 8. Geometric design of the DWS arrays.

PO and PM are the base and platform reference frames. The platform has known
dimensions and the number of sensors is seven. First, we compute Ap from three distances:
lA1 = ‖Ap −A1‖, lA2 = ‖Ap −A2‖, and lA3 = ‖Ap −A3‖. Then, we compute Bp and Bp
apexes after Ap employing two DWS. We summarize the method in a flowchart; Figure 9.
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Measure the side lengths

Develop the sides on the base plane

Compute the apex A projection

Compute the tetrahedron A height

Rotate the triangle base for tetrahedron B/C

Select the negative z coordinate

Compute the two possible apexes B1/C1 and B2/C2

|B1-C1|≈D
yes

no

B = B1
C = C1

End

|B1-C2|≈D

|B2-C1|≈D

B = B1
C = C2

B = B2
C = C1B = B2

C = C2

yes

yes
no

no

|B2-C2|≈D

Initialize 
coordinates

Platform side = D

Length error

no

yes

Figure 9. Tetrahedron trilateration flowchart.

2.1.7. Finding the Apex in Tetrahedron A

In this section, we compute the tetrahedron TA with base△A = [A1, A2, A3] and apex
Ap. Figure 10 shows the method we use.
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AB

CB

BB

Figure 10. Finding the apex Ap.

In Figure 10 we see that triangles △132 = [A1, A3, Ap132] and △231 = [A2, A3, Ap231]
are two sides of the tetrahedron TA developed on the base plane.

We compute the Ap132 and Ap231 orthogonal projection on each adjacent side of
the module base triangle △[A1, A2, A3] by tracing a circle centered on A1 with radius
‖Ap −A2‖ and the circle centered on A3 with radius ‖Ap −A3‖; resulting in Ap132 and
Ap131 intersection points. In addition, the circle centered on A2 with radius ‖Ap −A2‖
intersects the circle centered in A3 at points Ap231 and Ap232. The segment from Ap132 to
Ap131 intersects the points defined by Ap231 and Ap232 at Apxy. In the case of tetrahedron
TA, we determine Apxy = (Apx, Apy, 0) as Ap projection on the base plane. It is easy to
realize that the height of TA is the absolute value of the Apz coordinate. Then, we can find
the distance from Apxy to A3 as a triangle△[Apxy, A3, Ap] side; the other is Apz, and the
hypotenuse is the distance lA3 = ‖Ap −A3‖, then, Apz is:

Apz =
√

l2
A3 − (Apxy −A3)2 (34)

2.1.8. Tetrahedrons B and C Apexes

In this subsection, we show that, by knowing Ap, the point Bp needs two sensors to
be found. To determine the result of the tetrahedron TB, we consider the base of a triangle
△
[
B1, B3, Ap

]
in Figure 11a .

We compute the angle α from the XY plane to a normal vector n̂ApB:

n̂ApB =
(B3 − Ap)× (B3 − Ap)

‖(B3 − Ap)× (B3 − Ap)‖ , (35)

and, the angle α is:
α = acos(n̂ApB · n̂z), (36)

where n̂z is the unitary vector normal to the XY plane.
The tetrahedron sides are the lengths lB1 = ‖Bp − B1‖, lB3 = ‖Bp − B3‖, and

dApBp = ‖Bp− Ap‖. The rotation axis is in the direction B1− B3. The Bpr is Bps rotated
α in angle about this axis. In Figure 11b, we show how to find the Bpr apex, similarly to
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that of a tetrahedron TA. Finally, when Bpr is found, the contrary rotation about the axis
B1− B3 gives the Bps.

(a) (b)

Figure 11. Rotation of α angle about the axis B1− B3: (a) original tetrahedron, TB (b) rotated tetrahedron.

There are two possible apex values: Bps1 over, and Bps2 below of the XY plane. We
show the Bpr apex below the XY plane in Figure 12.

Figure 12. Finding the apex Bpr.

We use the same method to solve the TC apex. For the correct apex selection, the
condition when the side of the platform distance dCpBp is:

dCpBp = ‖Bps− Cps‖. (37)

2.1.9. Procedure for Found Platform Positions

We must fix the shank and the foot to the base and platform. Then we mark the MMP
and the MLP. To do so, we design a detachable reference point from module A. Initially, we
attach the foot and the shank to the device, and then we mark and record the MMP and
MLP; Figure 13 shows the detailed view.
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MMPAdjust

Figure 13. Adjusting the foot, the shank and the Most Medial Point reference.

We compute the platform position from the seven sensor lengths. The main steps for
capture data series are:

1. Capture the initial position at horizontal relative position from dr = IMU2− IMU1
readings;

2. Compute jerk jrk = |dri − dri−1|;
3. Move the foot continuously until jerk crosses zero again.

First, we capture the sensor lengths by activating a button in the computer software.
Every time, we compute the absolute difference from IMU2 to the IMU1 readings. If
the differences are constants, then there is no platform and base relative movement. We
compute the jerk by relative acceleration differentiation. The data capturing process ends
when the acceleration change crosses zero. Jerk changes activate the capture of IMU data.

The symbolic equations to find Ap, Bp, and Cp from the captured data, were found by
the SageMath CAS. By using the prototype dimensions and the sensor lengths, we compute
the platform’s position and orientation. Here, the origin is from the initial DWS lengths
lMi0, where M is the module A, B, or C; and i is the sensor number i = 1, 2, 3.

After MLP and MMP registering, we attach the apex of module A to the platform,
define the sagittal plane perpendicular to the ABC base plane, and intersect point A. By
implementing the trilateration method mentioned before, we compute the points A0, B0,
and C0.

Figure 14a illustrate the point positions with the device in the initial portable configu-
ration. The apexes’ computation are in Figure 14b–d.
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Figure 14. Computed positions from sensor lengths at portable configuration: (a) the rest position,
(b) apex A, (c) apex B, and (d) apex C.

2.1.10. Computing the Axis Position and Direction

From the anthropometric values [40], we put a mean model in the Turmell-Meter. The
TC axis will be defined by M10 and M20 . The sagittal plane intersection with the M1M2
segment is r1. For example, the TC axis approximation is computed from most lateral point
(MLP), the most medial point (MMP) and L, K, P, and O:

M10 = MLP− [L, 0, K], (38)

and:
M20 = MMP− [−P, 0, O], (39)

from these values, we solve for r1 from the plane y = 0 intersection with the line LTC:

LTC = V −M1 = ρ
(M2−M1)
‖M2−M1‖ , (40)

where V is a point pertaining to LTC.
The ST axis sagittal intersection r2 initial point is:

r2 = r1 +
√

2
2 [Q, 0, Q]. (41)

Here, r1 and r2 are reference values computed from the previously mentioned anthro-
pometric mean values. Such initial points are for reference, comparison and validation of
the trilateration and regression method. The tracked trajectory data set is processed offline.
We use the least squares normal vector to the plane, this direction is similar to the circle
approximation. From here, we compute the TC axis first, and then the ST axis. To do so,
we compute the TC axis position by employing dorsiflexion and plantarflexion, because
the TC axis is the most dominant in such movements. The method used is circle fitting
in a plane containing the trajectory points. A further model refinement can be made with
optimization, and machine learning methods, such as gradient descent and the symbolic
product of exponential formula.
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First, we found the TC axis orientation ω1 by registering several trajectories. For each
trajectory, we have a list of data points P = [x, y, z], which pertain to a plane:

ax + by + cz + d = 0, (42)

where a, b, and c are the components of a direction vector perpendicular to a plane contain-
ing the points. Solving out for z, we have the system:




x0 y0 1
x1 y1 1
...

...
...

xn−1 yn−1 1







a
b
d


 = −c




z0
z1
· · ·

zn−1


 (43)

which has the form:
Ax = B (44)

there are more equations than unknowns. From linear algebra and least squares we
knew that the pseudo inverse is A+ = (AT A)−1 AT , then a normal vector is:




a
b
d


 = (AT A)−1 AT B (45)

Now, we compute c by replacing a, b, d in the plane equation, and finally we get n̂ =
[a, b, c]T . We found the angle between the normal plane and the X-Y plane, after knowing
the normal vector by applying the Rodrigues’ formula, v̂ = n̂× k̂, with k̂ = [0, 0, 1]T

Pr = P cos(θ) + (v̂× P) sin(θ) + v̂(v̂ · P)(1− cosθ). (46)

where θ = arccos
(

n̂·k̂
‖n̂‖

)
.

After this, we estimate the plane, and rotate all the data points onto the X-Y plane. We
search for a circle in the X-Y plane, and rearrange the equation for least squares estimation
by using a variable substitution.

(x− xc)2 + (y− yc)2 = r2

(2xc)x + (2yc)y + (r2 − x2
c − y2

c ) = x2 + y2

c0x + c1y + c2 = x2 + y2
(47)

where c = [c0, c1, c2]
T with c0 = 2xc, c1 = 2yc, and c2 = r2 − x2

c − y2
c .

By taking the rotated points, Pr we have a linear system:




x0 y0 1
x1 y1 1
...

...
...

xn−1 yn−1 1







c0
c1
c2


 =




x2
0 + y2

0
x2

1 + y2
1

...
x2

n−1 + y2
n−1


. (48)

that has the form:
Ac = b (49)

In this system, we have more equations than unknowns, then, we search for the c
values that minimize the squared difference ‖b− Ac‖2.

arg min
c∈R3

‖b− Ac‖2. (50)
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We found the center point Cp = [xc, yc] and radius r by solving:

2xc = c0
2yc = c1

r2 − x2
c − y2

c = c2

. (51)

Finally, we apply a rotation to the center in respect to the original plane. This point
pertains to the TC axis. For each trajectory A, B, C, we get three planes, and three centers,
the TC line direction is parallel to the planes’ normal vectors. The information is complete
by determining the plane orientation.

The ST axis estimation is similar, but employs trajectories from inversion and eversion
movements.

This is a basic estimation; by conducting optimization on the product of the exponential
formula, we enhance the accuracy of the axis position estimation.

2.1.11. Ankle Joint Movements as a Manifold

In this subsection, we explain how the centers r1, r2 and directions ω1, ω2 define a
manifold representing the HAJ movements. The circle center points calculated pertain to
the TC and ST axes; they are the initial data to fit the product of the exponential formula.
In Figure 15a, we show the complete platform’s center point manifold. It is topologically
similar to a torus.

(a) (b)

Figure 15. Simulation of the platform central point with variations in the mean statistical values:
(a) platform’s center point manifold, (b) manifold chart and a geodesic.

A manifold chart represents the range of motion limits, we show an example of the
geodesic as a trajectory on the manifold in Figure 15b; this explains how to map ankle
coordinates, and a straight trajectory with initial velocity and no external force action. We
have the data necessary for the line intersection with the sagittal plane, the center points,
and the direction gives a line:

p̂l = l̂0 + l̂d, (52)

where p̂l is the parametric line, l̂ is a parallel vector to it, l̂0 is a known vector in such line,
and d ∈ R, replacing the parametric equation in the plane equation:

( p̂l − p̂0) · (n̂p) = 0, (53)
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where p̂0 is a known vector in the plane, and n̂p is the plane’s normal vector,
solving for d, gives:

d =
( p̂0 − l̂0) · n̂p

l̂ · n̂p

, (54)

and replacing in the TC axis line equation:

r1 = c1 + ω1d, (55)

where r1 is the TC axis intersection with the sagittal plane. The point c1 is the center,
and the axis direction ω1, both were found by circle fitting. Furthermore, packing in six
dimensional Plücker line coordinates, we have:

m̂1 = r1 ×ω1, (56)

and the l1 six dimensional vector is:

l1 = [ω1x : ω1y : ω1z : m1x : m1y : m1z ]. (57)

We include those data for the PoE formula simulation and the manifold representation.

2.2. Mechatronic System Design

In this section, we design DWS to measure the lengths of the tetrahedron sides; they
are arranged as structural parts. Their maximal length estimation is from the forward
kinematics simulation. We design the shank attachment from the dimensions, proportions,
and statistical data.

2.2.1. Draw-Wire Sensor

We use flat springs. They are not exposed to a high load against gravity, and are in
two or three concurrent groups. In Figure 16, we depict the design, composed of three 3D
printed parts, potentiometer, flat spring, bolts, and nuts.

Potentiometer

Flat spring

Double winch

Figure 16. Draw-wire sensor design.

A two-coil winch drives the potentiometer; a flat spring retracts a wire attached to
the winch. When we pull the wire, the spring retracts it. The value of each turn is from
the nominal value of the potentiometer, Rn = 2.2 kΩ, divided into ten turns, that is 220 Ω

per turn. The diameter is D = 3.8 cm, the spring could be compressed in four turns. The
maximal length is as follows:

lmax = 4 ·D · π (58)

Which is 47.75 cm approximately, this value is greater than lmax for all groups of
movements.
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2.2.2. Mechanical Parts

The attachment on the calf has a size according to the simulation. We use the mesh
model of a leg to guide the shape of the calf support, as in Figure 17a. We also scale and
divide this structure into seven parts for 3D printing. An aluminum tube is the support
structure, as in Figure 17b, and a neoprene band attaches the shank to the support with
Velcro fabric.

Electronics

Threaded rod

Aluminum tube

Nuts & washers

Textile cord

Sensor plate

(a)

T joints

ElbowThreaded rod

holes

(b)

Figure 17. Mechanical attachment: (a) calf support and (b) aluminum tube structure.

All the DWS modules are in a plate, the A module has three DWS, B and C modules
has two DWS, as in Figure 18a. The design of the foot attachment is from standard
measurements to adjust the foot’s length and width, as in Figure 18b.

Sensors base
DWS module A

DWS module B

DWS module C

(a)

Heel Width adjust

Length adjust
platform support

DWS ends

Shoelaces

(b)

Figure 18. Base and platform: (a) DWS modules support (b) platform with foot’s size adjustment.

2.2.3. Electronics

Two operational amplifiers in instrumentation configuration are the base block of the
acquisition system, as Figure 19 shows. We employ the KiCad software for the circuit design.

Figure 19. Two Op. Amp. instrumentation amplifier.
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The voltage gain in the instrumentation amplifier is:

Av =
vo

vi
=

[
1 =

R2

R1
+

2R2

R1

]
, (59)

By selecting R2 = 100 kΩ, R1 = 1 kΩ, and RG = 5 kΩ, the voltage gain is 141. With
34 mV as voltage input, we get:

vo = Av · vi = 4.794 V (60)

The final acquisition circuit has seven instrumentation amplifiers, with bias and gain
trimmers for calibration. We design the printed board circuit as an ™Arduino Mega
2560 Shield, and assemble the components to the board by throw-hole soldering. We
feed the circuits with a power system with two 18650 Li-Ion batteries in series, a backup
pack, a Battery Management System (BMS); a 5V buck and a 12V boost converters. The
Figure 20 shows the schematics. Finally, we add connectors for the MPU, OLED, and
Bluetooth modules.

Figure 20. Power system with backup, BMS, boost, and buck converters.

2.2.4. Electronics Casing

We export the KiCad printed circuit design to FreeCAD StepUp to design the case
containing all the components, focusing on a compact configuration design. The two main
electronic components are the Arduino Mega 2560 and the Orange Pi One single board
computer. We place the components, such as the Dual Pole Dual Throw (DPDT) toggle
switches, symmetrically on the box sides. Figure 21 shows the main sides and the final
assembly of the electronics case.
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DPDT 

switch

Air input

OLED display DC power jack

SBC ports

Single Board Computer Acquisition board

Figure 21. Modular electronics casing.

Each box has attached components to optimize the space. We test every component,
and then install the support structure.

2.2.5. Final Mechanical Assembly

The prototype consist of 45 3D printed parts, the union of main components is by an
8 mm steel threaded rod. The sub-assemblies uses M3 bolts and nuts. Figure 22 shows the
assembly CAD.

Initial position

reference

Aluminum structure

Electronics

Leg 

attachment

DWS modules

 support

DWS module

Platform

Foot adjust

Figure 22. Complete prototype.
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2.2.6. Calibration and Validation Software

Calibration is with the Arduino board connected to the PC, running a calibration
program in processing. The basic program reads the IMU measurements and captures
readings from the draw-wire sensors through the ADC inputs. The raw data are integer
values with signs 2 bytes wide, the two 1-byte registers converted to 2-byte integers. An
exponentially weighted moving average (EWMA) algorithm filters the raw signals and
sends them to the PC via a serial port. The lengths computed are from the initial values
plus the scaled sensor inputs with:

liMj = diMj +
miMj

siMj
, (61)

here, liMj is the length in cm from the i wire to the j module, diMj is the initial distance,
miMj is the measured digital value, and siM is the scale factor in digital units per cm.

We present a rendered image with a scaled 175 cm model in Figure 23.

Platform

Base

Draw-wire sensors

Inertial sensor

Electronics

Figure 23. Rendered image with a 175 cm height patient.

3. Results

We organize this section as follows: first, we show the simulation; second, the final
prototype; third, the trilateration and axis orientation; and finally, an ankle manifold
representation.

3.1. Simulation Results

In this subsection, we use different values from Table 1 to estimate the work-space
and range of motion. First, we show the variation of mean value results, and second the
platform position simulation by changing the range of movement and angles.

Changing Statistical Mean Values

Figure 24a shows the complete manifold, taking into account the intervals
θ1, θ2 ∈ [−180◦, 180◦). It also shows the platform’s initial position, the TC axis refer-
ence, the initial ST reference, the initial orientation, and a parametric trajectory with equal
angle rate variation. In Figure 24b is the attaching point A simulation; Figure 24c,d depicts
the simulations of B and C, respectively.
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(a) (b)

(c) (d)

Figure 24. Simulation of all points: (a) platform’s central point, (b) attachment a, (c) attachment b,
and (d) attachment c.

In Figure 25a we show the platform’ central point simulation with variations of 10%
below the statistical mean values; Figure 25b shows the simulation changing 10% over the
statistical mean values; Figure 26a is the attaching point A simulation adding the 10% mean
values; and Figure 26b subtracts 10% of the mean values. Figure 27a,b are the results for the
platform attaching point B. We show the results for the attaching point C in Figure 28a,b.
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(a) (b)

Figure 25. Simulation of the platform central point with variations in the mean statistical values:
(a) 10% below, and (b) 10% over.

(a) (b)

Figure 26. Simulation of the platform’s attaching point A: (a) mean values plus 10%, (b) mean values
minus 10%.
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(a) (b)

Figure 27. Attaching point B simulation: (a) adding 10% to the statistic mean values, (b) subtracting 10%.

(a) (b)

Figure 28. Simulation results for C: (a) mean values plus 10%, (b) mean values minus 10%.

Finally, by changing the range of maximum and minimum angles, an example of the
interactive simulation is in Figure 29a,b. We capture the view of the sliders and also show
the simulation rendering result.
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Minimum and maximum angle sliders

Angle values sliders

(a) (b)

Figure 29. Interactive simulation example: (a) sliders, (b) rendering.

3.2. Final Prototype

In this section, we describe the results of the TM design, which are the assembled
device and calibration. We try several designs and finally the CAD model is in [44]. First,
we show images of the connected electronics parts. Second, we assemble the structure
and perform calibrations. Third, we probe the device in a healthy patient to validate the
prototype adaptability. We print the structural parts using ABS and the draw-wire sensor
using PLA; PETG is in the supports and the case.

3.2.1. Printed and Connected Electronics

We place the electronics in each side. In Figure 30, the connections and box sides and
charge of the batteries.

Figure 30. Connections and electronics.

3.2.2. Printed and Assembled Structure

We assemble all structural components carefully, putting them together with stainless-
steel threaded rods; then we place the draw-wire sensors, the acquisition board, connections,
and final structure for calibration. Figure 31 shows the assembly.

Figure 31. Assembled structure.

3.2.3. Calibration Results

We calibrate the system by using a personal computer. The resulting calibration,
and measures of the lengths, are in Figure 32. The lecture is at the initial position, then
we compare with the SolidWorks® model measurements and the Vernier caliper real
measurements for each DWS. The Table 2 shows the calibration results.
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Figure 32. Processing calibration interface.

Table 2. Calibration results with digital measurements and real measurements.

Measurements l1M1 l2M1 l3M1 l1M2 l2M2 l1M3 l2M3

BCD value 239 330 246 265 177 252 242
Vernier Caliper, cm 8.0 cm 5.3 cm 6.9 cm 13.0 cm 8.4 cm 7.8 cm 11.5 cm

Figure 33a shows the length with a SolidWorks® Measurement tool for module A,
sensor 1; the lecture for sensor 2 is in Figure 33b. In Figure 33c, is the sensor 3 length.
Table 3 shows the error measured in the real prototype and in SolidWorks®.

(a) (b) (c)

Figure 33. Measuring in SolidWorks (2017–2018 Student Edition, Dassault Systèmes, Vélizy-
Villacoublay, France)®: (a) sensor 1, (b) sensor 2, (c) sensor 3.
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Table 3. Error compared with SolidWorks® measurements.

Measurements l1M1 l2M1 l3M1

Measured distance 7.622 cm 5.33 cm 6.384 cm
Error in cm 0.38 cm −0.030 cm 0.52 cm

3.3. Trilateration Results

In this section, we use the measurements from the sensors to compute trilateration,
then we compare them with the simulation results. The foot and shank fit in the adjustable
platform and support structure, respectively, as is shown in the initial procedure in Fig-
ure 13. By introducing the DWS lengths to the virtual model, we compute the A, B and C
coordinates in four consecutive positions. In the Table 4 are the seven sensors lenghts, and
in the Table 5, we show the A, B and C coordinates for the four positions. The resulting
figures for the first two positions are in Figure 34a,b, and for the latest two positions in
Figure 35a,b. We show the base triangles, the points, the sensors, the platform and the
circles on the base.

Table 4. Sensor measurements in four different positions.

Positions l1M1 l2M1 l3M1 l1M2 l2M2 l1M3 l2M3

Pos1., cm 11.0 cm 12.6 cm 12.5 cm 14.8 cm 10.8 cm 15.2 cm 11.9 cm
Pos2., cm 10.2 cm 11.7 cm 11.6 cm 15.2 cm 11.3 cm 15.5 cm 12.2 cm
Pos3., cm 9.40 cm 10.8 cm 10.8 cm 15.6 cm 11.7 cm 15.8 cm 12.5 cm
Pos4., cm 8.56 cm 9.89 cm 9.95 cm 16.0 cm 12.2 cm 16.0 cm 12.7 cm

Table 5. A, B and C coordinates computed from the four positions.

Positions A B C

Pos1., cm (−11.7, −1.06, −11.0) cm (6.11, −9.77, −8.76) cm (5.54, 8.81, −9.35) cm
Pos2., cm (−12.1, −0.93, −10.2) cm (5.62, −9.92, −9.37) cm (4.83, 9.46, −10.1) cm
Pos3., cm (−12.4, −0.65, −9.39) cm (5.27, −9.79, −9.68) cm (4.94, 9.03, −10.2) cm
Pos4., cm (−12.7, −0.48, −8.53) cm (4.68, −10.0, −10.3) cm (3.54, 10.7, −11.1) cm

A

CB

(a)

A

CB

(b)

Figure 34. First two trilateration results: (a) position 1, (b) position 2.
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A

CB

(a)

A

CB

(b)

Figure 35. Latest two trilateration results: (a) position 3, (b) position 4.

3.4. TC Axis Circle Fitting

The results of circle fitting for trajectories A, B, and C are in Table 6, corresponding to
ankle joint plantar/dorsiflexion movements. We show the circle fitting for trajectories A, B,
C, and PM in the Figure 36a–d.
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B0

C0
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(a)
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(b)
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N1
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PO

A0

B0

C0

PM0

(c)

M1

M2

N1

N2

PO

A0
B0

C0

PM0

(d)

Figure 36. TC axis circle fitting: (a) trajectory A, (b) trajectory B, (c) trajectory C, (d) trajectory PM.
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Table 6. TC axis circle fitting.

Trajectory Center Direction Radius

A (0.08649, 2.138, −6.712) cm (−0.089, −0.95, 0.31) 7.666
B (0.5713, 5.531, −7.824) cm (−0.089, −0.95, 0.31) 5.246 cm
C (−0.2442, −2.669, −5.315) cm (−0.089, −0.95, 0.31) 7.206 cm

PM (0.1552, 1.642, −6.683) cm (−0.089, −0.95, 0.31) 5.375 cm

3.5. ST Axis Circle Fitting

The results of ST circle fitting for trajectories A, B, C, and PM are in Table 7, corre-
sponding to ankle joint inversion movements. We show the circle fitting for trajectories A,
B, C, and PM in the Figure 37a–d.

Table 7. ST axis circle fitting.

Trajectory Center Direction Radius

A (4.444, 1.825, −9.008) cm (−0.75, −0.28, 0.60) 2.428 cm
B (1.757, 0.6768, −6.925) cm (−0.75, −0.28, 0.60) 6.567 cm
C (0.1578, 0.1819, −5.807) cm ((−0.75, −0.28, 0.60) 6.935 cm

PM (2.087, 0.8882, −7.281) cm (−0.75, −0.28, 0.60) 3.875
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Figure 37. ST axis circle fitting: (a) trajectory A, (b) trajectory B, (c) trajectory C, (d) trajectory PM.

3.6. Ankle Manifold Representation

In this section, we show the results in the software SageMath Manifolds. We load the
model and visualize it as a manifold, we show the axis and the sagittal plane intersection.
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With the model parameters loaded, r1, r2, ω1, ω2, and the origin established in the center of
the base modules. We apply the equation:

r̂1 = c0 + n̂p · d (62)

where c0 is the median center computed from trajectories A, B, and C center fitting, and n̂p

is the median planes’ normal vectors containing the circles. Table 8 shows values for the TC
axis in the PM chart. In Table 9, we show the Plucker coordinates for the TC and ST axes.

Finally, Figure 38a shows the ankle manifold, and Figure 38b, the chart representing
the range of movement and angle coordinates.

Table 8. Axis estimation data.

Axis Median Center Median Normal r ω

TC (1.92, 0.783, −7.10) cm (−0.750, −0.280, 0.600) (−0.174, 0.000, −5.43) cm (−0.750, −0.280, 0.600)
ST (0.121, 1.89, −6.70) cm (−0.0890, −0.950, 0.310) (−0.0562, 0.000, −6.08) cm (−0.0890, −0.950, 0.310)

Table 9. Plucker line coordinates.

Axis Plucker Line Coordinates

TC [−0.750 : −0.280 : 0.600: −1.52: 4.17: 0.0487]
ST [−0.0890: −0.950: 0.310: −5.78: 0.559: 0.0534]

Chart

r2

r1

Manifold

(a)

Chart

r1

r2

Curve

(b)

Figure 38. Ankle joint manifold. (a) Manifold for PM, (b) chart with ankle axis coordinates.

4. Discussion

In this work, we addressed the human ankle joint model from an alternative approach.
We used statistical measurements for the development of a new device, specially designed
to capture the human ankle joint movements. In animal joints, it is difficult to place
encoders and linear sensors to measure the range of movement of complex joints in each
internal living tissue reference frame. The product of exponential formulas uses only
two frames, and it is useful in this case. Furthermore, in our work, we used a trilateration
method for finding the device’s platform position, which is an analytic method. Therefore
we avoid numerical approximations that can diverge and reduce rounding errors. We
proposed the ankle joint model as a Riemannian manifold. We can define a chart as a subset
of such a manifold with angle coordinates for measuring the range of movement. Our
presented device is lightweight, non-invasive, and can be used in remote places, on beds, or
on the floor. By characterizing the ankle parameters, we can conduct symmetry studies by
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correlating the left and right ankle joints. We can enhance the device configuration in future
versions by replacing the draw-wire sensors used from potentiometers to digital encoders
connected by a CAN bus, reducing wiring, space, weight, and energy consumption. We
will use the model for the synthesis and reconfiguration of an ankle parallel rehabilitation
robot, programmed by symmetrical movements at the opposite ankle. By employing the
axis location and the screw theory, forces, and torques, we will study the ankle dynamics by
using reciprocal screws to the axis location in a re-configurable platform. The robot will be
lightweight because of the use of cable-driven actuators, inspired by antagonistic muscles
that work with reciprocal inhibition for energy optimization. The robot will reconfigure the
structure, considering the ankle joint as a central mast, and referenced it with MMP and
MLP markers.

Figure 39 shows a schematic of the re-configurable approach.

ST Joint
TC Joint

Re-configurable distance

Reciprocal screws

Cable-driven

Actuator

Ankle Joint

Figure 39. Re-configurable cable-driven robot concept.

Other applications are, for example, by visualizing the platform trajectories one can
explain how the calcaneal Achilles insertion is near to the platform’s A point. The platform’s
normal vector changes abruptly near this region, as was depicted in Figures 24b and 26a,b.
Furthermore, Riemannian models have different properties. We will explore diagnosis and
treatments based on the model and metrics by employing machine learning algorithms.
This approach can be applied to other joints in humans and other animals, by designing
specialized re-configurable hardware and software. Tracking the parameters in different
ages and weight conditions, and comparing the ankle models in healthy and injured people.

5. Conclusions

Computer tomography (CT) and magnetic resonance (MR) images have greater pre-
cision and accuracy. Measurements in medical imaging will help us compare the errors
(RMS) in the HAJ. In biomechanics, we have not found an ideal model for error compar-
ison. Then, we will compare the error with an accurate measurement. The device has
limitations regarding mechanical precision and deformation of its parts. We face up to
the error through the electronic design system. The calibration process is imperative for
enhancing accuracy.

The calibration process is human-dependent. We read the digital measurement and
compare it with caliper measurements directly in the sensor. Then, we register the data in a
table to find the equivalence. An electronic board with trimmers avoids saturation, bias,
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and calibration; a 10 bit ADC and an exponentially weighted moving average (EWMA)
filter the noise signals. We have implemented a processing (Software) calibration interface.
We avoid adding more specific technical data, such as CMRR, ADC speed, mechanical
tolerance, and other issues inherent to the measuring devices.

Digital sensors, communications, and POE function fitting use machine learning
techniques.

The ankle is the most commonly injured joint of the lower limb, fundamental to the
human body’s balance; it is necessary to measure the range of motion by in vivo methods
for patients in lying positions in reduced or remote places. The device’s development
considers ankle anatomy and anthropometry. We propose a Riemannian manifold model
based on the device’s data readings. Performing simulations enabled us to design the size
of the device and the maximal length of the wires. We present a trilateration algorithm,
projecting the tetrahedron’s sides on the base plane. The sensors are modular and part of
the device’s lightweight and portable structure. The electronic system is modular, replaced
by other single-board computers (SBC) and microcontroller unities. We will also use
the TM for ankle characterization and diagnosis for rehabilitation robotics, prosthesis,
and orthosis design. The prototype is not a finished product (the TRL is 2). The work’s
scope is to validate the use of a modern alternative biomechanic representation of the
human ankle joint. It is a platform for testing an alternative trilateration method that
employs draw-wire sensors (DWS). Such sensors have a constant tension, coiled on a drum
attached to a potentiometer, and a flat spiral spring. We also attempted to develop a flexible
device design for several foot sizes. We are working on a newer device version with an
enhanced attachment system, a more compact design, and digital DWS compatible with a
configurable robot. Machine learning and edge computing will assist in disease diagnosis
and rehabilitation of patients.
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Abstract: Gait disturbances are common manifestations of Parkinson’s disease (PD), with unmet
therapeutic needs. Inertial measurement units (IMUs) are capable of monitoring gait, but they lack
neurophysiological information that may be crucial for studying gait disturbances in these patients.
Here, we present a machine learning approach to approximate IMU angular velocity profiles and
subsequently gait events using electromyographic (EMG) channels during overground walking
in patients with PD. We recorded six parkinsonian patients while they walked for at least three
minutes. Patient-agnostic regression models were trained on temporally embedded EMG time
series of different combinations of up to five leg muscles bilaterally (i.e., tibialis anterior, soleus,
gastrocnemius medialis, gastrocnemius lateralis, and vastus lateralis). Gait events could be detected
with high temporal precision (median displacement of <50 ms), low numbers of missed events
(<2%), and next to no false-positive event detections (<0.1%). Swing and stance phases could thus
be determined with high fidelity (median F1-score of ~0.9). Interestingly, the best performance
was obtained using as few as two EMG probes placed on the left and right vastus lateralis. Our
results demonstrate the practical utility of the proposed EMG-based system for gait event prediction,
which allows the simultaneous acquisition of an electromyographic signal to be performed. This gait
analysis approach has the potential to make additional measurement devices such as IMUs and force
plates less essential, thereby reducing financial and preparation overheads and discomfort factors in
gait studies.

Keywords: electromyography; inertial measurement units; gait-phase prediction; machine learning;
Parkinson’s disease

1. Introduction

Gait and balance disturbances are common and important clinical manifestations of
Parkinson’s disease (PD), leading to mobility impairment and falls [1]. Current treatments
(pharmacological and deep brain stimulation (DBS)) provide only partial benefits in gait
derangements in PD, with a wide variability in outcomes [2–5].

Despite detailed testing, specific factors that are critical to predicting locomotor dete-
rioration in PD remain elusive [6–9]. Beside subtle onset and clinical heterogeneity [10],
technical limitations have hampered the timely and direct recording of supraspinal loco-
motor derangements in these patients. Only recently have advances in portable electroen-
cephalography systems [11,12] and new DBS devices capable of on-demand recording
using chronically implanted electrodes (e.g., Activa PC+S and Percept PC (Medtronic PLC)
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or AlphaDBS (Newronika Srl)) [13–15] enabled the recording of ongoing brain activity
during actual gait in PD to be performed [16–18].

The precise assessment of gait dynamics should account for its context dependency.
New study setups employing fully immersive virtual reality (VR) or augmented reality
allow gait assessment (with optoelectronic systems, force plates, etc.) to be conducted in
environments that deliver patient-specific triggers of gait impairment (e.g., [19]). These
setups could facilitate the identification of biomarkers for the fine-tuning of therapy delivery,
e.g., adaptive DBS programming and so-called VR Exposure Therapy [20].

An open challenge is the continuous monitoring of gait parameters in laboratory
as well as real-world environments. Technically, parameters such as the timings of heel
strike and toe-off events, which define swing and stance phases and provide valuable
information about cadence patterns, etc., can be assessed with optoelectronic systems and
force plates. Both systems, however, are expensive, require qualified personnel, and do
not offer monitoring in ecological settings. Video-based analyses of gait have also been
proposed [21], although it is unclear whether these could reach the required precision to
identify individual events within a gait cycle, especially for clinical applications and in
ecological settings. Wearable motion sensors such as inertial measurement units (IMUs) are
another viable option to capture gait events in natural environments with high temporal
accuracy [22,23]. However, they do not contain further neurophysiological information
that may be crucial to understanding and predicting gait derangements [24]. Surface elec-
tromyography (EMG) provides the missing link between neural signals and kinematics that
makes the comprehensive characterization of pathological gait possible. EMG measure-
ments have been used to predict lower-limb motion in advance [25,26] for real-time control
of a prosthesis [27–29] or adaptive DBS devices [16–18,25,26,30,31]. EMG profiles of the gait
cycle have also been shown to anticipate specific gait derangements in PD, such as freezing
of gait [32], a sudden episodic inability to produce effective stepping despite the intention
to walk. The combined use of IMU and EMG signals would make the description of the
motor actions and intentions underlying gait kinematic features and alterations possible.

However, some practical limitations should be considered when applying additional
sensors on severely ill patients, especially when performing recordings after suspension of
medications. For example, in patients with PD, the overnight suspension of dopaminergic
drugs is fundamental to evoke and study PD-related symptoms but greatly reduces the
time window available for experimental recordings. Limiting the preparation period by
limiting the number of sensors may help considerably in this regard. In addition, an
excessive number of sensors may alter the natural behavior of subjects, undermining the
advantages of working in ecological environments. Another crucial aspect is the cost
of multiple sets of sensors. Considering that probes comprising both IMUs and EMG
are generally more expensive than standalone solutions, the need for IMUs and EMG
in the fine-grained evaluation of gait may be a limiting factor for many laboratories and
applications in clinical routine. The use of multiple devices may also not be practical in
clinical routine, as synchronization or different recording software may be needed.

Considering this, the development of novel technologies that can extract multiple
types of signals from the same set of sensors is highly desirable. While the same kinematics
can be produced by different muscular patterns, lower-limb kinematics can be inferred
using analysis of EMG [33]. The idea of detecting gait events directly using EMG signals,
circumventing additional IMUs or force plates, is gaining traction [34–38]. Ziegier and
colleagues [38] reported high accuracy in classifying stance and swing phases during
human gait based on EMG recordings. They first extracted a weighted signal difference
that exploits the difference in EMG activity between corresponding muscles of the two
legs and then trained a support vector machine to classify the gait phases. Using a deep
learning approach, Morbidoni and colleagues [35] were also able to classify stance and
swing phases and predict foot–floor contacts under natural walking conditions in healthy
subjects. Other studies showed similar results in learned and unlearned subjects [37], and
using intra-subject training only [34]. This would not only simplify future recording setups
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but also permit the re-analysis of EMG datasets recorded without IMUs or in cases of data
loss due to technical problems with the IMU to be performed. This second scenario is
particularly problematic when recordings cannot be repeated due to the patient’s clinical
condition. Additionally, the extraction and prediction of gait events using lower-limb EMG
activity is of fundamental importance for the development of an EMG-driven prosthesis,
where predicting the subsequent gait phase using muscular signals increases prosthesis
efficiency and responsiveness [33].

Previous approaches aimed to predict discrete gait events (i.e., heel contact and toe-
off), and little attention has been paid to reconstructing the time course of the relevant
kinematic variables. Brantley and colleagues were able to predict knee and ankle kinematics,
but with varying accuracy across trials and the subjects included [33]. In addition, most
previous studies focused on treadmill walking, which may not capture the variability of
ground walking [36–38]. Lastly, we are not aware of any approach that has been tested on
unmedicated PD patients during long periods of continuous walking.

In the present study, we explore the possibility of identifying fundamental gait events
from surface EMG in parkinsonian patients using a machine learning approach. Compared
with previous studies, we did not frame the problem as one of detection (i.e., to identify the
timings of a fixed set of events) or classification (i.e., to segment the data into contiguous gait
phases). Instead, we used an innovative regression approach to approximate continuous
angular velocity profiles as measured by IMUs. We consider this approach strictly more
powerful and flexible than previous approaches, as access to the predicted IMU time series
allows us not only to extract predetermined types of gait events but also biomechanical
quantities such as joint angular velocity and further parameters on which our model has
not been trained. Our study is further set apart from published work in that we focused
on a clinical cohort rather than healthy participants. To our knowledge, our study is the
first to demonstrate the feasibility of accurate gait parameter estimation using EMG in
such a population. Remarkably, our approach accounts for the substantial across-patient
variability observed in gait patterns of clinical populations, allowing it to be applied
without any patient-specific calibration.

2. Materials and Methods
2.1. Participants

We recruited six patients with idiopathic PD according to the UK Brain Bank criteria
who did not suffer from any other disease, including cognitive decline (i.e., Mini-Mental
State Examination score of >27), vestibular disorders, and orthopedic impairments, that
could interfere with walking. An additional inclusion criterion for this preliminary study
was the ability of the patient to walk continuously and without assistance for at least
three minutes. Disease severity was evaluated using MDS-Unified Parkinson’s Disease
Rating Scale motor part (UPDRS-III), and the stage of the disease was evaluated using the
Hoehn and Yahr (H&Y) scale. Using items 3.15–3.17 of UPDRS-III (hands and feet), a sum
rest tremor sub-score was created for the right and left sides separately. Similarly, a sum
bradykinesia-rigidity score (items 3.3–3.8) was obtained for each side.

Demographic and clinical features are listed in Table 1. The study was approved by the
Ethics Committee of University of Würzburg and conformed to the declaration of Helsinki.
All patients gave their written informed consent to participate.

2.2. Experimental Setup and Procedure

Patients were investigated in a practical medication-off state, i.e., on the morning after
overnight withdrawal (>12 h) of all dopaminergic drugs (meds-off). Kinematic data were
recorded using two IMUs (Opal, APDM), at a sampling rate of 128 Hz, placed bilaterally on
the outer anklebones. Each sensor was placed with its vertical axis aligned with the tibial
anatomic axis. Surface leg muscle activity as measured by 10 EMG probes (FREEEMG 1000,
BTS) was recorded bilaterally on tibialis anterior (Ta), soleus (S), gastrocnemius medialis
(Gm), gastrocnemius lateralis (Gl), and vastus lateralis (Vl) at a sampling rate of 1000 Hz.
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Two transistor–transistor logic signals (TTL) were provided at the beginning and end of
each trial to both EMG and IMU devices to make data synchronization possible. Patients
started walking barefoot after a verbal signal at their self-selected speed along a large
ellipsoidal path of about 60 m in length (Figure 1). We recorded between three and six trials
(243 ± 71 s in duration) of unperturbed, steady-state, overground walking according to the
clinical condition of each subject. Overall, 26 walking trials with a total duration of 105 min
were obtained.

Table 1. Demographic and clinical features. Meds-off: practical medication-off state, i.e., overnight
withdrawal (>12 h) of all dopaminergic drugs. Meds-on: medication-on state 30–60 min af-
ter receiving 1 to 1.5 times the levodopa-equivalent of the morning dose. UPDRS-III is pre-
sented as total score/tremor sub-score left/tremor sub-score right/bradykinesia-rigidity sub-score
left/bradykinesia-rigidity sub-score right. Abbreviations: Hoehn and Yahr stage (H&Y); Levodopa
equivalent daily dose (LEDD); Unified Parkinson’s Disease Rating Scale motor part (UPDRS-III).

Gender Age, Years
Age

at Onset, Years
LEDD, mg

UPDRS-III
Meds-off

UPDRS-III
Meds-on

H&Y

WP1 M 46 36 1167 50/2/4/14/11 15/1/0/3/4 3

WP2 M 57 50 900 28/3/7/4/9 5/0/0/0/4 2

WP3 F 59 52 362 18/2/0/2/8 11/1/0/1/7 1

WP4 F 55 49 640 9/0/0/6/2 5/0/0/4/1 1

WP5 M 61 51 610 12/0/0/2/8 5/0/0/0/4 2

WP6 M 65 58 610 30/0/1/5/13 21/0/0/2/8 2

−

Figure 1. Top-view scheme of the experimental setup, with a patient depicted at the starting position
of the circuit. Patients were asked to continuously walk along an elliptical circuit of approximately
60 m around the workstation. The inner boundary of the circuit was marked with four objects at its
corners (gray dots). A clinician was close to the patient during all recordings.
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2.3. Selection of EMG Channels

We focused on the muscles of the lower leg, which are highly involved during the gait
cycle. Ta and S are distal monoarticular muscles with distinct and synergistic contributions
to human gait [39]. According to [40], they are the most active muscles during gait and
display the lowest inter-subject variability. We, therefore, hypothesized that models based
on bilateral pairs of these muscles may be particularly suitable and potentially sufficient
for predicting gait-related angular velocity profiles. The gastrocnemius muscle (biarticular)
was added for a comprehensive evaluation of the triceps surae. Note that since medial and
lateral gastrocnemii fulfill somewhat independent roles [41,42], both were added. Given
the knee flexor activity of the gastrocnemius muscle, we then positioned the last available
probe on the Vl, a major (monoarticular) knee extensor muscle.

Models based on different muscle combinations were compared to the model including
all five pairs of muscles. We were interested in identifying minimal subsets of EMG probes
that would make accurate IMU reconstruction possible. Thus, we further exhaustively
tested all possible 25 − 1 = 31 sets containing between one and five pairs of distinct muscles.
Note that all considered models included either none or both the left and right EMG signals
for each studied muscle. Thus, all models comprised an even number of muscles between
two and ten.

2.4. Data Preprocessing

Figure 2 depicts a summary of data preprocessing (green box). EMG data were
bandpass-filtered, rectified, and down-sampled to 200 Hz. IMU traces were up-sampled
to 200 Hz using nearest-neighbor interpolation. IMU and EMG data were aligned to the
rising edge of the first TTL signal for synchronization. A number of preprocessing steps
were devised to facilitate the prediction of angular velocity traces from EMG data. To
smooth out local extrema occurring due to noise, IMU data were processed with a moving-
median filter with a 100 ms window length, followed by a moving-mean filter with a 40 ms
window length. To achieve a similar degree of smoothness, EMG data were processed with
a moving-median filter with a 200 ms window length, followed by a moving-mean filter
with a 40 ms window length. All moving filters were centered. As a simple high-pass filter,
the minimum in a moving window of 10 s in length was subtracted from the EMG data. To
standardize scales across patients, EMG activation time courses were further normalized
by subtracting the 1st percentile and dividing by the 95th percentile. Percentiles were
estimated separately for each recording. Each recording was cropped to the exact on- and
offsets of the walking period.

2.5. Extraction of Biomechanical Parameters

Swing peak velocity (SWP), heel contact (HC), and toe-off (TO) events were extracted
from the angular velocity profiles measured with respect to the medio-lateral axis by the
IMUs (see [43,44] for an extensive description of gait event detection using IMU data).
This was performed separately for the left and right IMU sensors as follows: First, SWP
events were identified as local maxima with at least 150◦/s peak height and 0.7 s inter-peak
distance. Two consecutive SWP events defined one gait cycle. Next, local minima within
each cycle were used to define the corresponding HC and TO events. The HC event was
defined as the earliest local minimum occurring in the sub-interval between 10% and 45% of
the cycle. If no local minimum could be found, the global minimum within that sub-interval
was used. Similarly, the TO events were defined as the latest local minimum occurring in
the sub-interval between 55% and 90% of the cycle. Again, if no local minimum could be
found, the global minimum within that sub-interval was used. At random, events extracted
by the described algorithm were checked by an expert (C.P.) and were in agreement with
manual determination based on the same IMU data. The procedure was used to define
“ground-truth” gait events from recorded IMU data, as well as approximate event timings
derived from reconstructed angular velocity time series based on EMG activity (see below;
Figure 2, yellow and blue boxes).
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Figure 2. Schematic representation of data analysis. Thirty-one regression models corresponding to
all possible muscle combinations were built and evaluated. Each model was trained on all patient
data except for one, left out for the testing phase (Ntrain = 5, Ntest = 1; pink box).

2.6. Prediction of Angular Velocity Profiles Using EMG

We used multiple linear regression to approximate the angular velocity with respect
to the medio-lateral axis of the left and right ankle using the combined activation traces of
multiple muscles within a window around the prediction point. The regression coefficients
were fitted to minimize the mean-squared error between measured and approximated
IMU traces on training data, consisting of pairs of IMU and EMG activity traces. To enable
the prediction model to utilize the temporal dynamics of the EMG channels around the
prediction time point, the temporal embedding of the EMG time series was performed. To
this end, each selected EMG channel was complemented by temporally shifted versions
x̃m(t) = [xm(t + τ1), . . . , xm(t + τK)]

T , m = 1, . . . , M, where xm(t + τ) is the activity
of the m-th EMG sensor at time t + τ. Here, we used K = 21 equally spaced shifts,
ranging from τ1 = −500 ms to τ21 = +500 ms in steps of 50 ms. Thus, the prediction of
the IMU signals at time t was based on EMG information within a window around t of
one second in length. The relation between the embedded signal of all M EMG sensors,
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x̃(t) = [x̃1(t), . . . , x̃M(t), 1]T (including an offset term), and angular velocity y(t) (either
at the left or right ankle) was assumed to be linear according to the model y(t) = βT x̃(t).

The (K·M + 1)-dimensional coefficient vector βOLS =
(

X̃X̃
T
)−1

X̃yT was estimated using

ordinary least-squares (OLS) regression, where X̃ = [x̃(1), . . . , x̃(T)], y = [y(1), . . . , y(T)],
and T denotes the number of available paired measurements of EMG and IMU activity
in the training set. Using the fitted model, EMG-based IMU predictions were obtained as
ŷ(t) = βOLST x̃(t).

2.7. Performance Analysis

Models were evaluated exclusively on hold-out data using leave-one-patient-out cross-
validation (Figure 2, pink and red boxes). Models were fitted on the concatenated trials of all
but one patient (training data) and were evaluated on all trials of the held-out (test) patient,
where each patient served as the hold-out patient once. This evaluation scheme provided
unbiased assessment of prediction performance. Model predictions ŷ(t) = βT x̃∗(t) were
obtained by multiplying coefficient vector β estimated using the training data to embedded
EMG data x̃∗(t) from each trial of the test patient.

Predicted and ground-truth data were compared on a per-trial and leg basis using the
Pearson correlation coefficient (r). Gait events (SWP, HC, and TO) were extracted from the
predicted IMU time series as described in Section 2.5. Separately for each leg, ground-truth
and predicted HC and TO events were used to divide each trial into alternating segments
representing the swing and stance phases of the gait cycle. The resulting binary time series
were compared using the F1-score (see also [34]). In addition, the absolute displacement
between matching true and predicted events was measured. Matching events were defined
as those being <600 ms apart from each other. Predicted events lacking a matching ground-
truth counterpart were counted as false detections. The false discovery rate (FDR) was
defined per event type as the number of false detections divided by the number of total
event detections. Conversely, true events lacking matching prediction were counted as
false negatives (misses). The false-negative rate (FNR) for each event type was defined as
the number of missed events divided by the total number of true events.

3. Results

Ninety-three minutes of gait activity and 5253 full gait cycles were analyzed across the
six patients. The median gait cycle duration ranged from 1045 to 1140 ms, corresponding
to cadences between 51 and 59 cycles per minute (see Table 2). The gait cycle duration
variability was measured as the median absolute deviation from the median duration and
ranged from 10 to 30 ms.

Figure 3 illustrates the average activation patterns of individual muscles (measured
by means of EMG) relative to the angular velocity profiles (measured by the IMUs). The
upper panels show the average IMU and EMG activity across the gait cycles of all patients
as a function of time within a cycle. All ten muscles exhibited stable activation patterns
relative to the individual gait events of both legs. Importantly, due to the stable timing of
the gait cycle in patients with mild PD, the left leg muscles showed precise activation in
well-defined time windows regarding HC and TO events of the left and right leg, and vice
versa. The Vl displayed particularly consistent timings (as indicated by dark red colors)
both for the left and right legs. The lower panels depict cross-correlations (computed
on the concatenated data of all trials) of temporally shifted EMG activity traces relative
to the IMU signal. The same 21 lags were analyzed, ranging from −500 ms to +500 ms
relative to the IMU signal reported above for the machine learning models. Thus, the
depicted correlograms represent the independent linear predictive quality of each of the
10 × 21 = 210 EMG features considered in our models, thereby indicating the influence of
each muscle and delay combination for prediction (see also [45]). The activity profiles of all
ten individual muscles showed substantial positive and negative correlations with the IMU
signal within a window of 1 sec. The highest absolute correlations were observed for the
Vl. Specifically, left Vl activity lagged behind the left IMU trace by 150 ms (r = 0.78) and
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anticipated the right IMU trace by 350 ms (r = 0.76); in contrast, right Vl activity lagged
behind the right IMU trace by 150 ms (r = 0.66) and anticipated the left IMU trace by
350 ms (r = 0.67). All reported cross-correlations were statistically significant (p < 0.05 after
Bonferroni correction).

Figure 3. Relative timings of muscular and kinematic signals. Upper panels show average angular 

−

Figure 3. Relative timings of muscular and kinematic signals. Upper panels show average angular
velocity measured by inertial measurement units (IMUs) and electromyographic (EMG) activity
across all gait cycles of all patients as a function of time within a cycle. Percentages are relative to
the 95th percentile of the raw data. Averages were cropped below 40%. All ten muscles exhibited
stable activation patterns relative to the individual gait events of both legs. Lower panels depict
cross-correlations (computed on the concatenated data of all trials) of temporally shifted EMG activity
relative to the IMU signal. All ten muscles showed substantial absolute correlations with the IMU
signal within a window of 1 sec. The highest correlations (Pearson correlation, r > 0.66) were observed
for Vl activity with delays of 150 ms relative to the same leg or −350 ms relative to the opposing leg.
Abbreviations: left and right gastrocnemius medialis (LGm and RGm) and lateralis (LGl and RGl);
left and right soleus (LS and RS); left and right tibialis anterior (LTa and RTa); left and right vastus
lateralis (LVl and RVl); TO, toe-off.
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Table 2. Gait cycle statistics of individual patients.

Median Gait Cycle
Duration, ms

Cadence,
Cycles/min

Gait Cycle Duration
Variability, ms

WP1 1140 51 30

WP2 1050 57 15

WP3 1045 57 25

WP4 1080 54 30

WP5 1010 59 10

WP6 1095 55 25

Figure 4 shows an example segment of the preprocessed EMG and IMU data of one
patient, the EMG-based predictions of the IMU time courses based on all ten available EMG
probes, and the gait parameters extracted from true and predicted IMU time series. The
EMG time courses of three selected individual muscles (bilateral Ta, S, and Vl) showed the
clear periodic pattern of the gait cycle (bottom row). Out-of-sample predictions based on
temporal embeddings of the activity of ten muscles showed a high correlation with the
true IMU data (top row). Furthermore, gait events extracted from the predicted time series
closely matched those extracted from the original IMU traces (top row). True and predicted
gait phases based on the extracted events were consequently also closely aligned (center
row). Results of similar quality were obtained when predictions were based on the left and
right Vl only (see quantitative evaluation below).

 

Figure 4. Example segment of preprocessed electromyography (EMG) and inertial measurement
units (IMUs); angular velocity at the left and right anklebones (recordings of one patient (P5)), as well
as the EMG-based predictions of the IMU time courses and the gait parameters extracted from true
and predicted IMU time series. Top row: true IMU data and predictions derived from temporally
embedded EMG activity of ten muscles. Predictions were derived from an ordinary least-squares
regression model of fitted data of that had been fitted to data of the other five patients. Gait-related
events (swing peak velocity (SWP), heel contact (HC), and toe-off (TO)) extracted from the predicted
time series closely matched those extracted from the original IMU traces. Center row: True and
predicted gait phases based on the extracted events were closely aligned. Bottom row: EMG time
courses of three selected individual muscles (bilateral soleus, tibialis anterior, and vastus lateralis).

Figure 5 quantitatively summarizes the performance of EMG-based reconstructions of
IMU time courses and gait events. The median (IQR across all 26 trials) Pearson correlation
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between measured and reconstructed IMU time courses, based on all ten muscles, was
r = 0.80 (0.74 to 0.87) for the left ankle and r = 0.85 (0.78 to 0.90) for the right ankle. Using
the left and right Vl, the performance was on par, with r = 0.86 (0.78 to 0.88) for the left
IMU probe and r = 0.83 (0.80 to 0.88) for the right IMU probe. Using the left and right Ta
and S muscles did not lead to competitive performance, with r = 0.47 (0.35 to 0.66) for the
left IMU and r = 0.55 (0.46 to 0.66) for the right IMU. Importantly, the combination of left
and right Vl was found to be on par with the full model for all the performance metrics,
whereas the combination of S and Ta was competitive in none. For this reason, we restricted
our reporting to the model comprising left and right Vl. With few exceptions, gait events
could be reconstructed with median absolute temporal displacements of <50 ms using IMU
predictions derived from this model. The median (IQR) displacement for SWP was 40 (20
to 60) ms for the left leg and 38 (25 to 60) ms for right leg. For HC events, median temporal
displacements were 35 (25 to 55) ms for the left leg and 45 (30 to 60) ms for the right leg. For
TO events, median displacements were 43 (30 to 100) ms for the left leg and 43 (20 to 95)
ms for the right leg. Segmentations of the recordings into dichotomous gait phases based
on detected HC and TO events were similar for measured and reconstructed IMU data.
Median (IQR) F1-scores were 0.89 (0.87 to 0.93) for the left leg and 0.89 (0.86 to 0.93) for the
right leg.

 

Figure 5. Performance of electromyography (EMG)-based reconstructions of inertial measurement
unit (IMU) time courses and gait events. Lower numbers represent better performance. Top row:
Pearson correlation (r) between measured and reconstructed angular velocity profiles of the left
and right ankles. Second row: Accuracy of the reconstructed dichotomous (swing vs. stance) gait
phases compared with the IMU-based ground truth, as measured by the F1-score. Bottom three
rows: Absolute displacement of three types of events (swing peak velocity, heel contact, and toe-off)
determined using reconstructed rather than measured IMU data. Results are shown separately for
the left and right leg and for the best-performing prediction models utilizing between one and five
pairs of EMG channels. In addition, results of the combination of the left and right soleus and tibialis
anterior are also shown. Bar plots depict median performance across 26 walking trials of six patients
in total, while overlaid whiskers depict first and third quartiles. Abbreviations: gastrocnemius
medialis (Gm); lateralis (Gl); soleus (S); tibialis anterior (Ta); vastus lateralis (Vl).
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Event detection errors were rare and did not occur in most trials. Across all trials,
events were missed in 1.4% (n = 71; left leg) and 1.3% (n = 68; right leg) of cases. Numbers
were nearly identical for all three event types, as HC and TO events were always determined
relative to the two enclosing SWP events (see Section 2.5). False event discoveries were
rare (<0.1% of the total events detected for both legs and all three event types). In absolute
terms, between 2 and 4 out of over 5000 detected events were false discoveries.

4. Discussion

We have demonstrated the feasibility of accurately determining gait events such as
HC and TO, defining the swing and stance phases of the gait cycle, in PD patients using a
single pair of EMG probes placed bilaterally on the Vl muscle. Our proposed method may
have substantial practical benefits in experimental setups in which EMG derivations are
indispensable and where additional equipment for kinematic analysis (e.g., foot switches,
IMUs, or a motion-capturing system) is either unavailable or would introduce undesired
complexity, especially in severely ill patients. Furthermore, robust acquisition of EMG
signals is necessary in experimental and commercial applications to achieve control of
myoelectric interfaces for neuroprosthetics [29], including future adaptive DBS devices [30].

Rather than framing the prediction problem as one of binary classification [34], our
approach consisted of two steps: First, the angular velocity at the left and right anklebones
was predicted using the activity of between two and ten EMG probes. This mapping was
learned a priori from training data for which both EMG and IMU recordings were available.
Using carefully designed data features (temporally embedded, smoothed muscle activation
time courses), a simple linear regression approach was found to be suitable to achieve
sufficient reconstruction performance. Second, predefined rules were used to extract
prominent events and the main phases of the gait cycle. These rules accommodate domain
knowledge about the timing of events relative to each other, which constitutes a substantial
advantage over algorithms that are completely naïve to the underlying data, framing
gait cycle prediction as an abstract classification problem. Importantly, our approach
does not require any calibration involving real IMU data, as models fitted a priori on a
training cohort (e.g., the data reported here) can be readily applied to new patients. Due
to the simplicity of our model, its application amounts to a simple linear filtering of the
appropriately recorded and preprocessed EMG data and does not require any advanced
machine learning software. In addition, our approach of approximating IMU time courses
instead of individual events or categorial segmentation labels offers numerous additional
advantages. These include the direct interpretation of the predicted time courses in terms of
gait mechanics. Potential failure modes of the model (e.g., due to misplaced or noisy EMG
probes) can easily be detected through visual inspection of the predicted time courses. Since
SWP could be accurately detected even using reconstructed angular velocities and HC and
TO were defined relative to SWP, our system achieved low numbers of event-detection
errors and high overall accuracy regarding the determination of gait phases. It is also likely
that our approach could be generalized to the extraction of other biomechanically relevant
parameters of the upper and lower extremities.

Contrary to our prediction, the EMG profiles of the S and Ta muscles were insuffi-
cient to reliably identify major gait cycle events in parkinsonian patients. We based this
hypothesis on the distinctive and synergistic activity of these two monoarticular (i.e., ankle)
muscles during human locomotion. Indeed, normal EMG activity of the plantar flexors
has been reported to mainly occur during the stance phase. In this phase, the triceps surae
restrains the tibial rotation controlling for disequilibrium torque, which is responsible for
propelling the body [46,47]. The ankle dorsi-flexors are instead mainly active during the
swing phase, controlling for sufficient foot clearance, with an additional contribution in
the loading response phase for the lowering of the foot to the ground after HC [48], thus
assisting the forward momentum of the tibia during the heel rocker action at the ankle [49].
These muscles, however, may show large stride-to-stride variability in EMG profiles [48],
especially in patients with PD [50,51]. In particular, a great intra- and inter-subject variabil-
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ity of Ta activity during gait has been described in parkinsonian patients in the meds-off
state [50].

The prediction model did not improve when replacing the S muscle with the Gm or Gl
or by adding this muscle to the S-Ta pair (data not shown). This was unexpected because
while the S muscle may provide less forward propulsion with physiological aging, the
gastrocnemius muscle has been shown to maintain its contribution to initiating swinging
limb movement [52,53], thus possibly allowing kinematic events to be more accurately
detected. Rodriguez and colleagues demonstrated a simplification of modular control of
locomotion in PD with individual muscle contribution of the gastrocnemius, but not the S,
among ankle plantar flexors and the semimembranosus and biceps femoris for knee flexor
musculature [54].

In our study, EMG recordings of the Vl provided the most accurate prediction of
IMU times series and gait events. The action pattern of this muscle during the gait cycle
paralleled the activation of the Ta but was more selectively confined to the HC. This muscle
controls the knee flexion that occurs after HC and ensures knee extension during terminal
swing to prepare for ground contact [49,55].

In principle, there are an infinite number of different combinations of muscle activation
that can be applied to maintain a particular posture or produce a given movement [56].
However, despite the apparent redundancy, four or five component activity patterns may
be distributed to all the muscles that are specifically activated during locomotion; thus,
the activation of each muscle involves a dynamic weighting of these basic patterns [57,58].
Interestingly, Ta, S, and Vl contributed differently to these factors [57,58]. Our results
suggest that characteristic activity patterns of one pair—left and right Vl—are sufficient for
the proper detection of gait events in patients with PD (H&Y: I–III).

Limitations

Our study is somewhat limited by the fact that IMU data are not considered the
“gold standard” for defining ground-truth gait parameters. Force plates would have
allowed the precise detection of HC and TO events, and possibly of the individual muscle
contribution to ground reaction forces, to be performed [59,60]. However, it would have
been impracticable to record the high number of steps and total gait time acquired in
our study using force plates. IMU systems are sufficiently accurate in the assessment
of fundamental gait spatiotemporal parameters [23,61] and have previously been used
as ground truth for gait event detection [62]. Furthermore, they allow the SWP event
to be detected, which cannot be captured by ground devices, foot switches, or insole
pressure sensors.

The proposed approach was not tested on healthy control data. However, we expect
our model to effectively predict gait events in healthy controls, as patient data are more
heterogeneous and generally more challenging in terms of gait alterations, and inter-subject
and inter-trial variability, as well as artifact contamination.

We were also only able to recruit a few patients for this study. However, it should be
considered that walking for over three minutes in the meds-off state is very challenging
for subjects with PD and greatly limited patient recruitment. Another limitation was the
relatively homogeneous walking speed across all patients. We preferred not to alter the
patients’ natural speed, because we wanted to test our model in an ecological setup. In
addition, the meds-off state limited the recording window and the possibility of exploring
more than one gait condition. It is thus presently unclear how well our prediction model
would perform for different speeds when applied out of the box. However, it is straightfor-
ward to adapt the model to different speeds by either temporally adjusting the embedding
delays (τ1, . . . , τK ) of test participants to their individual walking speed or retraining the
model on data with matching speed.

298



Bioengineering 2023, 10, 212

5. Conclusions

We have demonstrated the accurate and robust detection of gait events in six parkin-
sonian patients using just two EMG probes placed on the left and right vastus lateralis.
Unlike solutions presented in previous work, our approach proceeds in two steps: First,
IMU time courses are predicted using EMG activity within a surrounding temporal win-
dow using multiple linear regressions. Second, gait parameters such as heel strike and
toe-off events are extracted from the predicted time series. This approach led to accurate
results and has the advantage over previous ones that discrete gait events and continuous
time series of relevant kinematic quantities can be predicted. It is further expected that
it could be generalized to the extraction of further gait parameters not considered here
without any model retraining. Our model and an example dataset, as well as Matlab code
for data preprocessing, model training, model evaluation, and plotting, have been made
publicly available under https://github.com/braindatalab/EMGgaitprediction (accessed
on 4 February 2023). Our approach may have practical benefits for gait studies in which
the application of multiple sensing devices is considered impractical, troublesome, or too
expensive. Notably, our model was validated using a leave-one-patient-out strategy. We
observed very good performance in held-out patients, demonstrating that the model is able
to accommodate the across-patient variability of the studied clinical population. Future
work could adapt our approach to varying walking speeds and may further extend it to
the prediction of other kinematic data obtained using EMG.
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Abstract: Walking speed is considered a reliable assessment tool for any movement-related functional
activities of an individual (i.e., patients and healthy controls) by caregivers and clinicians. Traditional
video surveillance gait monitoring in clinics and aged care homes may employ modern artificial
intelligence techniques to utilize walking speed as a screening indicator of various physical outcomes
or accidents in individuals. Specifically, ratio-based body measurements of walking individuals are
extracted from marker-free and two-dimensional video images to create a walk pattern suitable for
walking speed classification using deep learning based artificial intelligence techniques. However,
the development of successful and highly predictive deep learning architecture depends on the
optimal use of extracted data because redundant data may overburden the deep learning architecture
and hinder the classification performance. The aim of this study was to investigate the optimal
combination of ratio-based body measurements needed for presenting potential information to define
and predict a walk pattern in terms of speed with high classification accuracy using a deep learning-
based walking speed classification model. To this end, the performance of different combinations
of five ratio-based body measurements was evaluated through a correlation analysis and a deep
learning-based walking speed classification test. The results show that a combination of three ratio-
based body measurements can potentially define and predict a walk pattern in terms of speed
with classification accuracies greater than 92% using a bidirectional long short-term memory deep
learning method.

Keywords: two-dimensional (2D) image; marker-free video; walking speed; walking speed classification;
bi-LSTM; deep learning; redundant feature; ratio-based body measurement; optimal feature

1. Introduction

Human gait factors of both healthy individuals and patients, such as the stride length,
cadence, stance, swing periods, and hip, knee ankle and pelvic tilt joint kinematics, exhibit
significant alterations in response to changes in the walking speed [1,2]. For example,
healthy individuals exhibit decreases and increases in the amplitudes of cadence, step and
stride lengths, stance and swing periods at slower and faster speeds, respectively [3,4].
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In addition, changes in walking circumstances do not appear to alter the walking speed
of healthy individuals but may have an impact on the walking speed of an individual
with a physical impairment who is walking at the same speed. For instance, patients
with neurological disorders such as Alzheimer’s disease and neuromuscular problems,
including post-stroke and cerebral palsy, exhibit a slower walking speed than healthy
controls [5–7]. Additionally, in individuals older than 60 years, a slower walking speed is
predictive of increased morbidity and mortality [8]. For this reason, walking speed has
long been used by clinicians as a straightforward but efficient gait assessment tool for
determining demographic traits (such as gender and age) and physical functions including
spatiotemporal parameters as well as kinematic and kinetic patterns [5,6,9–11]. Most
importantly, by combining cutting-edge artificial intelligence techniques (such as deep
learning) and conventional video (i.e., two-dimensional [2D] videos or image sequences)
surveillance, the walking speed can be used as an independent screening tool for several
physical consequences or accidents (e.g., fall-related fear) among healthy individuals and
patients with conditions such as Parkinson’s disease and osteoarthritis during day-to-day
gait monitoring in healthcare centres and old-age homes. Specifically, body measurement
data of walking individuals (e.g., healthy or patients) extracted from 2D marker-free video
image sequences can be considered sequential gait data [12,13] for the creation of walk
pattern suitable for walking speed classification using artificial intelligence techniques, and
the method may be applied in healthcare settings and elderly care facilities [13].

Numerous studies have researched walking gait using body measurements from 2D
video or image sequence setups with a focus on speed-related factors and without the use of
artificial intelligence approaches [14,15]. The extracted body measurement data from these
studies include unilateral hip, knee, ankle and pelvic tilt joint kinematics [14] and body
measurement data (e.g., lower-body width) of individuals [15]. However, the clothing worn
(i.e., socks and undergarments) by the walking individuals has been employed as segmental
markers to monitor foot and pelvic parameters in the image, which results in a significant de-
pendence of the derived body measurement data on the clothing [14]. In addition, the body
measurement data from walking individuals, such as height, width, and area, in an image
exhibits inconsistent alterations based on the individual’s distance from the camera in vari-
ous circumstances (e.g., indoor and outdoor settings) [12,15,16]. One strategy to resolve this
constraint could be scaling or resizing the video image sequences in order to equalise the
walking individual’s body measurements in each image, but doing so may result in visual
distortion and reduced quality due to compression and stretching [16]. Another approach
for overcoming this limitation could be utilizing the walking individual-to-camera distance
independent body measurement data to establish steady walking speed patterns [12]. A
study conducted by Zeng and Wang presented body measurement data based on a ratio
(i.e., body height-width ratio data) that is steady regardless of the closeness of the individ-
ual to the camera while walking [12]. In addition, the study conducted by Zeng and Wang
utilized artificial intelligence techniques for classifying walk patterns in terms of speed
and established a walking pattern that could be used for classification through the use of
inconsistent body measurements (e.g., body area, mid-body and lower-body width) data
along with ratio-based (i.e., body height-width ratio) data [12]. Our previous published
study [13] provided the first suggestion of five ratio-based body measurements, namely,
(i) the ratio of the full-body height to the full-body width (HW1), (ii) the ratio of the full-
body height to the mid-body width (HW2), (iii) the ratio of the full-body height to the
lower-body width (HW3), (iv) the ratio of the apparent body area to the full-body area (A1),
and (v) the ratio of the area between two legs to the full-body area (A2) for the definition
and prediction of walk speed patterns. Our previous study [13] then proved the reliability
of these five ratio-based body measurements to define and classify an individual’s walking
patterns in terms of speed in indoor (treadmill trial) environments using a bidirectional
long short-term memory (biLSTM) deep learning-based model with a mean ± standard
deviation (SD) classification accuracy of 88.05(±8.85)% and a median accuracy of 89.58%.
However, the development of a successful and highly predictive deep learning architecture
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for walking speed classification depends on the dimension of the data extracted from
2D marker-free video images [17]. Although the use of high-dimensional input features
(i.e., several ratio-based body measurements) is thought to create a strong walk pattern,
the use of redundant data may overburden the deep learning architecture and hinder the
classification performance [18]. Therefore, the use of fewer but useful ratio-based body
measurements data from 2D marker-free video images is necessary to build a success-
ful deep learning-based model. Therefore, the current study aimed to construct walk
patterns with fewer but useful ratio-based body measurements for the successful develop-
ment of a deep learning architecture that would classify walking speed with the highest
classification accuracy.

One of the commonly used methods for selecting the most beneficial and ideal input
features (such as ratio-based body measurements) is assessing the correlations between
the features and selecting those with the lowest correlation strengths because only one of
two highly correlated input features is needed for a model, while the second feature does
not provide any new information for target prediction [19,20]. In other words, the selection
of input features with low correlations among them will provide valuable information to a
model to improve its predictive ability [20]. Other commonly used methods for optimal
input feature selection is fitting and assessing a deep learning-based model with several
potential subsets or combinations of input features and selecting the feature subset or
combination that yields the best performance [20,21]. The utilization of both methods is
crucial for the development of a successful and highly predictive deep learning architec-
ture because an analysis of the correlations among input features will yield theoretical
knowledge of the quality (e.g., strong or weak) of the combination of input features, and
the practical application of a deep learning-based model using different possible subsets or
combinations of input features will identify the feature subset or combination that yields
the best performance [19–22].

The objective of this study was to identify the optimal combination of ratio-based body
measurements needed for presenting potential information that can define and predict
a walk pattern in terms of speed with high classification accuracy using a deep learning-
based walking speed classification model. To this end, the study analysed the correlations
among five ratio-based body measurements to comprehend the relationships among ratio-
based body measurements in slow, normal and fast walking speed conditions. This study
also evaluated the performance (in terms of the mean ± SD classification accuracy and
mean ± SD training time) of a biLSTM deep learning-based walking speed classification
model using the walking speed patterns created by all possible combinations of one, two,
three and four ratio-based body measurements among five ratio-based body measurements
(HW1, HW2, HW3, A1, and A2). The walk pattern created by the combination of fewest
ratio-based body measurements (i.e., less than five ratio-based body measurements) was
defined as optimal in the study if it was able to classify the walking speed with a mean ± SD
classification accuracy higher than or within 2% less [23,24] of that obtained in our previous
study [13], and the ratio-based body measurements in the walk pattern showed low
correlations among them. This study hypothesized that walking speed patterns identified
from few ratio-based body measurements can be used to classify walking speed using
deep learning-based methods with high accuracy if the correlations among the body
measurements are low.

2. Methods

This study adopted lateral 2D marker-free motion image sequences from a publicly
available dataset, the Osaka University-Institute of Scientific and Industrial research (OU-
ISIR) dataset ‘A’ [25]. This is a benchmark dataset and has been used in various research
areas since it was publicly published in 2012. The dataset has been used in the area human
gait research focusing on speed, age, and gender [12,26], movement assessment and gait
monitoring [13,27], gait-based biometric and surveillance [28,29].
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2.1. Participants and Dataset

In this study, the walk speed patterns at three speeds—slow, normal, and fast—were
classified using lateral 2D marker-free motion image sequences from 34 participants. The
OU-ISIR dataset ‘A’ [25], which is available publicly, provided these image sequences
(obtained using an indoor treadmill) (Figure 1). Three walking speed categories were
considered: slow (2 to 3 km/h), normal (4 to 5 km/h) and fast (6 to 7 km/h) [30–32].
OU-ISIR dataset ‘A’ comprises of 2D image sequences recorded from 34 participants while
walking at a range of speed from 2 to 7 km/h on a 550 mm wide and 2000 mm long belt
area of treadmill (BIOMILL BM-2200). An increment of 1 km/h speed was maintained
consistently. All participants wore standard coloured long sleeve shirt and long pants
while walking. The lateral view image sequences of the participants were captured using
camera (Point Grey Research Inc. Flea2 models) with 3.5 mm lens focal length, 60 fps
frame rate and VGA resolution. The image sequence data were divided into the three
above-mentioned categories (i.e., slow, normal, and fast). Additionally, the dataset included
both male and female participants with age between 15 to 65 years who had reported no
recent fall injuries, neurology or orthopaedic and gait or locomotion related issues. For
each participant, 12 image sequences including two image sequences for each speed were
processed, that yielded a total of 408 sequences with a minimum length of 240 frames.
Three types of walk speed patterns for slow, normal and fast walking were created using
quasi-periodic patterns produced from five ratio-based body measurements extracted from
the minimum number of image sequences (i.e., 240 frames), which are comparable to the
lengths used in previous studies [13].

 

Figure 1. Example of continuous image sequences from OUISIR dataset A for one participant walking
at a normal speed.

2.2. Feature Extraction

According to the procedure used in our prior study [13], which is depicted in Figure 2
and exemplified by Equations (1)–(5), data for five ratio-based body measurements (HW1,
HW2, HW3, A1 and A2) were extracted from image sequences available for slow walk,
normal walk, and fast walking. More specifically, among the five ratio-based body mea-
surements defined in our previous study [13], HW1, HW2 and HW3 were calculated using
the rectangular boundary box height and width. Bounding boxes were placed around the
whole body, mid body and lower body locations in each image, and HW1, HW2 and HW3
were then calculated using Equations (1)–(3). The terms in the equations are presented in
Figure 2a–c. A1 and A2 were measured by evaluating the white pixels in the image, bound-
ary box area and area between two legs in each image and then using Equations (4) and (5).
The terms in the equations are presented in Figure 2d,e.

body width-Full
heightbody -FullHW1

body width-Mid
heightbody - FullHW2

body width-Lower
heightbody -FullHW3

areabody -Full
areabody -ApparentA1

areabody -Full
legs obetween tw AreaA2

 

Figure 2. Detail of the terms used in Equations (1)–(5). Extraction of (a) full-body height (H) and
full body width (W1) (b) mid-body width (W2) (c) lower-body width (W3) (d) full body area and
apparent body area, and (e) area between two legs.
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Ratio of the full-body height to the full-body width,

HW1 =
Full− body height
Full− body width

(1)

Ratio of the full-body height to the mid-body width,

HW2 =
Full− body height
Mid− body width

(2)

Ratio of the full-body height to the lower-body width,

HW3 =
Full− body height

Lower− body width
(3)

Ratio of the apparent body area to the full-body area,

A1 =
Apparent− bodyarea

Full− bodyarea
(4)

Ratio of the area between two legs to the full-body area,

A2 =
Area between two legs

Full− bodyarea
(5)

After extracting data for five ratio-based body measurements from marker-free 2D im-
age sequences, our previous research [13] discovered that each of the five ratio-based body
measurements varied over time such that they created quasi-periodic patterns (Figure 3),
which is an established pattern of human gait cycle motion while walking [33].

 

4,...2,1,
)!5(! 

!5

−

Figure 3. Quasi-periodic signals created by five ratio-based body measurements calculated from
image sequences of a single individual moving normally while walking. HW1, ratio of the full-body
height to the full-body width; HW2, ratio of the full-body height to the mid-body width; HW3, ratio
of the full-body height to the lower-body width; A1, ratio of the apparent body area to the full-body
area; and A2, ratio of the area between two legs to the full-body area.

2.3. Experiment Procedure

In the current study, for each walking speed condition, coefficient of determination
(R2) were calculated among the data of five ratio-based body measurements to determine
the ratio-based body measurements with low correlation. R-Square (R2) has been used as a
state-of-the-art tool for correlation analysis [34]. The results from the correlation analysis
are presented in terms of R2 in Section 3. The quasi-periodic patterns were then used to
establish three types of walk speed patterns for slow, normal and fast walking. Thirty
datasets were created using three types of walk speed patterns. Among these datasets,
the walk speed patterns in five, ten, ten and five datasets were established using quasi-
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periodic patterns from one, two, three and four of the five ratio-based body measurements,
respectively. The combinations of ratio-based body measurements in the walk patterns
obtained with the above-described datasets were established according to the combination
rule in Equation (6), and no combinations were repeated for different orders of ratio-based
body measurements. This process of creating a combination of features have been used by
the current studies [35,36].

Cn =
5!

n !(5− n)!
, n = 1, 2, . . . , 4 (6)

In this equation, C(n) is the number of combinations generated by the included ratio-
based body measurements, 5 is the total number of ratio-based body measurements, n is
the number of included ratio-based body measurements in the combination, and (5 − n) is
the number of ratio-based body measurements excluded from the combination.

Each dataset contained 136 walk speed patterns for each of the three speeds (i.e., slow,
normal, and fast). Table 1 provides a description of the walk patterns in all the datasets.
After datasets’ construction, a biLSTM-based deep learning architecture along with k-fold
(where, k = 17) cross validation [13] was performed using all ratio-based body measure-
ments combinations (Table 1) for walking speed classification. A total of 272 cross validation
experiments were performed for each deep learning-based walking speed classification task.
According to the prior studies, this simple structure is adequate to produce non-overfitting
and highly accurate classification problems of the same types [37,38]. Figure 4 presents
workflow of the walking speed classification using different combination of ratio-based
body measurements. The results from the walking speed classification are presented in
terms of mean ± SD classification accuracies and mean ± SD training time in Section 3 and
in Supplementary Material (Tables S1–S5).

Table 1. Description of the walk patterns in all datasets used in biLSTM-based deep learning
architecture.

No. of
Datasets

No. of Ratio-Based Body
Measurement in Walk

Speed Pattern

Combinations of Ratio-Based
Body Measurement in Walk

Speed Pattern

Walking
Speed Pattern

Dimension

No. of Walk Speed Patterns/Dataset

Slow
Speed

Normal
Speed

Fast
Speed

Total

05 01

HW1

1 × 240 136 136 136 408

HW2

HW3

A1

A2

10 02

HW1, HW2

2 × 240 136 136 136 408

HW1, HW3

HW2, HW3

HW1, A1

HW1, A2

HW2, A1

HW2, A2

HW3, A1

HW3, A2

A1, A2
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Table 1. Cont.

No. of
Datasets

No. of Ratio-Based Body
Measurement in Walk

Speed Pattern

Combinations of Ratio-Based
Body Measurement in Walk

Speed Pattern

Walking
Speed Pattern

Dimension

No. of Walk Speed Patterns/Dataset

Slow
Speed

Normal
Speed

Fast
Speed

Total

10 03

HW1, HW2, HW3

3 × 240 136 136 136 408

HW1, HW2, A1

HW1, HW2, A2

HW1, HW3, A1

HW1, HW3, A2

HW2, HW3, A1

HW2, HW3, A2

A1, A2, HW1

A1, A2, HW2

A1, A2, HW3

05 04

HW1, HW2, HW3, A1

4 × 240 136 136 136 408

HW1, HW2, HW3, A2

HW2, HW3, A1, A2

HW1, HW3, A1, A2

HW1, HW2, A1, A2

 

Figure 4. Workflow of the walking speed classification using different combinations of ratio-based
Figure 4. Workflow of the walking speed classification using different combinations of ratio-based
body measurements (RBBMs).
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3. Results

Figure 5 presents the results from the correlation analysis (in terms of R2) using data
of five ratio-based body measurements for slow, normal and fast walk speeds. According
to the interpretations (i.e., weak correlation: 0.10–0.39 and moderate correlation: 0.40–0.69,
strong correlation: 0.70–0.89, very strong correlation: 0.90–1.00) [39], the R2 values between
HW1 vs. HW2, HW2 vs. HW3, HW2 vs. A1, HW1 vs. A2, HW2 vs. A2, HW3 vs. A2 and
A1 vs. A2 were generally found to be weak for slow and normal walk speeds, whereas for
fast walk speeds, weak and moderate R2 values were found between HW1 vs. A2, HW2
vs. A2, HW3 vs. A2 and A1 vs. A2 and between HW1 vs. HW2, HW2 vs. HW3, and HW2
vs. A1, respectively. In addition, moderate R2 values were found between HW1 vs. HW3,
HW1 vs. A1, and HW3 vs. A1 for slow walk speeds, but the corresponding values obtained
for normal and fast walk speeds were generally strong.

 

Figure 5. Coefficient of determination (R2) among data of five ratio-based body measurements for
(a) slow (b) normal and (c) fast walk speeds. HW1, ratio of the full-body height to the full-body
width; HW2, ratio of the full-body height to the mid-body width; HW3, ratio of the full-body height
to the lower-body width; A1, ratio of the apparent body area to the full-body area; and A2, ratio of
the area between the legs to the full-body area. Weak correlation: 0.10–0.39, moderate correlation:
0.40–0.69, strong correlation: 0.70–0.89 and very strong correlation: 0.90–1.00.

Figure 6 presents the results from comparisons of the mean(±SD) classification accu-
racy and mean(±SD) training time for biLSTM-based walking speed classification using
walk speed patterns established using one, two, three four and five ratio-based body mea-
surements. Details of the mean(±SD) classification accuracy and mean(±SD) training time
are provided given in the Supplementary Material (Tables S1–S5). Walking speed classifi-
cation using walk speed patterns established using five ratio-based body measurements
achieved a mean(±SD) classification accuracy of 88.05(±8.85)% (Figure 6 and Table S1
(result from our previous study [13])) and the walk speed patterns established using three
ratio-based body measurements combinations such as (HW1, HW2, A2) and (HW2, HW3,
A2) achieved a mean classification accuracy that was greater than that achieved with
walk speed patterns established with five ratio-based body measurements (Figure 6 and
Table S3). More specifically, two combinations of three ratio-based body measurements,
namely, (HW1, HW2, A2) and (HW2, HW3, A2), achieved mean(±SD) classification accura-
cies of 92.7(±8.01)% and 92.79(±7.8)%, respectively (Figure 6 and Table S3). In addition,
the walk speed patterns established using other combinations of three ratio-based body
measurements, namely, (A1, A2, HW3), (A1, A2, HW2), (HW1, HW3, A2), (HW1, HW3, A1),
(HW1, HW2, A1) and (HW1, HW2, HW3), and three combinations of four ratio-based body
measurements, namely, (HW1, HW2, A1, A2), (HW1, HW2, HW3, A1) and (HW1, HW2,
HW3, A2), achieved mean classification accuracies that were very close (i.e., within 2% less)
to the mean classification accuracy achieved with the walk speed patterns established with
five ratio-based body measurements (Figure 6 and Tables S2 and S3). In contrast, the mean
accuracies achieved for walking speed classification using walk speed patterns established
with combinations of one and two ratio-based body measurements were less than 70% and
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74%, respectively (Figure 6 and Tables S4 and S5). These results clearly show that the walk
speed patterns established with combinations of three ratio-based body measurements
achieved better performance in terms of the mean(±SD) classification accuracy than the
walk speed patterns established with five ratio-based body measurements. Moreover, the
mean training time for walking speed classification using walk speed patterns established
with combinations of three ratio-based body measurements reduced to approximately
14 to 15 min (Figure 6 and Table S3) compared with the mean training time of 17.43 min for
walking speed classification using walk speed patterns established with the combination
of five ratio-based body measurements [Figure 6 and Table S1 (result from our previous
published study [13])].

Figure 6. Mean ± SD classification accuracy and mean ± SD training time for biLSTM-based walking
speed classification using walk speed patterns based on by one, two, three, four and five ratio-based
body measurements. HW1, ratio of the full-body height to the full-body width; HW2, ratio of the
full-body height to the mid-body width; HW3, ratio of the full-body height to the lower-body width;
A1, ratio of the apparent body area to the full-body area; and A2, ratio of the area between the legs to
the full-body area.

4. Discussion

The primary objective of this study was to determine the optimal ratio-based body
measurement combination needed to present potential information that can define and
predict walk patterns in terms of speed with a high classification accuracy. To accomplish
the goal, this study adopted two commonly used methods of useful and optimal selection
of input features (e.g., ratio-based body measurements). First, this study analysed the
correlations among five ratio-based body measurements to comprehend relationships
among these body measurements in slow, normal and fast walking speed conditions.
Second, the performance (in terms of the mean± SD classification accuracy and mean ± SD
training time) of a biLSTM deep learning-based walking speed classification model was
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evaluated using walking speed patterns created using all possible combination of one,
two, three and four out of five ratio-based body measurements. The combination with the
fewest ratio-based body measurements (i.e., less than five ratio-based body measurements)
for the establishment of walk patterns was deemed optimal if it yielded a mean ± SD
classification accuracy higher than or within 2% less [23,24] of the mean ± SD classification
accuracy obtained in our previous study [13], and the ratio-based body measurements used
for defining the walk pattern exhibited low correlations among them.

This study utilized data for five ratio-based body measurements for the correlation
analysis and biLSTM deep learning-based walking speed classification. Based on the corre-
lation analysis and biLSTM deep learning-based walking speed classification models, this
study discovered that combinations of three ratio-based body measurements with minimal
correlation among them yielded the highest accuracy in terms of the mean ± SD classifica-
tion accuracy for walking speed classification using the biLSTM deep learning-based model.
More specifically, HW1 exhibits low correlations with HW2 and A2, and thus, the combi-
nation of these three ratio-based body measurements achieved classification accuracy of
92.7(±8.01)% (Figures 5 and 6 and Table S3). HW2 has low correlations with HW3 and A2,
and the combination of these three ratio-based body measurements achieved a classification
accuracy of 92.79(±7.8)% (Figures 5 and 6 and Table S3). Furthermore, the mean ± SD
classification accuracies achieved with the combinations of one and two ratio-based body
measurements with low correlation among them are markedly lower than the mean ± SD
classification accuracy achieved in our previous study [13] (Figure 6 and Tables S4 and S5).
Moreover, the other combinations of ratio-based body measurements achieved classification
accuracies within 2% of the mean ± SD classification accuracy achieved in our previous
study [13], and the body measurements in these combinations generally exhibited moder-
ate to strong correlations between them (Figures 5 and 6 and Tables S1–S3). This finding
implies that walking speed patterns identified from few ratio-based body measurements
can produce the best performance for deep learning-based classification of walking speed
if the correlation between the ratio-based body measurements is low. Additionally, full
body image sequences are necessary for more accurate classification, since ratio-based
body measurements (i.e., HW1, HW2 and HW3) which resulted in excellent classification
accuracy required full-body height.

This study is significant in several contexts. First, video image sequences display
apparent body measurements rather than real physiological dimensions of the human
body [12,15,16]. It is thus crucial to examine different walking individual-to-camera dis-
tance independent body measurements (i.e., ratio-based body measurements) that can be
found from video image sequences and to investigate the interactions between ratio-based
body measurements in order to identify the optimal body measurements for defining and
predicting a walk pattern in terms of speed [12,13]. By performing a correlation analysis
and a rigorous deep learning-based assessment, the current study evaluated combinations
of three out of five potential ratio-based body measurements. Combinations of these three
ratio-based body measurements provided information to estimate walk patterns in terms
of speed with classification accuracy greater than 92%, which is better than the results
achieved in previous studies 88.57% [12], 88.05% [13]. In addition, the previous study [12]
trained the model with a multiclass setting (i.e., all three types of walking speed patterns)
and tested the models using a single-class setting (i.e., any one of the three walking speed
patterns) while the current study used a multiclass setting as well as multiple runs for the
training, validation and testing of the model, which is beneficial for achieving accurate
classification accuracy and building a successful model [40,41]. It is difficult to compare
our results with the previously published study [14], which used body-worn clothing for
body measurement extraction, as the study only proposed extraction methods and did
not experiment for classification related tasks. Additionally, the data collection proce-
dure, experimental design, and participants’ demographic characteristics of the previous
study [14] are completely different from the current study. Second, earlier studies [17,18],
which claim that using high-dimensional input features (such as several ratio-based body
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measurements) may hinder the performance of a deep learning-based architecture obtained
with redundant data, support the results from the current study. In addition, previous stud-
ies [17,18], which assert that the highest performance of a deep learning-based architecture
could be attained if the best data that provide information, are in agreement with the results
from the current study. Furthermore, in future clinicians may utilise this method for routine
gait monitoring in healthcare and old-age homes as it can be used to identify the walking
speed in an indoor environment with improved classification accuracy [42]. Current patient
monitoring systems include implanted devices and wearable sensors that might require
invasive procedures and body attachment which are difficult and often unpleasant for
patients. Therefore, remote patient monitoring using existing surveillance cameras could
be a more viable option to constant observation of patient mobility. In addition, human
resources and battery life of traditional sensors are critical for long term patient monitoring.
As such, camera-based patient mobility monitoring might be more cost effective while
alleviating the burden on resources in clinical settings [43].

Although the current study has a lot of potential for selecting the optimal ratio-based
body measurements for creating walk patterns that are useful for accomplishing walking
speed classification using a deep learning-based architecture with the highest classification
accuracy, the study only evaluated healthy individuals. Experiments that include a gait-
impaired population will be considered in the future. Additionally, this study recruited
participants with a wide range of ages (15 to 65). However, the walk patterns of the
participants might change according to their age [44,45]. Walk speed classification across
different aged participants could be another research topic of interest in future. Additionally,
this study solely used area-based and height-to-width ratio-based body measurements
for the classification of walking speeds. Future studies will involve estimating additional
spatiotemporal parameters, such as stride and step length, joint angles, velocity and
acceleration, to gain a deeper understanding of the health of individuals and to classify
typical and atypical gait patterns. Moreover, only the biLSTM approach was used in this
study for the classification task. Future research will utilise more cutting-edge classification
algorithms to reach the best classification accuracy.

5. Conclusions

In summary, this study found that combinations of three ratio-based body measure-
ments extracted from lateral-view 2D images of marker-free walking individuals can
potentially define and predict walk patterns in terms of speed with classification accuracies
greater than 92% using a biLSTM. The excellent findings of this study support the opti-
mal application of ratio-based body measurement data that change with variations in the
walking speeds, form periodic or quasi-periodic patterns, and, more importantly, can be
extracted from marker-free conventional camera images to classify walking speeds with
high classification accuracy using the contemporary deep learning method. Additionally,
the remarkable results obtained in this study confirm that the use of high-dimensional
input features, such as multiple ratio-based body measurements, hinders the performance
of deep learning-based architectures if the data are redundant. Furthermore, if the data
that yield the best information are employed, the deep learning-based architecture would
exhibit peak performance. This walking speed classification method using optimal data is
a simple yet effective technique with a lot of potential for use in clinical settings and elderly
care facilities.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/bioengineering9110715/s1, Table S1: classification accura-
cies for walking speed classification using walk pattern established with five RBBMs in our previous
study, Table S2: classification accuracies for walking speed classification using walk pattern estab-
lished with four RBBMs, Table S3: classification accuracies for walking speed classification using
walk pattern established with three RBBMs, Table S4 classification accuracies for walking speed
classification using walk pattern established with two RBBMs, Table S5 classification accuracies
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for walking speed classification using walk pattern established with one RBBMs. RBBMs refers to
ratio-based body measurements.

Author Contributions: Guarantor: T.S., M.F.R., D.I. and N.U.A. are responsible for the entirety of
the work and the final decision to submit the manuscript; study concept and design: all authors;
data acquisition, processing, and analysis: T.S. and M.F.R.; critical review and interpretation of data:
K.H.G., S.M.R., M.A.A., M.A.A.M., D.I., O.A. and M.A.; drafting of the manuscript: T.S. and M.F.R.;
critical revision of the manuscript: all authors; obtaining funding: O.A. and M.A. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data generated and/or analyses for the current study are available
from the following publicly available databases: Osaka University-Institute of Scientific and Industrial
research (OU-ISIR) Dataset ‘A’: (www.am.sanken.osaka-u.ac.jp/BiometricDB/GaitTM.html, access
on 23 September 2022).

Acknowledgments: The authors extend their appreciation to the College of Applied Medical Sci-
ences Research Centre and the Deanship of Scientific Research at King Saud University for funding
this research.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. McCrum, C.; Lucieer, F.; van de Berg, R.; Willems, P.; Pérez Fornos, A.; Guinand, N.; Karamanidis, K.; Kingma, H.; Meijer, K.

The walking speed-dependency of gait variability in bilateral vestibulopathy and its association with clinical tests of vestibular
function. Sci. Rep. 2019, 9, 18392. [CrossRef] [PubMed]

2. Kirtley, C.; Whittle, M.W.; Jefferson, R.J. Influence of walking speed on gait parameters. J. Biomed. Eng. 1985, 7, 282–288. [CrossRef]
3. Fukuchi, C.A.; Fukuchi, R.K.; Duarte, M. Effects of walking speed on gait biomechanics in healthy participants: A systematic

review and meta-analysis. Syst. Rev. 2019, 8, 153. [CrossRef] [PubMed]
4. Mannering, N.; Young, T.; Spelman, T.; Choong, P.F. Three-dimensional knee kinematic analysis during treadmill gait: Slow

imposed speed versus normal self-selected speed. Bone Joint Res. 2017, 6, 514–521. [CrossRef]
5. Carcreff, L.; Gerber, C.N.; Paraschiv-Ionescu, A.; De Coulon, G.; Aminian, K.; Newman, C.J.; Armand, S. Walking Speed of

Children and Adolescents with Cerebral Palsy: Laboratory Versus Daily Life. Front. Bioeng. Biotechnol. 2020, 8, 812. [CrossRef]
6. Jarvis, H.L.; Brown, S.J.; Price, M.; Butterworth, C.; Groenevelt, R.; Jackson, K.; Walker, L.; Rees, N.; Clayton, A.; Reeves, N.D.

Return to Employment After Stroke in Young Adults: How Important Is the Speed and Energy Cost of Walking? Stroke 2019, 50,
3198–3204. [CrossRef]

7. Nadkarni, N.K.; Mawji, E.; McIlroy, W.E.; Black, S.E. Spatial and temporal gait parameters in Alzheimer’s disease and aging. Gait

Posture 2009, 30, 452–454. [CrossRef] [PubMed]
8. Fiser, W.M.; Hays, N.P.; Rogers, S.C.; Kajkenova, O.; Williams, A.E.; Evans, C.M.; Evans, W.J. Energetics of walking in elderly

people: Factors related to gait speed. J. Gerontol. Ser. A Biomed. Sci. Med. Sci. 2010, 65, 1332–1337. [CrossRef]
9. Moissenet, F.; Leboeuf, F.; Armand, S. Lower limb sagittal gait kinematics can be predicted based on walking speed, gender, age

and BMI. Sci. Rep. 2019, 9, 9510. [CrossRef]
10. Xie, Y.J.; Liu, E.Y.; Anson, E.R.; Agrawal, Y. Age-related imbalance is associated with slower walking speed: Analysis from the

National Health and Nutrition Examination Survey. J. Geriatr. Phys. Ther. 2017, 40, 183. [CrossRef]
11. De Cock, A.-M.; Fransen, E.; Perkisas, S.; Verhoeven, V.; Beauchet, O.; Remmen, R.; Vandewoude, M. Gait characteristics under

different walking conditions: Association with the presence of cognitive impairment in community-dwelling older people. PLoS

ONE 2017, 12, e0178566. [CrossRef]
12. Zeng, W.; Wang, C. Gait recognition across different walking speeds via deterministic learning. Neurocomputing 2015, 152, 139–150.

[CrossRef]
13. Sikandar, T.; Rabbi, M.F.; Ghazali, K.H.; Altwijri, O.; Alqahtani, M.; Almijalli, M.; Altayyar, S.; Ahamed, N.U. Using a Deep

Learning Method and Data from Two-Dimensional (2D) Marker-Less Video-Based Images for Walking Speed Classification.
Sensors 2021, 21, 2836. [CrossRef] [PubMed]

14. Castelli, A.; Paolini, G.; Cereatti, A.; Della Croce, U. A 2D markerless gait analysis methodology: Validation on healthy subjects.
Comput. Math. Methods Med. 2015, 2015, 186780. [CrossRef] [PubMed]

15. Verlekar, T.T.; Soares, L.D.; Correia, P.L. Automatic classification of gait impairments using a markerless 2D video-based system.
Sensors 2018, 18, 2743. [CrossRef]

314



Bioengineering 2022, 9, 715

16. Zhang, Y.; Fang, Y.; Lin, W.; Zhang, X.; Li, L. Backward registration-based aspect ratio similarity for image retargeting quality
assessment. IEEE Trans. Image Process. 2016, 25, 4286–4297. [CrossRef] [PubMed]

17. Venkatesh, B.; Anuradha, J. A review of feature selection and its methods. Cybern. Inf. Technol. 2019, 19, 3–26. [CrossRef]
18. Liew, C.S.; Abbas, A.; Jayaraman, P.P.; Wah, T.Y.; Khan, S.U. Big data reduction methods: A survey. Data Sci. Eng. 2016, 1, 265–284.
19. Ferreira, A.J.; Figueiredo, M.A.T. Efficient feature selection filters for high-dimensional data. Pattern Recognit. Lett. 2012, 33,

1794–1804. [CrossRef]
20. Kuhn, M.; Johnson, K. Applied Predictive Modeling; Springer: New York, NY, USA, 2013; Volume 26.
21. Murphy, K.P. Machine Learning: A Probabilistic Perspective; MIT press: Cambridge, MA, USA, 2012; ISBN 0262304325.
22. Sikandar, T.; Rabbi, M.F.; Ghazali, K.H.; Altwijri, O.; Almijalli, M.; Ahamed, N.U. Evaluating the difference in walk patterns

among normal-weight and overweight/obese individuals in real-world surfaces using statistical analysis and deep learning
methods with inertial measurement unit data. Phys. Eng. Sci. Med. 2022; Online ahead of print. [CrossRef]

23. Davoudi, A.; Mardini, M.T.; Nelson, D.; Albinali, F.; Ranka, S.; Rashidi, P.; Manini, T.M. The effect of sensor placement and
number on physical activity recognition and energy expenditure estimation in older adults: Validation study. JMIR mHealth

uHealth 2021, 9, e23681. [CrossRef]
24. O’Day, J.; Lee, M.; Seagers, K.; Hoffman, S.; Jih-Schiff, A.; Kidziński, Ł.; Delp, S.; Bronte-Stewart, H. Assessing inertial measurement
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Abstract: Background: Markerless (ML) motion capture systems have recently become available for
biomechanics applications. Evidence has indicated the potential feasibility of using an ML system to
analyze lower extremity kinematics. However, no research has examined ML systems’ estimation of
the lower extremity joint moments and powers. This study aimed to compare lower extremity joint
moments and powers estimated by marker-based (MB) and ML motion capture systems. Methods:
Sixteen volunteers ran on a treadmill for 120 s at 3.58 m/s. The kinematic data were simultaneously
recorded by 8 infrared cameras and 8 high-resolution video cameras. The force data were recorded
via an instrumented treadmill. Results: Greater peak magnitudes for hip extension and flexion
moments, knee flexion moment, and ankle plantarflexion moment, along with their joint powers,
were observed in the ML system compared to an MB system (p < 0.0001). For example, greater hip
extension (MB: 1.42 ± 0.29 vs. ML: 2.27 ± 0.45) and knee flexion (MB: −0.74 vs. ML: −1.17 nm/kg)
moments were observed in the late swing phase. Additionally, the ML system’s estimations resulted
in significantly smaller peak magnitudes for knee extension moment, along with the knee production
power (p < 0.0001). Conclusions: These observations indicate that inconsistent estimates of joint
center position and segment center of mass between the two systems may cause differences in the
lower extremity joint moments and powers. However, with the progression of pose estimation in the
markerless system, future applications can be promising.

Keywords: markerless motion capture system; gait analysis; joint moment; joint power

1. Introduction

Inverse dynamics analysis is a fundamental tool widely used for biomechanical studies
to understand human movement. The inverse dynamics method combines kinematic and
kinetic data with anthropometric parameters and can estimate joint moments and pow-
ers [1]. The evaluation of joint moments and powers is critical in clinical decision-making,
such as gait retraining [2], treatment with insoles or orthoses [3], and even surgery [4].
Despite its widespread use, the inaccuracy of inverse dynamic analysis stemming from
kinematic/kinetic/anthropometric data is well-recognized [5]. Currently, most kinematic
data are provided by marker-based (MB) motion-capture systems [6]. However, inaccu-
racies derived from marker placements, including the center of mass locations [7,8], joint
centers [9], the noise due to surface marker movement [10], and skin artifacts [11,12], can
be significant barriers. In addition, using MB requires highly trained personnel to avoid hu-
man errors when placing markers on participants [13,14]. The intensive time commitment
for marker placements and a controlled environment [15] also contribute to the drawbacks
of MB. These all make the applications of MB systems challenging in clinical settings with
clinical populations [16].
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As a critical advancement in vision-based motion capture, a markerless (ML) system
offers an alternative approach to measuring kinematic data. Studies have shown the
applicability of the deep learning algorithm-based markerless system in gait analysis.
Kanko et al. reported excellent agreement with the MB system on spatial parameters (e.g.,
step length, stride width, and gait speed) and slight differences in temporal parameters
(swing time and double support time) [17]. In two follow-up studies, they assessed the
lower extremity joint center positions and joint angles. One study emphasized the inter-
session variability of joint angles. They reported that the average inter-session variability
across all joint angles was 2.8◦ in the ML system, which is less than all previously reported
values (3.0–3.6◦) for the MB system [18]. Their other study presented the average systematic
root-mean-square joint center differences of 2.5 cm except for the hip joint, which was
3.6 cm. The average systematic root-mean-square for all segment angle differences was
5.5◦, except for the rotation angle about the longitudinal axis [19]. These strong results
are approaching or superior to the accuracy of MB systems. However, we did not find
any lower extremity joint moments and powers in comparison between the two types of
systems in the literature. Given the fundamental quantities of interest in human motion
research are the intersegmental moments acting at the joints [20], it is critical to compare
joint moments estimated by the ML and MB systems.

Due to marker-based systems’ weakness, markerless systems might introduce new
possibilities for inverse dynamic analysis. Therefore, the purpose of the current study was
to compare inverse dynamic outcomes of lower extremity joint moments and powers based
on ML and MB motion capture systems.

2. Materials and Methods
2.1. Participants

Recreationally active young adults were recruited for the current study. Inclusion
criteria were: (1) free of musculoskeletal injuries and operations of the lower extremity
at least 6 months before the data collection and (2) experience with treadmill running.
Participants were asked to be free from any intensive exercise within the 24 h before data
collection. Participants signed consent forms approved by the Ethics Committee of Georgia
Southern University (Approval Number: H22327) before data collection.

2.2. Experimental Setup and Procedure

Two camera systems were used in the motion capture procedure: 8 infrared cameras
(Vicon Bonita, Oxford, UK) for the MB system to record marker trajectories; and 8 high-
resolution video cameras (Vicon Vue, Oxford, UK) for the ML system to record movements.
The resolutions of Bonita and Vue cameras are 1 megapixel (1024× 1024) and 2.1 megapixels
(1920 × 1080). Cameras were aimed at the instrumented treadmill (AMTI force-sensing
tandem treadmill, Watertown, MA, USA) within a 15.5 m long by 7.6 m wide by 2.4 m
tall laboratory space. Camera systems and the instrumented treadmill were synchronized
using Vicon Lock+ (Vicon, Oxford, UK), where kinematics were recorded at 100 Hz, and
the ground reaction forces were recorded at 1000 Hz.

Before data collection, the cameras were calibrated using an Active Wand (V1, Oxford,
UK). Calibration for the Bonita cameras of the MB system and the Vue cameras of the ML
system included more than 1000 frames of valid wand data and 600 frames of valid wand
data, respectively. The tolerance of image error for MB and ML systems was set as 0.2 and
0.4, respectively. The three-marker option, with an origin marker and two markers for the
X- and Y-axis, was used to set the MB system’s global coordinate system (GCS). An MTD-3
device and CalTester software (CalTester, Motion Lab Systems Inc., Baton Rouge, LA, USA)
were used to examine the spatial synchronization between the force plates and cameras,
following the manufacturer’s recommended protocol.

When participants arrived at the laboratory, each was introduced to the test protocol.
Then, each participant changed into tight shirts and shorts provided by the lab and wore
their running shoes. The investigator measured their heights and body mass. Five-minute
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warm-up exercise and familiarization with treadmill running followed. Following the
manufacturer’s suggested procedure, twenty-six 14 mm retro-reflective markers were
attached to the participant’s anterior superior iliac spine, posterior superior iliac spine,
most lateral prominence of the greater trochanter, lateral prominence of the lateral femoral
epicondyle, medial prominence of the medial femoral epicondyle, proximal tip of the
head of the fibula, anterior border of the tibial tuberosity, lateral prominence of the lateral
malleolus, medial prominence of the medial malleolus, dorsal margin of the first, second
and fifth metatarsal head, and aspect of the Achilles tendon insertion on the calcaneus at
both sides. A static trial for the MB system was recorded in advance while the participants
stood on the treadmill with an anatomical posture. Each participant started walking at an
initial speed of 1.12 m/s and then gradually transitioned to running at the target speed of
3.58 m/s. The participants ran on the treadmill for 120 s at 3.58 m/s, and the last 30 s of
running were recorded for further analysis.

2.3. Data Analysis

2.3.1. Pre-Processing

Raw marker trajectories were interpolated using Woltring gap filling [21] by Nexus
(Vicon Nexus, Oxford, UK). Raw markerless video data were pre-processed by Theia3D
(Theia3Dv2022.1.0.2309, Theia Markerless, Inc., Kingston, ON, Canada), where the default
IK solution was used to estimate the 3D pose [18]. The lower body kinematic chain has six
degrees-of-freedom (DOF) at the pelvis, three DOF at the hip, three DOF at the knee, and
six DOF at the ankle. The kinematic and ground reaction force data were filtered through
Nexus using a low-pass, zero-lag, 4-order Butterworth filter with cut-off frequencies of
10 Hz and 50 Hz [22], respectively.

2.3.2. Visual3D Analyses

The pre-processed right lower extremity data were further analyzed using Visual3D
(Preview v2022.06.02, C-Motion, Inc., Germantown, MD, USA).

The same Visual3D 6DOF algorithms and IK constraints for segments were adapted
for both systems. IK constraints were set as six DOF at the pelvis, three at the hip, three
at the knee, and six at the ankle. For the MB data, the human body was modeled by four
linked segments (foot, leg, thigh, pelvis), in which a second kinematic-only foot was created
as a virtual foot for kinematic estimations [23]. The segment mass estimations were based
on Dempster’s regression equation [24], and inertia properties were computed based on
segments as geometrical shapes [25]. The hip joint center was estimated using the method
proposed by Bell et al. [26]. Still, the knee and ankle joint centers were estimated using
midpoints between external landmarks of the corresponding segment. The anatomical
coordinate systems of segments were determined from the static calibration trial. The
vertical axis was defined in the direction from distal to proximal joint center, while the
anterior–posterior axis was defined as being perpendicular to the vertical axis with no
mediolateral component. The third axis was the cross product of the vertical and anterior–
posterior axis [27]. The model was automatically created for the ML data based on the deep
learning algorithm and segment properties such as segment mass, location of the center of
mass, and joint center positions were generated accordingly [19].

Resolved into the proximal coordinate system for both MB and ML data, joint angles
and kinetic parameters in the sagittal plane were further calculated. The proximal segment
was used as the reference when calculating joint moment and power. Internal joint moments
and powers were obtained by applying Newton-Euler methods [1,28], where hip and knee
extensor and ankle plantar–flexor moments were assigned to be positive. Positive power
values indicated energy production through concentric muscular contractions [1].

Force-based gait events were used to identify stride cycles, in which the force threshold
was set at 50 N [29]. The stride cycle was defined as two consecutive right heel contacts.
The duration of each stride cycle was scaled to 101 data points.
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2.3.3. Discrete Measurements

The dependent variables were extracted from the last 10 strides from both MB and
ML systems. Within each stride, various positive and negative peak values (depending
on joint action) in the sagittal plane were identified on moment and power profiles of
the hip, knee, and ankle joints, and the relative times to the peak values were included.
Presented in Figure 1, peak moments of the hip (top panel) were extension moment in the
early stance phase (HM1), flexion moment in the stance–swing transition phase (HM2), and
extension moment at the end of the swing phase (HM3); for the knee (middle panel), the
extension moment in the early stance phase (KM1), and flexion moment at the end of the
swing phase (KM2); for the ankle (bottom panel), extension moment in the stance phase
(AM1). Presented in Figure 2, peak powers of the hip (top panel) were absorption power
in the middle of the stance phase (HP1), the production powers in the early swing phase
(HP2), and at the end of the swing phase (HP3); for the knee (middle panel), absorption
powers in the early stance phase (KP1), in the early swing phase (KP3), and at the end of the
swing phase (KP4), and production power in the middle of the stance phase (KP2); for the
ankle (bottom panel), absorption power in the early stance phase (AP1), and the production
power at the end of the stance phase (AP2).

–

 

Figure 1. Labeled here are the outcome variables used to quantify the differences in the lower
extremity joint moments of the hip (top panel), knee (middle panel), and ankle (bottom panel)
(denoted under the ensemble moment curve estimated by marker-based (MB) (red) and markerless
(ML) (green) motion capture systems). Joint moments were scaled to participants’ body mass.
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Figure 2. Labeled here are the outcome variables used to quantify the differences in the lower ex-
tremity joint powers of the hip (top panel), knee (middle panel), and ankle (bottom panel) (denoted
under the ensemble power curve estimated by marker-based (MB) (red) and markerless (ML) (green)
motion capture systems). Joint powers were scaled to participants’ body mass.

2.4. Statistical Analysis

Means and standard deviations of the differences in kinematic parameters were esti-
mated based on individual measurements between systems. All dependent variables were
assessed for normality using a one-sample Kolmogorov–Smirnov test (K-S test, α = 0.05).
A two-tailed paired t-test was employed based on the normally distributed data to test the
differences between the two systems. The effect size was assessed using Cohen’s d [30].
An alpha level of 0.05 was used for statistical analysis. SPSS (22.0, IBM Inc.; Chicago, IL,
USA) was used to conduct all statistical analyses. The alpha level was adjusted by 30
dependent variables using the Bonferroni correction to reduce the chances of type I error
(α = 0.05/30 = 0.0017).

3. Results

Sixteen participants (9 males and 7 females) participated. The participants’ ages, body
mass, and height were 23.44 ± 2.31 years, 69.72 ± 9.82 kg, and 1.73 ± 0.08 m, respectively.

3.1. Lower Extremity Joint Moments and Powers

Ensemble curves of lower extremity sagittal plane moments and powers estimated
using MB and ML are presented in Figures 1 and 2, respectively. Scaled (by body mass) peak
magnitudes and relative timing to the peak are presented in Tables 1 and 2, respectively.
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Paired t-tests used for analysis based the results that confirmed the normality of the
outcome variables. Compared to the MB system, the ML system showed significantly
greater peak joint moment magnitudes at HM2 (ML: −1.73 ± 0.27, MB: −1.38 ± 0.29), HM3
(ML: 2.27 ± 0.45, MB: 1.42 ± 0.29), KM2 (ML: −1.17 ± 0.24, MB: −0.74 ± 0.13), and AM1
(ML: 3.32 ± 0.55, MB: 3.14 ± 0.51), but less peak magnitude at KM1 (ML: 1.28 ± 0.32, MB:
1.40 ± 0.42). For the joint powers, significantly less peak magnitudes were at KP1 (ML:
−4.05 ± 1.79, MB: −5.0 ± 2.77), KP2 (ML: 2.64 ± 1.09, MB: 3.15 ± 1.41), but were greater
at HP2 (ML: 8.07 ± 2.11, MB: 4.29 ± 1.14), HP3 (ML: 5.68 ± 2.71, MB: 3.99 ± 2.13), KP3
(ML: −5.42 ± 1.61, MB: −3.45 ± 1.29), KP4 (ML: −9.65 ± 2.10, MB: −7.15 ± 1.83), AP1 (ML:
−9.44 ± 1.81, MB: −8.38 ± 2.48), as well as AP2 (ML: 18.40 ± 4.91, MB: 16.07 ± 3.60). In
addition, the relative timing to the peak was detected to be significantly different between
the MB and ML systems. To be specific, the ML system took longer than the MB system to
reach the HM1 (ML: 6.74± 3.40, MB: 5.16± 1.27), HM2 (ML: 43.59± 7.00, MB: 40.26± 6.90),
HM3 (ML: 92.73 ± 3.00, MB: 90.58 ± 3.39), KM1 (ML: 13.53 ± 3.89, MB: 12.98 ± 2.18), KM2
(ML: 92.19 ± 2.51, MB: 90.93 ± 2.21), HP1 (ML: 28.30 ± 3.68, MB: 26.16 ± 4.45), and KP1
(ML: 8.73 ± 3.01, MB: 8.19 ± 2.21). Besides, the ML system took less time than the MB
system to reach the HP3 (ML: 89.63 ± 4.15, MB: 91.23 ± 3.47). See Tables 1 and 2 for
more details.

Table 1. Body mass scaled peak magnitude (Mean, SD) for joint moments and powers for the
marker-based (MB) and Markerless (ML) systems.

Parameters
MB ML

T & p-Value Cohen’s d
Mean SD Mean SD

Moment
(Nm/kg)

Hip first peak 2.09 0.66 2.05 0.73 t159 = −1.42, p < 0.2832 0.1

Hip second peak −1.38 0.23 −1.73 0.27 t159 = −22.99, p < 0.0001 * 1.8

Hip third peak 1.42 0.29 2.27 0.45 t159 = 39.612, p < 0.0001 3.1

Knee first peak 1.40 0.42 1.28 0.32 t159 = 5.907, p < 0.0001 * 0.5

Knee second peak −0.74 0.13 −1.17 0.24 t159 = 40.804, p < 0.0001 * 3.2

Ankle first peak 3.14 0.51 3.32 0.55 t159 = 10.450, p < 0.0001 * 0.8

Power
(W/kg)

Hip first peak −5.02 2.60 −4.80 2.37 t159 = −1.570, p = 0.118 0.1

Hip second peak 4.29 1.14 8.07 2.11 t159 = −27.082, p < 0.0001 * 2.1

Hip third peak 3.99 2.13 5.68 2.71 t159 = −13.049, p < 0.0001 * 1.0

Knee first peak −5.00 2.77 −4.08 1.79 t159 = −6.138, p = 0.0229 0.5

Knee second peak 3.15 1.41 2.64 1.09 t159 = 6.628, p < 0.0001 * 0.5

Knee third peak −3.45 1.29 −5.42 1.61 t159 = 21.188, p < 0.0001 * 1.7

Knee forth peak −7.15 1.83 −9.65 2.10 t159 = 31.515, p < 0.0001 * 2.5

Ankle first peak −8.38 2.48 −9.44 1.81 t159 = 7.295, p = 0.6656 0.6

Ankle second peak 16.07 3.60 18.40 4.91 t159 = −10.726, p = 0.2426 0.9

K-S tests results for peak moments and peak powers at hip, knee, and ankle joint listed here were all greater than
0.05, therefore normal distribution of the parameters listed in this table was confirmed. * Indicates significant
difference; Bold indicates the event was observed within the stance phase; italic with underline indicates the event
was observed during the stance–swing transition; the rest of the parameters were observed within the swing phase.
For joint moment data, “+” represents the extension (ankle plantar flexion) and “−” represents the flexion (ankle
dorsiflexion). For joint power data, “+” represents energy production, and “−” represents energy absorption.

322



Bioengineering 2022, 9, 574

Table 2. Relative Time to Peak as Percentage Stride Cycle (Mean, SD) for Joint moments and Powers
for Marker-based (MB) and Markerless (ML) Systems.

Parameters
MB ML

T & p-Value Cohen’s d
Mean SD Mean SD

Moment
(%stride

Cycle)

Hip first peak 5.16 1.27 6.74 3.40 t159 = −5.946, p< 0.0001 * 0.5

Hip second peak 40.26 6.90 43.59 7.00 t159 = −7.179, p < 0.0001 * 0.6

Hip third peak 90.58 3.39 92.73 3.00 t159 = −8.637, p < 0.0001 * 0.7

Knee first peak 12.98 2.18 13.53 3.89 t159 = −2.008, p = 0.0015 * 0.2

Knee second peak 90.93 2.21 92.19 2.51 t159 = −10.031, p < 0.0001 * 0.8

Ankle first peak 18.29 1.90 18.33 1.82 t159 = −0.569, p = 0.57 0.0

Power
(%Stride

Cycle)

Hip first peak 26.61 4.45 28.30 3.68 t159 = −6.983, p < 0.0001 * 0.6

Hip second peak 51.89 3.90 52.36 4.37 t159 = −1.243, p = 0.216 0.1

Hip third peak 91.23 3.47 89.63 4.15 t159 = 4.458, p < 0.0001 * 0.4

Knee first peak 8.19 2.21 8.73 3.01 t159 = −2.380, p = 0.0006 * 0.2

Knee second peak 19.45 3.09 21.17 3.51 t159 = −6.606, p < 0.0001 * 0.5

Knee third peak 49.31 2.77 49.06 3.30 t159 = 0.860, p = 0.391 0.1

Knee forth peak 86.59 2.18 86.83 2.31 t159 = −1.740, p = 0.084 0.1

Ankle first peak 10.58 2.20 10.82 2.22 t159 = −1.794, p = 0.075 0.6

Ankle second peak 24.10 2.32 24.21 2.08 t159 = −0.943, p = 0.347 0.1

K-S tests results for relative timing to peak moments and peak powers at hip, knee, and ankle joints listed here
were all greater than 0.05, therefore normal distribution of the parameters listed in this table was confirmed.
* Indicates significant difference; Bold indicates the event was observed within the stance phase; italic with underline
indicates the event was observed during the stance–swing transition; rest of the parameters were observed within
the swing phase.

3.2. Lower Extremity Joint Center and Segment Center of Mass

Joint moments could be significantly affected by joint center position and the segment
center of mass. Figures 3 and 4 demonstrate the ensemble curves of differences in joint
center positions (hip, knee, ankle) and segment center of mass (thigh, leg, foot) between
MB and ML.

In the mediolateral direction (Figure 3 top panel), the ankle (left) and knee (middle)
joint centers were biased toward the lateral direction in the ML than the MB throughout
the stride cycle. The hip joint center showed the same trend except during initial contact
and the late swing phase. In the anterior–posterior direction (Figure 3 middle panel), ML
showed a posterior-biased hip joint center during the stride cycle, whereas the ankle and
knee joint centers varied within the stride cycle. The ML was posteriorly biased compared
to the MB at initial contact for both the ankle and knee joints. For the rest of the stance phase,
the ML for the ankle joint was slightly more posterior, and the knee was more anterior.
While the ML for the ankle joint continued in the posterior direction in the swing phase,
the ML knee continued in the anterior direction in the early swing phase but turned to the
posterior direction for the rest of the swing phase. In the vertical direction (Figure 3 bottom
panel), the ML of the ankle varied during the stride cycle. In the early stance and mid-swing
phase, the estimated bias was toward the superior direction, while in the mid-stance and
early swing, it turned to the inferior direction. The ML showed an inferior-biased knee and
hip joint center in the early stance. When the ML knee joint turned to the superior direction
for the rest of the stride cycle, the hip joint was superior in the mid-stance and early swing
phase but moved toward the inferior direction in the rest of the swing phase. See Figure 3
for more details.
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Figure 3. Ensemble curve of lower extremity joint position differences between marker-based and
markerless motion capture systems across the average 10 stride cycles for 16 participants. Differences
were estimated as markerless (ML) joint center position—marker-based (MB) joint center position.

In the mediolateral direction (Figure 4 top panel), the center of mass of the foot, leg,
and thigh was more lateral in the ML than in the MB systems throughout the stride cycle. In
the anterior–posterior direction (Figure 4 middle panel), the foot center of mass was more
anterior in the ML than in the MB system during the stride cycle. For the leg center of mass,
ML showed more posterior biases than the MB during the stance and swing phases except
in different directions at the end of the swing phase. The thigh center of mass was mainly
posterior throughout the stride cycle but briefly anterior in the swing–stance transition
phase. In the vertical direction, the foot center of mass showed a higher position in the ML
than in the MB system during most stance and late swing phases but was lower during
the stance–swing transition and early swing phase. For the leg center of mass, the ML
demonstrated lower values than the MB system during about 85% of the stride cycle but
they were briefly higher during the early swing phase. The thigh center of mass from the
ML showed a higher position than the MB system over the whole stride cycle.
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Figure 4. Ensemble curve of lower extremity segment center of mass differences between marker-
based and markerless motion capture systems across the average 10 stride cycles for 16 participants.
Differences were estimated as markerless (ML) center of mass position—marker-based (MB) center of
mass position.

3.3. Lower Extremity Joint Angles

Ensemble curves of the difference in lower extremity joint angles (hip, knee, ankle
joints) in the sagittal plane between the systems are illustrated in Figure 5.

The hip (top panel) and knee (middle panel) joint angles were biased toward the
extension in the ML than MB throughout the stride cycle except briefly for the early swing
phase for the hip joint, and early stance phase for the knee joint. On the other hand, ML
showed a dorsiflexion-biased ankle joint angle (bottom panel) throughout the stride cycle.
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Figure 5. Ensemble curve of lower extremity joint angle differences in the sagittal plane between
marker-based (MB) and markerless (ML) motion capture systems across the average 10 stride cycles
for 16 participants. Differences were estimated as ML joint angles of each joint—MB joint angles of
each joint.

4. Discussion

This study compared MB and ML systems with estimated lower extremity joint
moments and powers during treadmill running. Significant differences were detected in
the peak magnitudes for joint moments and powers and relative timings to peak estimated
by the two systems. Greater peak magnitudes for hip extension and flexion moments, knee
flexion moments, and ankle plantarflexion moments, along with their joint powers, were
observed in the ML system. Meanwhile, significantly smaller peak magnitudes for knee
extension moments coinciding with knee production power were observed.

We focused on the sagittal plane’s joint angles, moments, and powers, since running
is primarily a sagittal plane movement [31]. We observed greater hip and knee flexion
angles and smaller ankle dorsiflexion angles in the MB system than in the ML system. The
tendency was partly consistent with Kanko et al.’s study [19] (Figure 2 for lower extremity
joint center, Figure 4 for segment angle and Figure 5 for joint angle), showing that the MB
system’s estimation resulted in greater flexion in all three joints. One possible explanation
may be the model of the virtual foot. Visual3D introduces three methods to build the
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virtual foot, which may affect the ankle joint angles. When we chose the heel and toe
targets to define the proximal and distal ends of the foot, there was no disclosure for Kanko
et al.’s foot model. Different from Kanko et al.’s results, we observed larger magnitudes
of systematic differences in the knee and ankle joint angles but smaller magnitudes in the
hip joint. Compared to walking in Kanko et al., running in the current project is related to
greater lower extremity joint motion [32]. With greater joint motion, soft tissue artifacts can
also be larger, leading to an additional 3◦ error in the joint angles. Additionally, inconsistent
marker placement can contribute to a 5◦ error in the joint angles [14,33].

Compared to the MB system, the ML system’s estimation resulted in greater mag-
nitudes of peak hip flexion moment in the stance–swing transition phase and extension
moment in the late swing phase, knee flexion moment in the late swing phase, and ankle
plantarflexion moments in the early stance phase, but smaller knee extension moments in
the early stance phase. Previous studies presented similar patterns of lower extremity joint
moments during running estimated by MB systems. Schache et al. (2011) and Fukuchi et al.
(2017) reported lower extremity joint moments at the speed of 3.5 m/s during overground
and treadmill running, respectively [34,35]. Their results showed similar peak magnitudes
of hip flexion and extension moments of −1.09 and 0.91 Nm/kg (overground) and −1.15
and 1.37 Nm/kg (treadmill); knee flexion moments of −0.53 Nm/kg (overground); as
well as the ankle plantarflexion moment with the values of 2.94 Nm/kg (overground)
and 2.23 Nm/kg (treadmill). Besides, they reported similar knee extension moments with
the values of 3.12 Nm/kg (overground) and 3.18 Nm/kg (treadmill). Consequently, joint
powers also showed the same tendency. Despite the differences between overground and
treadmill running, Schache et al.’s results revealed similar systematic differences to the
present study. Compared to the MB system, the estimations from the ML system may result
in greater hip moments and powers in the stance–swing transition and swing phase, knee
moments and powers in the swing phase, as well as the ankle moments in the early stance
phase, but less knee moments and power in the early stance phase.

The anthropometric model affects the results of the joint moments and powers. Once
rigid body equations are set, the joint centers and moment of inertia about the center
of mass eventually govern the relationships between kinetics and kinematics [20]. The
systematic differences can be further explained by the variations of joint centers and
segment mass centers.

It has been well-recognized that differences in hip joint center location can propagate
to hip and knee kinematic and kinetic quantities, especially the hip moments concerning
flexion/extension [36]. Besides, the propagation of flexion/extension moments is particu-
larly sensitive to the anteroposterior hip joint center location. We observed that hip joint
centers in the ML system were about 2 cm posterior to the MB system in the stance–swing
transition and late swing phase. In addition, the sensitivity of hip moments to inertial
property variations can be up to 40% [7]. Supported by our results, the thigh center of mass
locations was about 2 cm superior in the ML than the MB system in the stance–swing tran-
sition phase. Similar to a previous study, greater changes occurred in the swing phase [7],
and the ML system showed a biased posterior (about 2 cm) and anterior (about 1 cm) center
of mass. For the knee joint, joint moments are sensitive to the differences in knee joint
center locations [37]. Previous studies have reported that tibia surface movements affected
the knee joint center by 1.1 cm and resulted in the most prominent joint moment in the
stance phase [37]. Our results exhibited that knee joint centers differed around 1 cm in
all directions and result in greater disparities in the leg center of mass in the early stance
phase, which may explain the greater knee extension moment in the MB system. Moreover,
our results exhibited a greater leg center of mass in the late swing phase, which may induce
greater knee flexion moments. For the ankle joint, we observed less than 1 cm differences in
all three directions. Previous studies indicated that average ankle joint position differences
were less than 1 cm in the anteroposterior and mediolateral direction and around 2 cm in
the vertical direction [19]. Plus, the foot center of mass locations varied greatly. The ML
system was slightly biased in the lateral direction (<1 cm) with greater bias in the anterior
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and superior directions (almost 3 cm). Such a difference may be induced by the marker
placements of the first and fifth metatarsal heads. While the MB system reads the markers
on the side of the first and fifth metatarsal heads, the markerless system might locate the
foot center of mass based on the contour of the shoe. The different joint centers could affect
moment arms, and the segment center of mass could affect the estimation of the moment of
inertia. Together, they could lead to greater differences in the joint moments and powers.

The methodology differences between ML and MB systems that determine the estima-
tion of poses (body segment positions and orientations) need further attention. To ensure
the consistency of the computational algorithms, Visual3D has been used for segments
and inverse dynamic solutions used for both systems. However, the MB system depends
heavily on physical marker placements over external/internal anatomical landmarks (hard-
ware), and the ML system relies on deep learning-based algorithms to estimate joint center
locations (software). The deep learning pose estimation algorithms learn to identify joint
centers from the training data. ML in the current study includes over 500,000 manually
labeled digital images of the human body and employs biomechanically applicable training
data that can identify 51 salient features of the human body [17–19]. The optimization meth-
ods examine the distance between the manually labeled training data and the estimated
joint centers to reduce errors. This process is repeated with the entire training data until
improvements between each iteration become negligible. The pose estimation algorithm
is then tested on the new image and compared to the training dataset [38]. However, any
omissions or biases implicit within training datasets could propagate to situations where
the training was weak [19]. Note that the inverse dynamic method is very sensitive to joint
center locations, because the estimation of the net joint moments includes the cross product
of forces and their moment arms, where the length of moment arms is largely affected by
joint center locations [37]. A previous marker-based study has reported that 2 cm superior
and 2 cm lateral placement of the hip joint center can decrease the moment of arms of the
hip joint by about 28% [38]. Supported by our results, systematic differences in joint center
positions have been observed, which might affect moment arms and lead to disparities in
joint moments and powers. However, it remains unclear if the differences are caused by
marker-based joint center errors induced by soft tissue artifacts [11] or propagations from a
weak training dataset.

While the ML system may still be considered in its infancy, evidence from previous
studies demonstrated its potential for clinical applications. Since pose estimation algorithms
are not dependent on markers attached to the skin, soft tissue artifact errors and human
errors usually induced by the MB systems can be eliminated [39]. Studies also presented
that the markerless system can extract new information from old datasets [40,41]. Therefore,
the ML system can be beneficial in the streamlined monitoring of changes in disease
progression [41], rehabilitation [42], athletic training, and competitive sports [43]. In
addition, the Theia3D markerless system has shown strong results in the inter-session
joint angles variability during walking with loose clothing conditions [18], which the MB
systems cannot realize. More importantly, data collection can be completed in a much
shorter time than the MB systems [18]. Such benefits could facilitate data collection in a
more convenient area with less effect on people’s gait [44], when time is limited, and they
are wearing more comfortable clothing.

However, the differences observed here could have significant implications. For
example, previous studies have shown that the values of hip extension and knee flexion
moments in the initial stance and late swing phase were important factors in discussing
hamstrings injuries during sprinting [45,46]. The greater hip extension and knee flexion
moments observed in the late swing with the ML system could impact the hamstring
injury-related discussions. Similar to hamstrings, the biarticular rectus femoris plays an
important role in the energy transfer between the hip and knee joints. Greater rectus
femoris stress is associated with greater hip flexion and knee extension moments. We have
observed, with the ML in comparison with the MB system, greater hip flexion moments
in the stance to swing transition phase, greater hip power absorption in the late stance
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phase, and greater hip joint power production in the early swing phase, which could lead
to a greater rectus femoris contraction estimation during the stance–swing transition. A
previous study showed that greater rectus femoris contraction could lead to greater patellar
tendon tension, a risk factor for patellofemoral pain during running [47]. Thus, joint
moment/power estimated by the ML system can lead to different assessments for the risk
factors of hamstring injuries, patellofemoral pain, and maybe other relevant discussions
compared to the MB system. With different risk factor analyses based on the MB or ML
systems, clinicians, coaches, and athletes could arrive at different decisions in their practices.

The following limitations of the current work should be noted. First, our participant
pool was limited to recreationally active young adults. Different population groups may
have anatomical deformities, affecting the comparison between the systems. Second,
we analyzed treadmill running, where the treadmill settings may constrain the speed.
Additionally, the hardware and the marker placements are unique to each lab. Despite our
updated Vicon high-resolution video cameras employed for markerless data, the Vicon
Bonita series infrared cameras used here do not provide us with the highest resolution
available on the market. Lower camera resolution may cause trajectory errors in the
identifications of landmarks [48]. Therefore, future studies should attempt to replicate the
results in different populations using different speeds and hardware settings.

5. Conclusions

This study is the first to compare the inverse dynamic outcomes of lower extremity
kinetics estimated by the marker-based and markerless systems. We have observed dif-
ferences in joint moments and powers between the two systems, which could be partially
related to the estimations of joint centers and segment center of mass (pose estimations).
Although the accuracy and precision of pose estimations between the two systems require
further testing, the strengths of the markerless system are apparent. The significantly
less data collection and processing time contribute greatly to a more versatile application.
With the progression of pose estimation software, the markerless system can be further
employed in clinical biomechanics and sports medicine.
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Abstract: With the rapid development of artificial intelligence technology, the exploration and
application in the field of intelligent education has become a research hotspot of increasing concern. In
the actual classroom scenarios, students’ classroom behavior is an important factor that directly affects
their learning performance. Specifically, students with poor self-management abilities, particularly
specific developmental disorders, may face educational and academic difficulties owing to physical
or psychological factors. Therefore, the intelligent perception and identification of school-aged
children’s classroom behaviors are extremely valuable and significant. The traditional method for
identifying students’ classroom behavior relies on statistical surveys conducted by teachers, which
incurs problems such as being time-consuming, labor-intensive, privacy-violating, and an inaccurate
manual intervention. To address the above-mentioned issues, we constructed a motion sensor-based
intelligent system to realize the perception and identification of classroom behavior in the current
study. For the acquired sensor signal, we proposed a Voting-Based Dynamic Time Warping algorithm
(VB-DTW) in which a voting mechanism is used to compare the similarities between adjacent clips and
extract valid action segments. Subsequent experiments have verified that effective signal segments
can help improve the accuracy of behavior identification. Furthermore, upon combining with the
classroom motion data acquisition system, through the powerful feature extraction ability of the
deep learning algorithms, the effectiveness and feasibility are verified from the perspectives of the
dimensional signal characteristics and time series separately so as to realize the accurate, non-invasive
and intelligent children’s behavior detection. To verify the feasibility of the proposed method, a
self-constructed dataset (SCB-13) was collected. Thirteen participants were invited to perform 14
common class behaviors, wearing motion sensors whose data were recorded by a program. In SCB-13,
the proposed method achieved 100% identification accuracy. Based on the proposed algorithms,
it is possible to provide immediate feedback on students’ classroom performance and help them
improve their learning performance while providing an essential reference basis and data support for
constructing an intelligent digital education platform.

Keywords: intelligent system; deep learning; classroom behavior; motion identification

1. Introduction
1.1. Background Information on Students’ Classroom Behavior

With the rapid development, penetration, and integration of artificial intelligence
technologies in various areas of society, intelligent digital-based education is progressively
becoming a hot issue of substantive research [1,2]. Among the many educational research
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carriers, the intelligent education classroom scenarios are still the commonly adopted
educational method [3], which has the outstanding advantages of direct feedback and
extensive interaction between teachers and students [4].

Classroom scenarios present complexity and diversity according to different partici-
pants and instructional content. Research has shown that in classroom scenarios, students’
classroom behavior is one of the most important factors influencing their academic per-
formance [5]. Compared with high-achieving students, low-achieving students typically
spend a significant amount of class time engaged in non-academic work or other academic
work [6]. Therefore, investigating student classroom behavior has essential research implica-
tions and applicate values for enhancing student performance and promoting instructional
strategies [7].

Specifically, the study of classroom behavior through detecting and identifying stu-
dents’ classroom behavior patterns can provide timely and stage-specific feedback on
students’ classroom performance. Effective statistical analysis of students’ behavior pat-
terns will assist students in effectively understanding their learning habits, timely correcting
their poor classroom behavior, improving learning strategies, adjusting learning progress,
and deepening their understanding and absorption of knowledge.

Furthermore, the analysis of students’ classroom behavior is especially beneficial
for students with special education needs (SEN) and developmental disabilities, such
as attention deficit and hyperactivity disorder (ADHD) [8], autism spectrum disorder
(ASD) [9], and learning disabilities [9,10]. Conducting classroom behavior analysis is cru-
cial to improving these students’ classroom performance and enhancing their classroom
concentration. The percentage of school-aged children diagnosed with developmental
disorders is increasing dramatically each year due to various environmental factors such
as location, level of education, and medical care. In addition, the percentage of children
with developmental disorders increased to 17.8% of all children (3–17 years old, the United
States). The proportion is substantial, with approximately one in six children diagnosed
with a disease [11]. Specifically, ADHD has the broadest range of effects on all develop-
mental disorders and has the most significant prevalence among children. Characteristics
of children with ADHD include inattention, hyperactivity, and impulsivity. Students with
developmental disorders generally suffer from academic problems due to physical or
psychological issues, and their classroom performance is difficult to self-control.

The study of classroom behaviors of students with developmental disabilities can be
used to detect and identify their classroom behaviors automatically to a large extent. It
can help them improve their self-awareness, enhance their concentration, and effectively
achieve supplementary education without external interventions [12]. Auxiliary education
based on non-artificial reminders can greatly relieve their learning pressure, ease learning
difficulties and anxiety, increase knowledge and improve environmental adaptability, and
promote a virtuous cycle of learning [13].

Finally, due to the need to build intelligent digital education platforms for schools
and parents, the study of classroom behavior can further refine students’ learning perfor-
mance at school [14], optimize school teaching services, improve teaching strategies, and
facilitate communication and exchange among multiple parties [15]. The intelligent digital
platform is designed with students as the primary body and their classroom behaviors
as the principal way of measuring their classroom status in order to enhance students’
learning performance and optimize the teaching services of teachers. The perception and
identification of students’ classroom behaviors open the door to the development of an
intelligent digital education platform.

1.2. Literature Review

In this part, we review the literature from the perspectives of ‘Existing methods and
the limitations’ and ‘Advanced methods on human activity recognition’ to demonstrate the
previous work on the perception and identification of student classroom behaviors.
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1.2.1. Existing Methods and the Limitations

The previous research on students’ classroom behavior in the traditional education
field is often based on statistical survey methods, requiring teachers to observe the class-
room behavior of the entire class or a smaller number of people as an observer over a period
within the classroom and to record their behavior [16]. In these circumstances, the teacher
plays the role of the evaluator to assess the student’s behavior patterns. This manual, vision-
based approach is usually surpassed in identifying inappropriate classroom activities, but
the teacher’s one-to-many nature at the time of the count results in the poor perception
of the finer classroom behaviors of most students [17]. Furthermore, this visual-based
artificial approach to behavior analysis is undoubtedly time-consuming, labor-intensive,
and highly subjective. It is highly likely to violate students’ privacy through external inter-
ventions and create learning ancients. It cannot give objective science-based judgments,
thus preventing a comprehensive classroom behavior assessment. For school-age children
with developmental disabilities, classroom behavior management and interventions are
the primary methods for improving their classroom performance. There are three common
primary types of classroom behavior interventions: one-on-one peer help or parent coach-
ing [18], instructional task modification [19], and self-monitoring [20]. However, while
this traditional intervention method has helped children with developmental disabilities
improve their classroom task completion rate and classroom behavioral performance, this
behavioral intervention undoubtedly consumes many resources in terms of monitoring
children’s classroom behavior. It requires significant human and material resources to assist
children’s classroom learning process.

1.2.2. Advanced Methods on Human Activity Recognition

With the development and popularization of artificial intelligence technologies, re-
search on scenario-based understanding and behavioral analysis has shone in practical
application scenarios [21]. With the help of data-driven and algorithmic reasoning, machine
learning theory provides the feasibility of achieving a one-to-one accurate understanding
and assessment of students’ classroom behaviors [22], especially for fine-grained behavioral
analysis that is difficult to be taken into account by manual statistics. Some scholars have
already implemented AI techniques with classroom scene understanding and achieved
better results. For example, intelligent classroom systems that assist teachers in teaching
and personalize students’ learning by building front-end interactive learning environments
for teachers and students and back-end intelligent learning management systems [23].
Adaptive education platforms that solve students’ specific learning problems provide per-
sonalized teaching and improve students’ learning experiences according to their needs
and their abilities [24]. However, little research has been conducted on AI-based classroom
behavioral understanding due to the immature combination of technologies and the niche
nature of the educational scenario, making it almost impossible to find corresponding work
for reference. Although classroom behavioral activities are too complex and refined, it
still belongs to the domain of behavior recognition, so we can help build an intelligent
classroom-acceptable behavior perception system by referring to the relevant theories of
human activity recognition. A brief overview of the human activity recognition approach
is presented in the following section.

The mainstream approaches for human activity recognition can be roughly classified
into vision-based and sensor-based based on different data sources [25]. Vision-based
behavioral analysis systems usually use single or multiple RGB or depth cameras to collect
images or video data of participants’ behavioral information, environment, and background
information in a specific activity space [26]. Moreover, after feature extraction of the
collected data through image processing techniques and computer vision methods, they
can be used to identify participants’ behavior through algorithm learning and inference.
Research conducted by numerous scholars applying vision methods in the field of human
activity recognition includes: identifying group behavior and classifying abnormal activities
in crowded scenes for surveillance as well as public personal safety purposes [27–29],
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including analysis of fall detection, patient monitoring and other behavioral recognition of
individuals to improve the quality of human life through vision [30,31]. However, since the
vision-based data acquisition equipment for human activity behavior recognition mainly
relies on cameras, it is vulnerable to environmental conditions such as light and weather,
the shooting range and angle, and a large amount of acquired data storage. The reference
of participants’ activity is easily affected by environmental occlusion and privacy issues.
Due to the influence of these factors, vision-based behavior analysis systems have not yet
been widely used. In contrast, sensors have the advantages of high sensitivity, small size,
accessible storage, and wide applicability to various scenarios, which can avoid various
problems in using vision devices, so they are now widely embedded in mobile phones,
smartwatches and bracelets, eye-tracking devices, virtual/augmented reality headsets, and
various intelligent IoT devices [32]. Meanwhile, along with the widespread popularity of
mobile Internet and the increasing demand for daily public use of intelligent devices, the
problems of inconvenience in carrying and limited endurance of traditional sensor-based
devices have been effectively solved in various application scenarios, and they have now
become one of the mainstream methods for human activity recognition [25]. Scholars
have applied sensing devices for intelligent activity recognition in several daily domains:
Alani et al. achieved 93.67% accuracy in 2020 using a deep learning approach to recognize
twenty everyday human activities in intelligent homes [33]; Kavuncuoğlu et al. used only a
waist sensor to achieve accurate monitoring of fall and daily motion data, achieving 99.96%
accuracy in 2520 data [34].

1.3. Contributions and Structure

The contributions of this paper include: 1. Artificial intelligent based behavior recog-
nition is applied to the classroom environment for the first time, and an intelligent system
with motion sensors to perceive and identify classroom behavior is built. 2. Based on
sensor hardware devices, a classroom behavior database (SCB-13) including 14 common
classroom behaviors collected from 13 participants is constructed. 3. A method of extracting
valid sensor data segments based on an improved Voting-Based Dynamic Time Warping
algorithm (VB-DTW) is proposed. 4. An intelligent identification method is proposed to
recognize 14 common classroom behaviors based on valid behavior segments combined
with a 1DCNN algorithm, and the proposed method achieved 100% recognition accuracy
on a self-constructed dataset (SCB-13).

The second part of this paper describes the data hardware acquisition system and
the relevant characteristics of the data; the third part gives a brief overview of the basic
principles of the algorithm; the fourth part is the experimental results and comparative
analysis; finally, the paper provides a conclusion.

2. Materials and Methods
2.1. Participants

In this study, we recruited 13 participants to carry out a feasibility study on the
possibility of accurately identifying students’ classroom behavior. The participants, aged
from 20 to 26 years, were invited to participate in a classroom behavioral simulation
experiment. This population consisted of 6 males and 7 females without special educational
needs or developmental problems. They were culturally literate and able to comprehend,
imitate, and model classroom behaviors accurately. Participants signed consent forms
approved by the Ethics Committee of The Education University of Hong Kong (Approval
Number: 2021-2022-0417) before data collection.

2.2. Experimental Design

For each participant, 5 sets of experimental data were gathered, and a total of 65 sets
of data were collected. In each trial, participants were tasked with simulating 14 common
classroom behaviors, and Table 1 shows the design of each motion. Each motion lasts for
20 s, which can be divided into the valid time duration doing the motions and the sitting

336



Bioengineering 2023, 10, 127

still time. Except for when motion happens, the rest of the period is referred to as sitting
still time.

Table 1. Motion mode design. To simulate classroom behaviors for the participants, we selected
14 typical classroom behaviors. The table lists each motion’s name as well as the order in which it
took place.

Serial No. Motion Mode

1 Sitting still
2 Lying on the desktop
3 Writing notes
4 Raising a hand in the seat
5 Turning around and looking around
6 Raising a hand while standing up
7 Rocking on the seat
8 Standing up and sitting down
9 Wandering and trunk rotation
10 Playing hands
11 Turning pen in hand
12 Knocking on the desktop
13 Leaning the body and chatting
14 Shaking legs

The actual hardware system used in the acquisition system is MPU6050, the main hard-
ware processing chip is ESP-8266, the acquisition data bit rate is 115,200 Hz, the Arduino
hardware platform is used for programming control, and the sensor data is stored in a .CSV
file format via the computer’s USB port using Python program. Figure 1a illustrates the
schematic diagram of the 3D acquisition system, and 3 cameras are respectively installed
on the participant’s left side, front side, and diagonal rear to record the participant’s vision
motion data. As depicted in Figure 1b, in order to investigate the effect of the sensor in dif-
ferent positions, the sensors are positioned in the middle of the spine and the right shoulder
of the participant. In addition to the 14 motions, there is a 20-s system calibration time at
the beginning of the experiment to reduce the initial error caused during data acquisition,
and the total duration of each experiment is 5 min. The sensors generate 7 channels of data:
accelerometer (x-axis, y-axis, and z-axis) data, gyroscope (x-axis, y-axis, z-axis) data, and
temperature data. The participants’ motion information can be measured using accelerom-
eter data in various directions. Gyroscope data can monitor angular velocity to determine
an object’s position and rotational orientation. Due to their susceptibility to environmental
factors, temperature data are insufficient for use in a motion recognition system.
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Figure 1. The acquisition system of the experiment. (a) The schematic diagram of the motion
acquisition system in the classroom scene; (b) The location of the sensors. The vision information
of the participants’ motions is collected through cameras from three perspectives to assist in the
classification. One sensor was placed in the center of the participant’s spine and another one on the
right shoulder to collect data on the participant’s motions.
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2.3. Experiment Data Introduction

SCB-13: The self-built dataset SCB-13 of this paper is made up of the above 13 par-
ticipants’ classroom behavior sensor data. The dataset will be used for later data analysis
and model accuracy testing. Furthermore, we intend to provide a brief explanation of the
experiment data of the back sensor from the perspective of an intuitive explanation.

2.3.1. Multiple Channel Data Display

After separating the gathered data by 14 given motion patterns, the 65 sets of data for
the same motion are averaged to eliminate individual motion differences. Figure 2 displays
the processed 6-channel data when motion 6 (raising hand while standing up) is selected
as a sample motion. The data demonstrate that motion occurrence and stable state can be
acquired during the valid duration of motion and sitting still time, respectively. Notably,
when the students get up and raise their hands, the Z-axis data of the accelerometer change
the most, which is consistent with the actual situation. It confirms the viability of using
sensors for behavior identification.
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Figure 2. Take action 6 as an example to display the data of each channel of the back sensor.
The lines from bottom to top represent the accelerometer x-axis(acc_x), y-axis(acc_y), z-axis(acc_z),
gyroscope x-axis(ypr_x), y-axis(ypr_y), and z-axis(ypr_z). Valid segments of motions are shown
within dashed lines.

2.3.2. Display of Different Motions of the Same Participant

A participant was selected randomly, and his/her 4 common classroom behaviors
(motion 1 sitting still, motion 5 turning around and looking around, motion 6 raising
hand while standing up, and motion 8 standing up and sitting down) were displayed
in the accelerometer(acc) channel and the gyroscope(ypr) channel, as shown in Figure 3.
There are observable changes in the data between different motions of the same volunteer.
Nonetheless, the data patterns of motions 6 and 8 are comparable to some extent, providing
the classification a challenging problem.
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Figure 3. The randomly-selected four different actions of one of the participants and the data of the
accelerometer and gyroscope data of the back sensor. The selected actions are as follows: motion 1
(sitting still), motion 5 (turning around and looking around), motion 6 (raising hand while standing
up) and motion 8 (standing up and sitting down). We uniformly downsampled the data length to 200
for display clarity. Through motion sensors, we can continuously collect data about different motions,
and each motion has a unique motion pattern. The relative intensity of each action is reflected in the
ordinate after normalization.

2.3.3. Display of Different Participants with the Same Motion

Figure 4 shows the accelerometer data and gyroscope data of motion 6, raising hands
while standing up, which were collected from 4 randomly picked individuals in order to
display the differences in motion between various participants.
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Figure 4. In the same action mode, the data of four volunteers (id1, id2, id3, id4) are randomly
selected for display. We uniformly downsampled the data length to 200 for display clarity. It was
challenging to classify classroom behavior since each participant carried out the same action in
different ways and had unique sensor data patterns.

The preceding diagram demonstrates that various participants have distinct motion
pattern characteristics, even for identical motion. It may be caused by variances in per-
sonal posture and habitual behaviors. This necessitates that the established model has
robust generalization performance, capable of identifying the distinctions between the
characteristics of various motion patterns while allowing for modest variations within the
same motion. A comparison of the accelerometer and gyroscope data determined that the
gyroscope data has more complex properties and fewer noise points, making it more ideal
for the learning and reasoning of the neural network. Before generating the network’s stan-
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dard input, it is necessary to address the extraction and separation of valid data segments
since the same motion of different participants occurs at different times and lasts varying
times. Taking into account the temporal features of the data, we attempt to extract valid
segments of the entire motion time in this article, which was detailed demonstrated in the
identification algorithm.

2.4. Identification Algorithm

Overall, the algorithm is divided into 3 stages: the extraction of valid segments based
on the Dynamic Time Warping algorithm, data augmentation, and a deep learning-based
classification algorithm. The whole process of the algorithm can be shown in Figure 5.
Further, about the classification algorithm, we picked the most typical Deep Neural Net-
works (DNNs) as the classification benchmark and investigated the classification accuracy
of the RNN-based method and the CNN-based method to explore the impact of various
algorithms on the precise perception and identification of classroom behaviors.
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Figure 5. The framework of the whole process of the algorithm. The algorithm takes raw data as the
input and outputs the most likely behavior from the 14 common classroom behaviors.

2.4.1. Voting-Based DTW (VB-DTW) Valid Segment Extraction Algorithm

Initially, we normalized the collected data to eliminate large differences in data values,
which can hinder the convergence of the model. We scale the features contained in each
channel by the maximum value and minimum value to the interval [0, 1] without affecting
the numerical distribution:

X =
X− Xmin

Xmax− Xmin
(1)

Developing a distinctive and suitable method for feature representation is necessary
in order to assess if motions can be accurately distinguished from the continuous and sub-
stantial stream of sensor data. The classification accuracy is determined by the algorithm’s
capacity to accurately extract the features in each motion sequence, particularly for se-
quences having temporal properties. Even though each motion’s recommended acquisition
time is equal, the valid duration of each motion varies due to participant differences during
the acquisition process. The ratio of the motion’s valid segment to its total time segment is
insufficient for some motions (such as raising a hand on a seat, standing up and raising a
hand, standing up and sitting down, and knocking on a table), making it challenging to
identify motion patterns and represent motion features. To accurately identify the motion
mode of each motion, we must differentiate the sitting still state from the valid duration
data. In this context, we proposed an improved algorithm for signal extraction based on
the Dynamic Time Warping (DTW) algorithm [35], which names as Voting-Based DTW
(VB-DTW) valid segment extraction algorithm.
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Since the valid motion segments are surrounded by the “sitting still” data in this
work, we must divide the raw motion data into tiny sequences to efficiently locate the
valid segment rather than process an entire motion segment directly. To extract the valid
segments, we divide the raw motion data with a length of 50, which splits the entire
2000 motion data into 40 smaller slices. Utilizing the VB-DTW algorithm, we figure out the
minimum warped path of 2 adjacent slices, a total of 39 warped path values yields for each
motion from a total of 40 slices. The average warped path value of the motion is utilized as
the threshold, and the combined vote of 4 neighboring warped paths is used to evaluate if
the slices correspond to valid motion clips. The effective segment length of the final motion
is determined by connecting the extracted valid segments. In addition, to address the issue
of varied lengths for each extracted valid motion segment, we uniformly downsample the
extracted valid motion segments to 285 in order to make model training easier. We apply
the VB-DTW algorithm on the remaining thirteen types of motions except the sitting still
since the complete motion sequence of the sitting still is a valid segment of the motion. As
a result, we directly downsample the sitting still data to a length of 285. The whole process
of the VB-DTW-extracted valid segment algorithm can be shown in Algorithm 1.

Algorithm 1: Voting-Based DTW (VB-DTW) valid segment extraction algorithm

Input:
Segments of original data : Si, i = 1, 2, 3, . . . , N, where N = 40;
For each time sequence : Si = S1

i , S2
i , S3

i , . . . , SM
i , where M = 50.

Initialization:
Dv = { }, Sv = { }
voting set =

{
Dj−2, Dj−1, Dj, Dj+1, Dj+2

}

1: while 1 ≤ i ≤ N − 1 do
2: Di ← DTW(Si, Si+1)
3: end while
4: threshold← 1

N−1 ∑
N−1
i=1 Di

5: while 3 ≤ j ≤ N − 2 do
6: for Dvalue in voting set do
7: count← 0
8: if Dvalue > threshold then
9: count← count + 1
10 : if count ≥ 3 then
11 : Dv← Dv ∪ j

12: j; j← j + 1
13: end while
14: for j in {1, 2, N − 1, N} do
15: if Dj > then
16: Dv← Dv ∪ j

17: Sv← Sv ∪
{

SDk
v
, SDk

v+1

}
(k = 1, 2, 3, . . . length(Dv))

Output:
DTW value of time series : Dj, j = 1, 2, 3, . . . , N − 1;
Valid segment slices : Sv, Sv ∈ Si.

2.4.2. Data Augmentation

Data augmentation assists in resolving the overfitting issue caused by insufficient
data sets during model training. Contrary to the data augmentation methods for image
data, time series data augmentation confronts several formidable obstacles, including
1. the fundamental features of time series sequences are underutilized, 2. different jobs
necessitate the use of distinct data augmentation techniques, and 3. the issue of sample
category imbalance.

Traditional time series data augmentation methods can be subdivided into time
domain-based data enhancement to convert original data or to inject noise; frequency
domain-based data enhancement converts data from the time domain to the frequency
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domain and then applies enhancement algorithms; and simultaneous time domain and
frequency domain analysis. To prevent the issue of model overfitting caused by insufficient
data, to strengthen the model’s robustness, and to generate a high number of data samples,
we use the window slicing-based method as the data enhancement technique. Window
slicing separates the original data of length n into n − s + 1 slices with the same label as
the raw segment, using S as the new slice length. During the training process, each slice
is sent to the network independently as a training instance for prediction. During testing,
the separated slices are also submitted to the network, and the majority vote is utilized
to determine the original segment’s label. In this model, we select a slice length of 256,
which corresponds to approximately 90% of the original length of 285. Figure 6 depicts the
data augmentation method, which divides the down-sampled valid motion sequence into
30 new slices.
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Figure 6. The detailed data augmentation procedure. The green/orange/blue lines represent the
sensor data for a motion. The detailed data augmentation procedure. The green/orange/blue
lines represent the sensor data for a motion. The sample window size is 256, and the stride size
of the window is 1. We received 30 identical labeled data for each 285-length motion data after
data augmentation.

2.4.3. Deep Learning-Based Classification Algorithm

We explored 2 categories, Recurrent Neural Networks (RNN) based methods and
Convolutional Neural Network (CNN) based methods. The RNN-based method tries
to represent data attributes based on temporal properties. Long Short Term Memory
network (LSTM) [36] and Bidirectional Long Short Term Memory network (BiLSTM) [37]
are the specific algorithms chosen for RNN-based methods. The CNN-based method can
extract features by performing convolution on the data and focusing on the data’s spatial
characteristics. The chosen method for CNN-based methods is 1DCNN [38]. The basic deep
neural network (DNN) is chosen as a simple benchmark model that aims to evaluate the
performance of various algorithms from these 2 categories. The reason for comparing these
four models is that this paper aimed to explore the more classical, advanced, and effective
models of temporal data processing for the performance of perception and identification
of students’ classroom behavior tasks. The choice of these four classical models helped
us to achieve the goal of presenting the best results of our model compared to the rest of
the models.

(1) LSTM and BiLSTM

Recurrent neural networks (RNNs) are uniquely valuable compared to other neural
networks for processing interdependent sequential data, such as text analysis, speech
recognition, and machine translation. It is also widely used in the field of sensor-based
motion recognition due to its property of recursion in the direction of sequence evolution,
and all recurrent units are linked in a chain [39].

However, the conventional RNN has a short-term memory problem because the RNN
cannot memorize and process more comprehensive sequence information, as the layers
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in the pre-recursive stage will stop learning due to the vanishing gradient problem or
exploding gradient problem caused by backpropagation. For the problem that the later
data input has more influence and the earlier data input has less influence on RNN, in 1997,
Hochreiter and Schmidhuber proposed the Long Short Term Memory Network (LSTM),
which successfully solved the limitation of RNN in processing long sequence data and was
able to learn the long-term dependence of sequence data features. LSTM proposed the
internal mechanism of ‘gates’ used to regulate the flow of feature information, including
input gates that control the reading of data into the unit, output gates that control the
output entries of the unit, and forgetting gates that reset the contents of the unit. The
specific LSTM structure is shown in Figure 7, and a new vector C representing the cell state
is added to the LSTM.

                   
 

                             
                        ‐
                         

                                 
       

      
                     

                     
                          ‐  

                           
                   

            ‐          
                     
      ‐                      

                         
                               
                     

                       
              ‐              

                          ‐
                             

                               
                                ‐
                 

 
                                         

      −                                    
−        

                           
                          ‐

                               
    ‐     ‐              
                                   

                           

Figure 7. LSTM structure, Wf is the forgetting gate, Wi is the input gate, Wo is the output gate, xt is
the input data, ht−1 is the neural node of the hidden state, and Wf is used to calculate the features in
ct−1 to obtain ct.

Both traditional RNN and LSTM can only predict the output of the next moment
based on the information of the previous moment. While in practical applications, the
information of the next moment may also have a significant influence on the output state
of this moment. Bi-directional LSTM (Bi-LSTM) combines 2 traditional LSTM models and
uses 1 of them for forward input and the other for reverse input to fuse the information of
the previous and subsequent moments for inference. Its structure is shown in Figure 8.
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Figure 8. Bi-LSTM structure, which combines forward LSTM and backward LSTM.

(2) 1DCNN
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One-dimensional convolutional neural networks (1DCNN) have strong advantages
for sequence data because of the powerful ability to extract features from fixed-length
segments in 1-dimensional signals. Also, the adaptive 1DCNN only performs linear 1D
convolutions (scalar multiplication and addition), thus providing the possibility of real-time
and low-cost intelligent control over hardware [40]. The basic structure of 1DCNN is shown
in Figure 9. The kernel moves on the sequence data along the time axis to complete the
feature extraction of the original data.
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Figure 9. 1DCNN structure. The structure of 1DCNN mainly includes input, hidden layer, and
output, so as to achieve the purpose of feature extraction.

In conclusion, the algorithm utilized the VB-DTW algorithm to extract valid segments,
and then window slicing was used to augment the data and achieve a 30-times dataset
increase. For classification, we employ 2 categories of networks. For the RNN-based
method, the LSTM network and Bi-LSTM network are chosen, as well as the 1DCNN for
the CNN-based method. These 2 different types of networks’ abilities and contributions to
percept and identify students’ classroom behavior are assessed.

2.4.4. Evaluation Metrics

(1) Valid Segments Extraction

In order to demonstrate the accuracy of the valid segments obtained by the VB-
DTW algorithm, we hand-crafted labeled the indices of all valid motion segments as
the benchmark. We measure the similarity between the index of extracted data slices
(represented as A) and the benchmark (represented as B) using the Jaccard index. The
Jaccard index is used to determine the degree of similarity between limited sample data and
is defined as the sample intersection size divided by the sample union size. The equation is:

J(A, B) =
|A ∩ B|
|A ∪ B| =

|A ∩ B|
|A|+ |B| − |A ∩ B| (2)

(2) Motion Identification

In order to verify the classification performance of the model, we usually use the
accuracy rate to characterize it, that is, the proportion of the number of samples with
accurate classification (represented as a) to the total number of samples (represented as m)
of this type. Expressed by the following formula:

accuracy =
a

m
(3)
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3. Results

In summary, based on the need to understand the classroom behaviors of school
children in educational scenarios, sensor-based devices provide an effective way to identify
classroom behaviors intelligently. Therefore, this paper proposes the VB-DTW algorithm
based on wearable sensors combined with artificial intelligence technology to achieve
intelligent recognition of school children’s classroom behaviors. Based on the recognition
results, it is possible to provide immediate feedback on students’ classroom performance
and help them improve their learning performance while providing an essential reference
basis and data support for constructing an intelligent digital education platform.

3.1. Identification Algorithm Valid Segmentation Results

For the 65 groups of motions with the same label, we calculate the Jaccard index of
each channel of acc and ypr and then determine the average Jaccard index for each motion
by averaging the six-channel values. As shown in Table 2, all the extracted valid segments’
indices except lying on the desktop and writing notes are more than 88% similar to the
benchmark. The Jaccard index of lying on the desktop and writing notes is worse than
other motions, which may be due to the sensor data not changing significantly during
motion times, as well as the warped path between the adjacent paths being near. This is
a weakness in our proposed VB-DTW algorithm, which makes the algorithm inefficient
for long-term recognition of a substantial portion of near-static data. We will continue
to investigate the most effective approach to dealing with precise and effective segment
extraction in subsequent tests.

Table 2. Jaccard index for 13 motions. All the extracted valid segments’ indices except lying on the
desktop and writing notes are more than 88% similar to the benchmark.

Motion Mode Jaccard Index

Raising a hand in the seat 0.97
Turning around and looking around 0.96

Raising hand while standing up 0.96
Rocking on the seat 0.97

Stand up and sit down 0.97
Wandering and trunk rotation 0.98

Playing hands 0.87
Turning pen in hand 0.88

Knocking on the desktop 0.95
Leaning the body and chat 0.96

Shaking legs 0.94
Lying on the desktop 0.45

Writing notes 0.50

3.2. Motion Identification Results

Furthermore, the performance of the aforementioned four models in accurately clas-
sifying classroom behavior is evaluated in order to measure the influence of different
classification models on the self-constructed dataset (SCB-13). A deep neural network
(DNN) is chosen as a simple benchmark model for the purpose of evaluating the efficacy
of various algorithms. Separately for the back sensor and shoulder sensor, the research
tests the accelerometer data (acc), gyroscope data (ypr), and accelerometer and gyroscope
data (acc + ypr). The research confirms the effect of classifying sensor data using LSTM
and BiLSTM networks, respectively, taking into account the time-series characteristic of the
data. In addition, from the perspective of one-dimensional signal feature extraction, the
research uses 1DCNN to extract and classify data features in a more “intelligent” mode.
The results of the experiments carried out are listed in Table 3 below.
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Table 3. Main Result of four networks for the back sensor and shoulder sensor separately. Further-
more, acc represents accelerometer data, ypr represents gyroscope data, and acc + ypr represents the
combination of accelerometer and gyroscope data.

Back Shoulder
Accuracy (%) acc ypr acc + ypr acc ypr acc + ypr

DNN 81.8 91.2 93.3 89.5 86.5 91.7
LSTM 66.5 84 96.4 81.3 81.6 89.2

BiLSTM 96 98 99.8 96.4 95.9 97.2
1DCNN 99.8 99.9 100 99.6 98.3 98.8

Based on a comprehensive evaluation of the experiment outcomes, we have deter-
mined that both DNN and LSTM networks are generally useful in distinguishing classroom
behaviors from the three channels’ data of the accelerometer or gyroscope. However, when
accelerometer and gyroscope data are incorporated into the network input, the classification
effect of the DNN and LSTM network is significantly enhanced, demonstrating that more
data channels are beneficial for the expression and differentiation of features.

The main experiment results show that, compared to DNN and LSTM networks, the
BiLSTM network significantly improves the identification accuracy of classroom behavior.
In addition, BiLSTM networks are capable of a more robust feature representation, whether
for three-channel data (accelerometer, gyroscope) or six-channel data (accelerometer and gy-
roscope), demonstrating that the combination of forward-backward LSTM neural network
for the learning of feature representation has been significantly improved.

Compared to the other three networks, the unique and potent feature extraction
capabilities for sequence data demonstrated by the 1DCNN network stands out. Combining
accelerometer and gyroscope data, the 1DCNN achieves classification accuracy of 100%
and 98.8% for the back and shoulder sensors, respectively. In terms of model complexity
and computing speed, 1DCNN is considerably superior to LSTM and BiLSTM.

In general, the data collected by the back sensor is more stable than that collected by
the shoulder sensor, allowing for the differentiation of classroom activities on a wider scale.
For motion classification, the gyroscope is superior to the accelerometer, despite neither
being as accurate as when accelerometer and gyroscope data are used simultaneously in
the classification.

4. Discussion
4.1. Ablation Study

4.1.1. Effect of VB-DTW Valid Segment Extraction

To evaluate the effectiveness of the proposed VB-DTW algorithm for valid segment
extraction, we chose the data with the best classification impact (the combination of acc
and ypr data) to investigate how valid segment extraction affected the action classification
results. Table 4 displays the test results. According to the test results, it can be inferred that
the results with VB-DTW valid segment extraction generally have higher accuracy than
those without VB-DTW. The 1DCNN model outperforms the other algorithms in terms of
classification accuracy for valid segment extraction.

Table 4. Test result of the effectiveness of VB-DTW valid segment extraction.

With VB-DTW Valid
Segment Extraction

Without VB-DTW Valid
Segment Extraction

Improvement by
VB-DTW

Accuracy
(%)

Back Shoulder Back Shoulder Back Shoulder

DNN 93.3 91.7 89.6 82.5 3.7↑ 9.2↑
LSTM 96.4 89.2 92.1 85.2 4.3↑ 4.0↑

BiLSTM 99.8 97.2 93.8 90.2 5.0↑ 7.0↑
1DCNN 100 98.8 98.5 95.9 1.5↑ 2.9↑
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4.1.2. Effect of VB-DTW Augmentation

In order to compare the accuracy of the model with and without data augmentation,
we still select the data (the combination of Acc and Ypr data) with the highest level of clas-
sification accuracy. Table 5 displays the test results. The test results show that the model’s
classification accuracy with and without data augmentation is significantly different, and
the special benefits of 1DCNN in the categorization of time series data are not reflected.
These results might be brought on by the issue of data overfitting by the insufficient amount
of data we gathered. As a result, for datasets with fewer data, the proposed algorithm
needs to apply data augmentation on the dataset.

Table 5. Test result of the effectiveness of data augmentation.

With VB-DTW
Augmentation

Without VB-DTW
Augmentation

Improvement by
VB-DTW

Accuracy
(%)

Back Shoulder Back Shoulder Back Shoulder

DNN 93.3 91.7 41.2 39.0 52.1↑ 52.7↑
LSTM 96.4 89.2 49.5 51.1 46.9↑ 38.1↑

BiLSTM 99.8 97.2 52.8 51.1 47.0↑ 46.1↑
1DCNN 100 98.8 53.8 52.1 46.2↑ 46.7↑

According to the results and discussions, the proposed VB-DTW algorithm, based on
wearable sensors and artificial intelligence technology, achieves intelligent perception and
identification of school-aged students’ classroom behaviors. Furthermore, effective, valid
segment extraction methods, as well as data augmentation in model design, are essential
for the network’s superior performance. Intelligent recognition of school-age children’s
classroom behavior can provide timely feedback, allowing the children, particularly those
with special education needs, to grasp their classroom behavior in real-time and obtain
assistance in the classroom without being labor-intensive.

4.2. Limitation of the Proposed Method

However, the proposed method has several limitations, particularly when students’
classroom behaviors do not change significantly over time (e.g., writing notes). The pro-
posed method cannot efficiently extract the segments of students’ motions. This issue
happened because the segments could not be extracted successfully due to the warped
path of the DTW algorithm between adjacent paths being near since the absence of sig-
nificant changes in the sensor data during motion. As a result, the proposed VB-DTW
algorithm is inefficient for the long-term recognition of the majority of near-static data. In
future work, we will still explore the most efficient way of dealing with precise and valid
segment extraction.

5. Conclusions

The purpose of this paper is to provide auxiliary education by intelligently perceiving
the behavior of students during classroom scenarios by integrating sensor equipment
with AI technology. In this article, an improved algorithm which was named VB-DTW
is proposed for separating valid sensor signals based on the DTW algorithm, and the
effectiveness is validated using the Jaccard index. It provides the capacity to discern
accurately between static and dynamic data. In addition, four classical deep learning
network structures are compared for the accuracy of classroom behavior classification. It
is discovered that the 1DCNN algorithm has the highest accuracy rate, particularly when
accelerometer and gyroscope data are aggregated, where the recognition accuracy rate
reaches 100%. We anticipate classifying more classroom activities based on hardware in
real time and achieving multi-modal identification by fusing sensor data and visual data in
future studies.
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Abstract: Stroke and related complications such as hemiplegia and disability create huge burdens
for human society in the 21st century, which leads to a great need for rehabilitation and daily life
assistance. To address this issue, continuous efforts are devoted in human–machine interaction (HMI)
technology, which aims to capture and recognize users’ intentions and fulfil their needs via physical
response. Based on the physiological structure of the human hand, a dimension-adjustable linkage-
driven hand exoskeleton with 10 active degrees of freedom (DoFs) and 3 passive DoFs is proposed in
this study, which grants high-level synergy with the human hand. Considering the weight of the
adopted linkage design, the hand exoskeleton can be mounted on the existing up-limb exoskeleton
system, which greatly diminishes the burden for users. Three rehabilitation/daily life assistance
modes are developed (namely, robot-in-charge, therapist-in-charge, and patient-in-charge modes) to
meet specific personal needs. To realize HMI, a thin-film force sensor matrix and Inertial Measurement
Units (IMUs) are installed in both the hand exoskeleton and the corresponding controller. Outstanding
sensor–machine synergy is confirmed by trigger rate evaluation, Kernel Density Estimation (KDE),
and a confusion matrix. To recognize user intention, a genetic algorithm (GA) is applied to search
for the optimal hyperparameters of a 1D Convolutional Neural Network (CNN), and the average
intention-recognition accuracy for the eight actions/gestures examined reaches 97.1% (based on
K-fold cross-validation). The hand exoskeleton system provides the possibility for people with
limited exercise ability to conduct self-rehabilitation and complex daily activities.

Keywords: hand exoskeleton design; motion simulation; rehabilitation; intention recognition;
machine learning; deep learning

1. Introduction

In the 21st century, the aged population has increased dramatically. Among elders,
a considerable number of people suffer from stroke and related complications such as
hemiplegia, disability, etc., which lead to problems in daily caring [1]. To restore self-care
capabilities, stroke patients usually require a long rehabilitation period after surgery [2,3].
Patients’ needs at different rehabilitation stages vary, thus rehabilitation therapy should
also be changed accordingly. To address this issue, human–machine interaction (HMI)
technology is developed for rehabilitation exoskeletons [4–6]. In brief, all HMI technologies
serve three purposes, which are intention capture, intention recognition, and physical
response [7].

Capturing exoskeleton user intention traditionally relies on feedback from sensors,
such as force transducers [8–10], cameras [11], strain gauges [12], and lasers [13], each
of which possesses inadequate sensor–machine synergy in dealing with complex ges-
ture/action and leads to low intention-recognition accuracy. Recently, electromyography
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(EMG) and electroencephalogram (EEG) have been extensively studied for HMI due to
their high intention-detection accuracy potential, which benefits from multiple signal chan-
nels [14–16]. However, EMG and EEG usually require huge data manipulation efforts,
which lead to a significant delay in real-time control [17]. To balance sensor–machine
synergy and real-time control performance, sensor matrices have been developed in many
studies. Upon distributing a flexible skin tactile sensor array on the ‘Baxter’ robotic forearm,
the real-time human touching detection accuracy reached 96% [18]. Moreover, by utilizing
a piezoelectric force sensor matrix, the gesture recognition accuracy of a ‘smart glove’ could
reach ~98%. In addition to the tactile sensor matrix, Inertial Measurement Units (IMU) are
also renowned in wearable devices due to their compact size, high resolution, fast response,
low cost, and compatibility with different systems [19]. The synergy of multiple IMUs led
to successful applications in gesture recognition [20], dance mimics [21], gait analysis [22],
tumble detection [23], daily life activity classifications [24], etc.

Intention recognition is another aspect of HMI, which refers to the prediction of human
activities based on sensor output data [25]. In practice, the intention-recognition accuracy is
affected by factors such as the resolution of the sensor, the install location of the sensor, the
complexity of the gesture/action, and the types of sensors synergized for prediction [19].
In addition to sensor selection and setup, a data processing and intention prediction model
is also crucial for intention-recognition accuracy. In recent years, the research on intention
prediction has mainly focused on the following approaches: Statistics [26,27], machine
learning [10,28], and deep learning [29–32]. Representative statistic approaches such as the
least-squares method and the Kalman filtering algorithm possess advantages such as low
computational complexity and good real-time control performance. However, to achieve
high prediction accuracy, a linear correlation is required between data captured by the
sensor and the demanded action trajectory [33]. In other words, the statistical approach is
only applicable to simple motion prediction. To address this issue, machine learning and
deep learning methods have been extensively studied. Representative machine learning
approaches such as the Maximum Entropy Markov Model (MEMM) and the Support Vector
Machine (SVM) usually require heavy data pre-processing such as Wavelet Transform (WT)
or Principal Component Analysis (PCA) to optimize eigenvalues of the data sets [10,28].
Although the popular SVM model can make reasonable predictions on data sets with
non-linear correlations, compared to deep learning methods such as the Convolutional
Neural Network (CNN), more computational time is usually required for large sample
sizes [34], and the prediction accuracy of SVM is more sample-size-dependent, due to its
inferior feature-extracting capability [34].

To assist users in rehabilitation and daily life activities, a reliable mechanical structure
design of hand exoskeletons is indispensable. Based on the force transmission mechanism,
the hand exoskeleton can be classified as pneumatic [35], cable/tendon-driven [36,37],
smart-material-based artificial muscle-driven [38–40], and linkage-driven [41,42] technol-
ogy. ‘Stiff hand’ is usually observed in stroke patients, and significant torque force is
required to perform successful rehabilitation. Artificial muscles based on smart materials
such as dielectric elastomers [39] and electroactive polymers [40] are not applicable as
they are usually insufficient in the generation of power, force, and deformation. Due to
the compressible and temperature-sensitive nature of gas, the bending angle and bending
speed of each finger joint cannot be precisely controlled by a pneumatic ‘muscle’ [43]. The
cable-driven design reduces the weight of the exoskeleton. In practice, the cables and
artificial tendons usually experience elastic deformation in operation, which may require
constant calibration to avoid misalignment with the rotation center of finger joints [44,45].
Most existing cable-driven designs only drive the fingers through the stretch or bend phase,
and the complete bend–stretch process cannot be repeated without the intervention of addi-
tional complex mechanisms [46]. Overall, soft design, which involves pneumatic ‘muscle’,
artificial tendon, or smart material, provides a comfortable wear experience; however, most
exoskeletons with a low-rigidity design are heavily underactuated and one active Degree
of Freedom (DoF) is usually considered for each digit, which limits its applications [47].
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Compared with soft exoskeletons, this design involves linkages that are bulky and rigid,
which potentially provides an uncomfortable wear experience and a heavy burden for the
user [48–50]. Furthermore, misalignment of the finger joint (axis) and exoskeleton joint
(axis) is commonly found in current designs, which potentially leads to discomfort and
skin abrasion [36,51,52]. However, the linkage-driven mechanism is still widely adopted
in hand exoskeletons due to the large force transmission efficiency, precise joint trajectory
control potential, and reliability of the mechanism [53].

To facilitate post-stroke rehabilitation and provide assistance for complex daily life
activities, a complete smart hand exoskeleton rehabilitation system, which covers accurate
digit joints’ motion control, adjustable dimensions, a reliable intention-detection approach,
and high intention-recognition accuracy, is proposed in this study. Based on the physiologi-
cal structure of a human hand, a compact linkage-driven design with 10 active DoFs and
3 passive DoFs is proposed, which enables accurate control of a wide range of postures.
Adopting the dimension-adjustable design, the device can be equipped by the majority of
the population in the world. Based on the preferences of the user, the hand exoskeleton can
be mounted on the existing up-limb exoskeleton system via a link module, which greatly
diminishes the weight burden for the user. Three rehabilitation/daily life assistance modes
are developed for various personal needs, namely, robot-in-charge, therapist-in-charge, and
patient-in-charge modes. Considering HMI, a thin-film force sensor matrix and IMUs are
installed in the exoskeleton, and the corresponding controller aims to capture/detect user
intentions by tracing the force on the exoskeleton and the rotation angle of finger joints.
The reliability of the sensor composition synergized with this device is assessed by the
trigger rate, Kernel Density Estimation (KDE), and a confusion matrix. To recognize user
intention, a genetic algorithm (GA) is applied to search for the optimal hyperparameters of
CNN aiming for high intention-recognition accuracy.

2. Design of Hand Exoskeleton
2.1. Hand Skeleton Model Construction

The physiological structure of the hand can be revealed by analyzing the existing
model of the hand skeleton in the OpenSim library. The skeleton of the hand capitates near
the wrist, metacarpals, and phalanges segments. In the hand skeleton, all digits contain 1
metacarpal segment. The 4 fingers have 3 segments, namely, proximal, intermediate, and
distal phalanxes. The thumb possesses 2 phalanx segments, which are proximal and distal
phalanxes. The joints of the hand are named according to the bones to which they connect.
Consequently, there is 1 metacarpophalangeal joint (MCP), 1 distal interphalangeal joint
(DIP), and 1 proximal interphalangeal joint (PIP) for the 4 fingers, while the thumb contains
only 1 MCP and 1 DIP joint (Figure 1). In addition, there is a carpometacarpal joint (CMC)
for each digit near the wrist.

 

–

–

Parameter for subjects’ fingers (units: mm).

 — 28

Figure 1. Constructed 3D model of hand skeleton based on anatomy.
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The joint between each phalanx can be treated as a 1 DoF hinge joint, as 2 phalanges
can only bend and extend along the vector direction shown in Figure 1. The MCP joint is
equivalent to 2 DoFs, a ball-and-socket model that can rotate along the two directions. The
CMC joints can be regarded as a 2 DoF saddle joint [54]. All digits in one hand have a total
of 29 DoFs, where the thumb contains 5 DoFs and each of the four fingers has 6 DoFs. If all
29 DoFs are adopted as active DoFs, the weight of the hand exoskeleton device would be
a huge burden and the reliability of the device in both motion transmission and motion
control would be low. To carry out a successful grasp, each digit acts independently for
flexion–extension, and the trajectory of each joint is constrained in a single plane.

Notably, the four fingers and the thumb do not share the same physiological structure.
The intermediate phalanx is absent for the thumb. Moreover, the DIP joint of the thumb
possesses a significantly larger active rotation range (compared with the DIP joints of
fingers). However, the CMC joint (especially the CMC of the thumb) plays an essential
role in grasping in terms of flexibility and force transmission. The simple grasp action can
be performed with all metacarpals fixed, and rotation of the CMC joint is not mandatory.
Therefore, the hand exoskeleton designed in this paper only considers the DoFs required
by flexion–extension, which mainly involves PIP and MCP joints for the four fingers, while
DIP and MCP joints are considered for the thumb.

2.2. Finger Kinematics

In order to conduct a finger kinematics analysis, the measurement of a volunteer
is necessary. Measurements are conducted on phalanges and metacarpals with the aid
of a vernier caliper. These measurements are recorded in Table 1. Note that while the
exoskeleton is developed based on a single subject, the fitness for a larger population is
considered, which is thoroughly discussed in Section 2.3.1. An experiment on subjects with
different hand sizes is presented in Section 3.2.3.

Table 1. Parameter for subjects’ fingers (units: mm).

Thumb Index Finger Middle Finger Ring Finger Little Finger
Proximal phalanx 36 46 47 46 39
Middle phalanx — 27 28 27 24
Distal phalanx 31 24 25 24 22

metacarpal 43 63 61 55 51

Considering all the possible gestures/actions performed by the hand, the skeleton
of the hand plays an essential role in posture support, and the length of each digit stays
approximately the same during the rotation process. Taking the index finger as an example,
we treat the metacarpal bone as a fixed base frame and the metacarpal bone, proximal,
middle, and distal phalanxes form an open-chain four-linkage mechanism. For a grasping
action, the 3 DoFs in the four-linkage mechanism are all rotational, and the rotation angle
ranges are 0–90◦, 0–110◦, and 0–70◦ for MCP, PIP, and DIP, respectively. Based on a modified
hand skeleton model (Figure 2), D-H parameters (Table 2) of the equivalent four-linkage
mechanism are established to study the kinematics of the hand, where O0 is the coordinate
system fixed at one end of the metacarpal close to carpals (CMC joint) and the O1, O2,
O3, and O4 coordinate system is located at the geometric center of the MCP, PIP, DIP, and
fingertip, respectively.
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𝒍𝒊 𝜶𝒊 𝒅𝒊 𝜽𝒊−𝜃𝐶𝑀𝐶−𝜃𝑀𝐶𝑃−𝜃𝑃𝐼𝑃−𝜃𝑃𝐼𝐷

Figure 2. Coordination system of the 3D hand model.

Table 2. D-H parameters for the hand skeleton in Figure 2 (units: mm).

li αi di θi

i = 0 80 0 0 −θCMC

i = 1 46 0 0 −θMCP

i = 2 27 0 0 −θPIP

i = 3 24 0 0 −θPID

In this research, the hand exoskeleton is designed to carry out rehabilitation training
and aid patients in daily life activities such as object grasping. To implement the grasp
action, muscles and tendons drive the MCP joint first, followed by PIP and DIP joints.
In this study, workspace refers to the collection of spatial positions that a joint can reach
under constraints.

Based on the Monte Carlo method [55], workspace studies on the fingertip and (the
geometric center of) the DIP joint are carried out first to build and validate the initial design
of the hand exoskeleton. Random valid rotation angles of each joint are substituted into
a kinematics matrix based on the D-H setup to obtain the workspace cloud map of the
index fingertip and DIP joint (Figure 3). As can be seen, the workspace of the DIP joint lays
inside the workspace of the fingertip; however, the relatively smaller DIP joint workspace
is enough for grasping large objects such as a bottle.

2.3. Design of the Exoskeleton Structure

2.3.1. Structure Analysis

In order to perform rehabilitation exercises or grasp activities, the flexion–extension
motion for each digit is essential. Among all the force transmission mechanisms for
rehabilitation exoskeletons, the four-linkage mechanism is simple and accurate for motion
control, and thus is adopted in this study. Figure 4a presents the schematic diagram of
the exoskeleton mechanism for the index finger. Rotation mechanisms for the MCP and
PIP joints in the hand exoskeleton are the same. Taking the MCP joint as an example first,
the metacarpal bone serves as a fixed-base frame and the proximal phalanx functions as
a phantom element; together, they form a closed-chain mechanism with linear actuator
1 and exoskeleton linkages. Linear actuator 1 is an active member and dominates the
flexion–extension behavior of MCP. Four constant parameters, m, n, α, and β labeled in
Figure 4b,c, are adopted to describe the relationship between the actuator and angle φ. The
relation between the length of the linear actuator 1 (l) and φ can be expressed as:

cosφ =
m2 + n2 − l2

2mn
(1)
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– 𝑚 𝑛 𝛼 𝛽 ∅𝑙 ∅𝑐𝑜𝑠𝜙 = 𝑚2 + 𝑛2 − 𝑙22𝑚𝑛 𝜓 = 𝛼 + 𝛽 + 𝜙 − 𝜋.𝑎 𝑏 𝑢 𝑣𝜔 = 𝛼 + 𝛽 + 𝜙 − 𝜋

Figure 3. The workspace of the tip and DIP joint of the index finger. (a) The workspace of the index
fingertip; (b) 2D view of the workspace of the index fingertip; (c) The workspace of the DIP joint;
(d) 2D view of the workspace of the DIP joint.

 

Figure 4. Sketch of exoskeleton structure for index finger. (a) Four-linkage mechanism of exoskeleton;
(b) minimum angle of MCP joint; (c) maximum angle of the MCP joint; (d) minimum angle of PIP
joint; (e) maximum angle of the PIP joint.

The rotation angle of the MCP joint can be presented as ψ = α + β + φ− π. Similarly,
a, b, u, and v are adopted for PIP joint-related rotation and the rotation angle of the PIP
joint ω = α + β + φ− π. Grasping activities in daily life does not require the full rotational
range of joints. To hold a cup with a diameter of ~10 cm, the angular rotation in MCP and
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DIP is ~10◦ and ~45◦, respectively, for the thumb, while the MCP and PIP joints rotate ~30◦

and ~60◦, respectively, for the rest of the 4 fingers. In this consideration, the maximum
rotation angle for MCP and PIP joints is designed to be 60◦, which guarantees the safety
of users and fulfills the needs for activities such as grasping and rehabilitation. With
the above-mentioned understanding, Figure 4b,c illustrate the minimum and maximum
lengths of the linear motor 1; meanwhile, Figure 4d,e show the minimum and maximum
PIP joint rotation angles, respectively.

The overall design of the hand exoskeleton is presented in Figure 5a. Based on the
preferences of the patient and suggestions of the doctor, the hand exoskeleton can either
function independently or perform rehabilitation with support from the existing upper-
limb exoskeleton system presented in Figure 6. The hand exoskeleton can be attached
to the arm exoskeleton via a link module, which greatly diminishes the weight of the
hand exoskeleton that a user needs to bear. Most components of the hand exoskeleton are
realized via 3D printing utilizing polylactic acid (PLA), which is a low-density material.
The strength of essential parts is verified via the FEA method (Supplementary Material,
Figure S1). The structure strength meets the requirements of tasks such as rehabilitation
and low-weight object holding.

 

–
 The metacarpal exoskeleton, linear actuator 1, and proximal phalanx exoskeleton to-

gether form an open-chain mechanism. The metacarpal exoskeleton needs to be fixed to 
the human hand (via either a bandage or glove) to ensure the accurate control of joints. 

Figure 5. Hand exoskeleton rehabilitation system. (a) Overview of the hand exoskeleton; (b) com-
ponents in the index finger exoskeleton; (c) detailed illustration of the wearable controller; (d) the
synergy of hand exoskeleton and the wearable controller.

The hand exoskeleton contains 10 active DoFs and 3 passive DoFs in total. The motion
of each digit can be controlled separately. Taking the index finger exoskeleton as an example
(Figure 5b), there are 2 linear actuators selected for joint rotation, which are FIRGELLI
L12-50-100-12-I (linear actuator 1) and L12-30-100-12-I (linear actuator 2). All 3 passive
DoFs are shown in the insert of Figure 5a, aiming to adjust the relative position between the
finger exoskeleton base and the thumb exoskeleton base. The rotation of passive joints can
be constrained by tightening the bolts when comfortable angles are found for rehabilitation
and grasping. More information regarding passive joints is presented in Supplementary
Materials, Figure S2.
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–
 The metacarpal exoskeleton, linear actuator 1, and proximal phalanx exoskeleton to-

gether form an open-chain mechanism. The metacarpal exoskeleton needs to be fixed to 
the human hand (via either a bandage or glove) to ensure the accurate control of joints. 

 

Figure 6. The combination of the hand exoskeleton and the existing upper-arm rehabilitation system.
(a) Picture of the whole system; (b) side view of the hand exoskeleton mounted on upper-arm rehabil-
itation system; (c) bottom view of the hand exoskeleton mounted on upper-arm rehabilitation system.

Consider the interaction and force transmission between the hand and wearable
exoskeletons, fingers and exoskeleton are tightened by the presence of elastic silica gel
(inset of Figure 5b). The exoskeleton rotation axes and finger rotation axes are lined
up to minimize the possible relative sliding between exoskeleton linkage and human
phalanges. Regarding the friction between linkages and actuators, miniaturized bearings
are adopted. For each digit, 4 thin-film pressure sensors are sandwiched between the silica
gel (both dorsal and palmar sides) and digit holder. In addition, 3 IMUs are installed in
the exoskeleton in the labelled position of Figure 5b. Adopting the design of the hand
exoskeleton, a wearable controller without an actuator is assembled with a pressure sensor
and IMUs installed in the positions labelled in Figure 5c. This wearable controller is
designed for HMI, which is thoroughly discussed in Section 3.

Although the hand exoskeleton is developed based on one subject, the fitness of people
with different phalanx/digit lengths is considered in this design. Representative anthropo-
metric data are considered first; however, a complete and convincing segment data sheet is
rare in the literature. Thus, the phalanx lengths of 20 subjects were measured. The height
of subjects ranged from 152 to 191 cm. Based on the measurements, a length-adjustment
mechanism was designed. To ensure a comfortable rehabilitation experience for different
people, the rotation axes of the PIP joints (DIP joint for the thumb) of the hand exoskele-
ton and the human hand need to be aligned first and then the length of the metacarpal
exoskeleton is adjusted via the sliding chute of the metacarpal exoskeleton (Supplementary
Materials, Figures S3–S5) to align the rotation axis of the MCP joints (Figure 4a). The
metacarpal exoskeleton, linear actuator 1, and proximal phalanx exoskeleton together form
an open-chain mechanism. The metacarpal exoskeleton needs to be fixed to the human
hand (via either a bandage or glove) to ensure the accurate control of joints.

Based on the Monte Carlo method, Figure 7 represents the DIP joint workspace (A) of
the index finger, which is driven by the exoskeleton. Considering the entire workspace B of
the DIP joint (Figure 3d), the two workspaces present the following relationship A ⊂ B,
which guarantees the safety of the exoskeleton user in all circumstances.
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𝐴𝐵 𝐴 ⊂𝐵

 

𝐶0, 𝐶1, 𝐶2, 𝐶3, 𝐶4, 𝐶5
{𝜓(𝑡) = 𝐶0 + 𝐶1𝑡 + 𝐶2𝑡2 + 𝐶3𝑡3 + 𝐶4𝑡4 + 𝐶5𝑡5𝜓′(𝑡) = 𝐶1 + 2𝐶2𝑡 + 3𝐶3𝑡2 + 4𝐶4𝑡3 + 5𝐶5𝑡4𝜓′′(𝑡) = 2𝐶2 + 6𝐶3𝑡 + 12𝐶4𝑡2 + 20𝐶5𝑡3 𝑡0 𝑡𝑒

Figure 7. Workspace of exoskeleton worn by index finger. (a) The DIP joint workspace of the
index finger driven by index finger exoskeleton; (b) 2D view of the DIP joint workspace for the
corresponding index finger exoskeleton.

2.3.2. Kinematic Analysis

To execute rehabilitation training or grasp tasks precisely, joint space trajectory plan-
ning is needed to describe each joint angle variation with respect to time. Moreover, angular
velocity and angular acceleration of both MCP and PIP joints during the rotation process
need to be constrained to avoid the possibility of finger injury. To guarantee a gentle accel-
eration for each finger joint, a quintic polynomial is adopted for the trajectory planning of
each joint. The quintic polynomial contains 6 coefficients (C0, C1, C2, C3, C4, C5), which
constrain the angle, angular velocity, and angular acceleration. The corresponding angle,
angular velocity, and angular acceleration of both joints meet the following requirements:





ψ(t) = C0 + C1t + C2t2 + C3t3 + C4t4 + C5t5

ψ′(t) = C1 + 2C2t + 3C3t2 + 4C4t3 + 5C5t4

ψ′′ (t) = 2C2 + 6C3t + 12C4t2 + 20C5t3
(2)

We assume 10 s is required for MCP and PIP joints to rotate 60◦, taking t0 and te as
the start and end time for both joints, and the 6 parameters in Equation (3) are presented
as follows: 




C0 = 0
C1 = ψ′(t0)

C2 = ψ′′ (t0)
2

C3 = ψ′′ (te)
20 − 3ψ′′ (t0)

20 − 3ψ′(t0)
50 − ψ′(te)

25 + π
300

C4 = 3ψ′′ (t0)
200 − ψ′′ (te)

100 + ψ′(t0)
125 + 7ψ′(te)

1000 − π
2000

C5 = ψ′′ (te)
2000 −

ψ′′ (t0)
2000 −

3ψ′(t0)
10000 −

3ψ′(te)

10000 + π
50000

(3)

To guarantee gentle and stable rehabilitation training with the exoskeleton, the speed
and acceleration of the MCP and DIP joints are set to 0 for the start and end points. Based
on the setup above, angle, angular velocity, and angular acceleration changes with respect
to time are calculated for MCP and PIP joints, which are presented in Figure 8. Figure 9a
presents the trajectory of the corresponding (index finger exoskeleton) DIP joint, and as
can be seen, the trajectory exists completely inside the workspace of the index finger
exoskeleton DIP joint (Figure 9b).
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{  
   
    
 𝐶0 = 0𝐶1 = 𝜓′(𝑡0)𝐶2 = 𝜓′′(𝑡0)2𝐶3 = 𝜓′′(𝑡𝑒)20 − 3𝜓′′(𝑡0)20 − 3𝜓′(𝑡0)50 − 𝜓′(𝑡𝑒)25 + 𝜋300𝐶4 = 3𝜓′′(𝑡0)200 − 𝜓′′(𝑡𝑒)100 + 𝜓′(𝑡0)125 + 7𝜓′(𝑡𝑒)1000 − 𝜋2000𝐶5 = 𝜓′′(𝑡𝑒)2000 − 𝜓′′(𝑡0)2000 − 3𝜓′(𝑡0)10000 − 3𝜓′(𝑡𝑒)10000 + 𝜋50000

 

–
–

Figure 8. Trajectory planning for index finger exoskeleton MCP joint and PIP joint. (a–c) MCP joint
angle, angular velocity, and angular acceleration variation with respect to time; (d–f) PIP joint angle,
angular velocity, and angular acceleration variation with respect to time.

{  
   
    
 𝐶0 = 0𝐶1 = 𝜓′(𝑡0)𝐶2 = 𝜓′′(𝑡0)2𝐶3 = 𝜓′′(𝑡𝑒)20 − 3𝜓′′(𝑡0)20 − 3𝜓′(𝑡0)50 − 𝜓′(𝑡𝑒)25 + 𝜋300𝐶4 = 3𝜓′′(𝑡0)200 − 𝜓′′(𝑡𝑒)100 + 𝜓′(𝑡0)125 + 7𝜓′(𝑡𝑒)1000 − 𝜋2000𝐶5 = 𝜓′′(𝑡𝑒)2000 − 𝜓′′(𝑡0)2000 − 3𝜓′(𝑡0)10000 − 3𝜓′(𝑡𝑒)10000 + 𝜋50000

–
–

 

Figure 9. Trajectory of index finger exoskeleton DIP joint to accomplish a grasp action; (a) 3D view of
the trajectory; (b) trajectory of index finger exoskeleton DIP joint compared with the workspace of
the DIP joint.

To ensure the fingers under the control of the exoskeleton move according to the
previously determined trajectory, it is necessary to control the linear actuator precisely.
Based on Figure 4 and Equation (1), the length of linear actuators 1 and 2 (Figure 5b) can be
expressed as: {

l(t) =
√

m2 + n2 − 2mn cos[π − α− β + ψ(t)]

c(t) =
√

a2 + b2 − 2ab cos[π − u− v + ψ(t)]
(4)

For the grasp action defined in this section, the displacement, velocity, and acceleration
for linear actuators 1 and 2 are presented in Figure 10.
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{𝑙(𝑡) = √𝑚2 + 𝑛2 − 2𝑚𝑛 𝑐𝑜𝑠[𝜋 − 𝛼 − 𝛽 + 𝜓(𝑡)]𝑐(𝑡) = √𝑎2 + 𝑏2 − 2𝑎𝑏 𝑐𝑜𝑠[𝜋 − 𝑢 − 𝑣 + 𝜓(𝑡)]

 

– –
– –

– –

–

–

Figure 10. Displacement, velocity, and acceleration diagrams of the two actuators in order to rotate
60◦ in 10 s for MCP and PIP joints. (a) Displacement–time diagram of actuator 1; (b) velocity–time
diagram of actuator 1; (c) acceleration–time diagram of actuator 1; (d) displacement–time diagram of
actuator 2; (e) velocity–time diagram of actuator 2; (f) acceleration–time diagram of actuators 2.

3. Hand Exoskeleton HMI Strategies
3.1. Hand Exoskeleton System Overview

The overall control system is composed of four major parts, including the hand
exoskeleton, host computer, slave computer (STM32-F329 microcontroller, manufactured
by Zhengdianyuanzi Ltd., Guangzhou, China), and a wearable controller (Figure 11a). The
host computer processes data collected by the slave computer and sends commands via the
interface program developed in the QT environment. As shown in Figure 11b, the interface
program possesses two basic functions including mode selection and data visualization.
The slave computer integrates one analog-to-digital converter (ADC) and one serial port
transmission module and controls the linear actuator via pulse width modulation (PWM).

Considering the high real-time and high-resolution requirements for rehabilitation,
thin pressure sensors (RP-C18.3-ST, manufactured by Aodong Ltd., Dunhua, China) and
IMUs (IMU901, manufactured by Zhengdianyuanzi Ltd.) are selected for human–machine
interaction, and the distribution of these sensors is illustrated in Figure 5. The thin-film
pressure sensors selected are piezoelectric and their pressure reading can be calibrated via
the resistance–voltage conversion relation:

U0 =

(
1 + RAO−RES ×

1
Rx

)
× 0.1 (5)

where RAO−RES represents the adjustable resistance and Rx is the resistance that changes
in real time with respect to pressure changes. The real-time pressure data collected by the
sensor can be converted into an analog voltage (0~3.3 V) through the ADC module in the
slave computer. The adopted IMU integrates a gyroscope, accelerometer, magnetometer,
and barometer. The IMU outputs the variation of pitch, roll, and yaw angles via the
Universal Synchronous Asynchronous Receiver Transmitter module (USART). In order to
minimize the interference of ‘abnormal data’ (induced by shaking of the hand, random
motion of the arm, etc.) while ensuring the reliability of data, an amplitude-limiting filtering
algorithm (integrated into STM32) is utilized to constrain the steep variation in the data.
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𝑈0 = (1 + 𝑅𝐴𝑂−𝑅𝐸𝑆 × 1𝑅𝑥) × 0.1𝑅𝐴𝑂−𝑅𝐸𝑆 𝑅𝑥

minimize the interference of ‘abnormal data’ (in

 

Figure 11. Control of the hand exoskeleton rehabilitation. (a) System overview of the hand exoskele-
ton; (b) interface program to control the hand exoskeleton.

3.2. Control Modes for Rehabilitation and Daily Life Activity Assistance

Stroke patients usually need a long rehabilitation period after surgery in order to re-
cover from stroke-related complications such as hemiplegia. Patients’ demands at different
rehabilitation stages vary even for the same patient [14], thus, rehabilitation therapy should
also be changed accordingly. Regarding this issue, human–machine interaction (HMI)
technology is adopted to adjust rehabilitation therapy and control the motion of the hand
exoskeleton based on personal needs. Three modes are designed for rehabilitation and daily
life assistance, namely, robot-in-charge, therapist-in-charge, and patient-in-charge modes.

The robot-in-charge training strategy aims to help patients without the ability to move
or exercise. In this mode, the hand exoskeleton guides the patient’s hand along a pre-
planned path (proposed by doctors). The therapist-in-charge training strategy is suitable
for patients in all recovery stages and requires a therapist to put on the wearable controller
(Figure 5c). The angular rotation of the therapist’s hand is mapped onto the patient’s
hand via tracking pitch, roll, and yaw angles obtained by IMUs. The patient-in-charge
training strategy targets patients who are capable of low-intensity exercises. In this mode,
two functions can be achieved, which are rehabilitation and daily activity assistance. A
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wearable controller is required to be worn by one hand, while the hand exoskeleton is
equipped with the other hand (Figure 5d). Utilizing deep learning and machine learning
methods, data (collected by the wearable controller) can be correlated to different pre-
planned exoskeleton postures/actions. More information regarding the three modes is
presented in the following sections.

3.2.1. Robot-in-Charge Rehabilitation Mode

Figure 12 illustrates the control flow diagram for the three rehabilitation modes, where
the robot-in-charge mode is presented by green blocks. Based on the rehabilitation therapy
suggested by the doctor, the trajectory of each exoskeleton joint can be planned with the
aid of Equation (2), and the corresponding elongation in the linear attractors is calculated
via Equation (4). In the rehabilitation process, the real-time data collected by the thin-film
pressure sensors installed in the hand exoskeleton (Figure 5b) can be monitored by doctors
and the data can be used as a recovery evaluation index.

related complications such as hemiplegia. Patients’ demands at dif-

–

move or exercise. In this mode, the hand exoskeleton guides the patient’s hand along a 

controller (Figure 5c). The angular rotation of the therapist’s hand is mapped onto the 
patient’s hand via tracking pitch, roll, and yaw angles obtained by IMUs. The patient

 

Figure 12. Hand rehabilitation exoskeleton control flow diagram for the three rehabilitation modes.

3.2.2. Therapist-in-Charge Rehabilitation Mode

The therapist-in-charge training mode is presented by the orange blocks in Figure 12.
In this mode, a wearable controller is required to be equipped by the therapist. In Figure 5c,
there are three IMUs (IMUs 1–3) that record the rotation of the index finder, while two IMUs
(IMU 4–5) are installed to detect the motion of the thumb. The three angle readings (pitch,
roll, and yaw, specified in Figure 5c) from IMU 3 mainly serve the purpose of a motion
benchmark, and the rest of the angles function for hand exoskeleton motion tracking.

In the rehabilitation process, rotation in the index finger PIP or MCP joint leads to
the angle variation in IMUs 1 or 2, respectively, while motion in the thumb MCP or DIP
can be detected by IMUs 4 or 5, respectively. IMUs in one digit are all aligned in the same
plane. For any adjacent two IMUs, differences in pitch and yaw angles are expected to be 0.

363



Bioengineering 2022, 9, 682

Taking the index finger PIP joint as an example, using the reading of IMU 2 as a benchmark,
the PIP rotation angle can be expressed as follows:




Roll
Pitch
Yaw




MCP

=




Roll
Pitch
Yaw




Imu1

−




Roll
Pitch
Yaw




Imu2

(6)

With the aid of the slave computer, the real-time PIP joint angle variation of the
therapist’s index finger is obtained. IMUs installed in positions of the hand exoskeleton
are similar to the positions in the wearable controller (Figure 5b), and the angle variation
in each joint of the hand exoskeleton can also be calculated with the aid of Equation (5).
Utilizing Equation (4), the demanded elongation of the linear actuator installed in the
exoskeleton is calculated. Figure 13 indicates the decent real-time performance of the
therapist-in-charge training mode.

–
–

[ 𝑅𝑜𝑙𝑙𝑃𝑖𝑡𝑐ℎ𝑌𝑎𝑤 ]𝑀𝐶𝑃 =  [ 𝑅𝑜𝑙𝑙𝑃𝑖𝑡𝑐ℎ𝑌𝑎𝑤 ]𝐼𝑚𝑢1 −  [ 𝑅𝑜𝑙𝑙𝑃𝑖𝑡𝑐ℎ𝑌𝑎𝑤 ]𝐼𝑚𝑢2
apist’s index finger is obtained. 

 

recognition is of vital importance. ‘Stiff hand’ is usually observed in stroke patients, and 

ognizing one hand’s posture/action to guide the other hand’s motion is the best strategy. 

Figure 13. Real-time PIP joint angles variation for index finger of therapist and index finger ex-
oskeleton. Blue line refers to the PIP joint rotation performed by therapist equipped with wearable
controller, while the red line presents the PIP joint angle change in index finger exoskeleton.

3.2.3. Patient-in-Charge Rehabilitation Mode

The patient-in-charge training strategy designed in this research targets patients with
limited exercise ability who are only able rotate digit joints at a small angle (e.g., 5◦).
For these patients who require self-rehabilitation and complex daily activities, intention
recognition is of vital importance. ‘Stiff hand’ is usually observed in stroke patients,
and the stiffness is unpredictable considering the vast population of stroke patients, thus
recognizing one hand’s posture/action to guide the other hand’s motion is the best strategy.
In this study, both the exoskeleton and its corresponding controller are adopted.

Compared with statistical intention-recognition methods, the deep learning approach
of a CNN (Figure 14a) is adopted for its renowned training efficiency and prediction accu-
racy [19]. Results of the CNN model are validated and compared with the widely adopted
machine learning method SVM. Gestures of the hand recognized by the wearable controller
can be correlated with planned trajectories of the hand exoskeleton, and these trajectories
can be planned and adjusted based on the needs of patients, utilizing Equations (2)–(4).
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Figure 14. Deep Learning and machine-learning-based intention recognition. (a) 1D CNN structure
diagram; (b) sensor output data pattern of the six actions/gestures; (c) confusion matrix diagrams of
CNN (left panel) and SVM (right panel) models.
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Data Acquisition and Processing

In this research, the wearable controller is worn by the right hand of volunteers to
record data from both the IMUs and thin-film pressure sensors labelled in Figure 5c. Eight
unique gestures/actions are selected for the identification experiment (inset of Figure 14b).
Five healthy volunteers are involved in the data acquisition (the hand size of each volunteer
is presented in Supplementary Materials Figure S5), and each gesture/action is repeated
250 times by each individual volunteer. A total of 10,000 sets of data are collected. Among
all the data sets, a random 84% are utilized for training and the remaining 16% are used for
testing. To mimic a real application scenario and improve intention-recognition accuracy,
diversity of data sets for each gesture/action is necessary. In other words, even for the
same gesture/action, the rotation angle (0 to ~60◦) for each joint and the force (0 to ~3 N)
exerted on the pressure sensor varies significantly for each individual repeat. In addition,
during the data-acquisition process, random movement of the arm is inevitable. As such,
IMU also records information related to arm rotation, shaking hand, etc. Prior to data
acquisition, IMUs and pressure sensors are calibrated. The data acquisition frequency is
fixed at a low value of 40 Hz, and each individual gesture/action is performed at a slow
pace, which guarantees the diversity of data sets. For the actual rehabilitation process, the
data collection frequency can be adjusted based on the preferences of the user.

In the data acquisition phase, the first two gestures are performed by rotating the
z1 axis (Figure 2) in counterclockwise and clockwise directions, respectively. The third
and fourth gestures/actions are achieved by rotating the y1 axis (Figure 2) in clockwise
and counterclockwise directions, respectively. The fifth gesture refers to the bending of
both MCP and PIP joints in the index finger. The last three gestures/actions are holding
cylinders with a small radius (38 mm, 48 mm, and 60 mm, respectively), aiming to test the
effectiveness of the whole HMI strategy. Each collected data set contains five columns, with
200 data points fitted in each column. The first two columns record measurements from
pressure sensors 5 and 7 labelled in Figure 5c. The third column refers to the pitch angle
change in IMU 2, which describes the up- and down-motion of the index finger dominated
by the MCP joint. The roll angle variation of IMU 2 is recorded in column 4, aiming to
distinguish between left and right MCP rotation. For the fifth column, the pitch angle
difference between IMU 1 and IMU 2 is taken for the description of PIP joint rotation.

Data processing techniques such as normalization and feature extraction are essential
for deep learning and machine learning models. Considering the range of measurements
from distinct sensor types and the distribution patterns of each data set [56], extra efforts
may be required for the CNN model to balance the multiple distribution centers if nor-
malization is not applied. As a result, it slows down the training efficiency, also making
the model more difficult to converge. Normalization is achieved in two steps. Firstly, all
numbers in each column are scaled to fit in the range of [0, 1], utilizing (x−xMin)

xMax−xMin
. Then, the

data set mean value is adjusted to 0 based on (x−µ)
σ . In addition, effective feature extraction

reduces the correlation of irrelevant dimensions in the data sets, thereby speeding up the
training process [57]. Regarding the feature extraction process, it can be achieved in the
convolutional layer of the CNN model. For the SVM model, Principal Component Analysis
(PCA) is required to reduce the dimensions of the original data set.

Intention-Recognition Model and Results

The structure of the one-dimensional CNN deep neural network model adopted in
this research is shown in Figure 14a, which is mainly composed of convolutional, batch
normalization, pooling, SoftMax, and fully connected layers. The convolutional layer is
designated to extract the features of the specified data segment. The batch normalization
layer ensures a decent backpropagation gradient, which alleviates the problem of vanishing
gradients [58]. The pooling layer is presented for the reduction of input matrix dimensions.
The SoftMax layer stabilizes the values in the backpropagation process and leads to easier
convergence for the classification task. The fully connected layer links all the previous
features to obtain the classification result. The key parameters, Filters (F), Kernel size (K),

366



Bioengineering 2022, 9, 682

Strides (S), and Padding (P), are presented in Supplementary Materials Table S1. In addition
to the parameters mentioned above, the training result of the CNN model is also sensitive
to the variation of hyperparameters. In the consideration of intention-recognition accuracy,
GA is adopted to find the optimal hyperparameters. GA is a set of mathematical models
abstracted from the process of reproduction in nature. It realizes the heuristic search of
complex space by simplifying the genetic process. The flow chart of GA (more specifically,
the differential evolution algorithm) is shown in Figure S6 (Supplementary Materials). The
average recognition accuracy of 10-times K-fold cross-validation is taken as the fitness
function of individuals in the population, and the three hyperparameters (Learning Rate,
Batch Size, and Epoch) are taken as the decision variables in Table S2 (Supplementary
Materials). After 10 generations of population iterations, the optimal parameters of the
model were obtained and are shown in Figure S7 and Table S3 (Supplementary Materials).

SVM is a widely adopted machine learning method for classification and intention
recognition. The performance of the SVM model is highly related o three hyperparameters,
which are kernel function, penalty parameter C, and Gamma. In this study, the linear data
dimension reduction algorithm PCA retains 98% of the key information in the original
data sets, which minimizes the information loss while compressing data set dimensions
significantly and accelerating training/testing. PCA processing reduces each sample data
set’s dimensions from 1 × 1000 to 1 × 27. The genetic algorithm is also utilized to optimize
the hyperparameters of the SVM model. The average recognition accuracy of 10-times
K-fold cross-validation is also taken as the fitness function of population individuals.
The three hyperparameter parameters mentioned above (kernel function, parameter C,
and gamma) are used as decision variables in Table S4 (Supplementary Materials). After
10 generations of population iteration, the optimal parameters of the model are obtained
and shown in Figure S8 and Table S5 (Supplementary Materials).

Upon adopting the optimal hyperparameters, a confusion matrix is obtained via
testing data set prediction. The confusion matrix in Figure 14c indicates that both methods
reach at least 95.6% overall recognition accuracy. Featuring the confusion matrix of the
CNN model, each individual posture reaches at least ~98.5% prediction accuracy, and only
15 misclassifications are observed among the total 1600 testing data sets. The SVM model
presents high classification accuracy for the first five postures/actions, while significant
misclassifications occur when dealing with the last three cylinder-holding tasks.

4. Discussion
4.1. Mechanical Design of the Exoskeleton

To realize accurate digit joints’ motion control mechanically, joints’ rotation axes of
both the hand exoskeleton and the human hand need to be aligned in motion. To validate
the concept, the trajectory of joints’ rotation axes for both the hand exoskeleton and the
human hand are simulated and compared. In a scenario in which all finger joints rotate 60◦,
the human hand DIP and PIP joints’ trajectories obtained from Opensim fit well with the
trajectories of the hand exoskeleton (Figure 15), suggesting a comfortable wear experience
and potential for accurate digit joint motion control.

4.2. Intention Detection

The reliability of the sensor–device synergy is assessed by the trigger rate, Kernel
Density Estimation (KDE), and the confusion matrix. The trigger rate is defined by assessing
the data in each data set. For a data set correlated with action 6 (grasp a cylinder with a
radius of 38 mm), all five columns of data need to be considered. If all pressure sensor
readings exceed 0.2 N and all angle variations exceed 2◦, a successful trigger is concluded.
Assessing all 10,000 data sets, a 100% trigger rate is observed for each gesture/action
(Figure 16a). Moreover, good training and estimation are more likely to be achieved based
on similar testing and training data set patterns. Therefore, the KDE method is applied
to illustrate the probability density distribution of a random training and testing data
set. As can be seen, the two distribution patterns agree well with each other (Figure 16b).
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The difference in distribution patterns is mainly due to the desired diversity of data sets
(i.e., random motion of the arm, shaking of hands, different forces applied to the pressure
sensor, different finger-bending angles, and digit length of volunteers). In addition, the
high prediction accuracy for both CNN and SVM also suggests a reliable sensor–machine
synergy and a good data acquisition process.

 

–

–

Figure 15. Exoskeleton trajectory validation for DIP and PIP joints. (a) Opensim simulation setup;
(b) trajectory of DIP joints; (c) trajectory of PIP joints.

–

–

Figure 16. Reliability of the sensor-device synergy. (a) Trigger rate of all sensors necessary for
gestures/actions; (b) probability density distribution for random training and testing data sets
using KDE.

In the data-acquisition phase, each repeat is performed slowly, and 200 data points are
collected, utilizing a low data collection frequency of 40 Hz. The data collection frequency
of the system can be adjusted to a much higher level, which improves the overall system
response time significantly. The low data collection frequency adopted in this study aims
to guarantee data set diversity for training purposes. After thousands of repeats, the joint
rotation in fingers cannot be controlled precisely with a high data collection frequency (due
to the fatigue of the human hand), which may jeopardize the diversity of the data set. In
a real rehabilitation scenario, the user may perform actions at a different pace; however,
more training data sets with high diversity may help with intention-recognition accuracy.

4.3. Intention Recognition

Based on the results of the confusion matrix, CNN possesses 3.5% better overall
prediction accuracy compared with SVM. CNN also outperforms SVM significantly in
gestures/actions 6, 7, and 8, suggesting better performance in dealing with gestures/actions
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with high similarities. Dividing all data sets into one training set and one testing set using
the leave-one-out method may have led to biased prediction results. To validate the results,
k-fold cross-validation is adopted. Selecting 10 distinct random training data sets, the
network is retrained 10 times and the corresponding results are recorded in Table 3. The
average accuracy of CNN presents even higher superiority over SVM with a much smaller
variance presented. Three possible reasons are proposed for this phenomenon. First, CNN
possesses advantages in dealing with nonlinear problems [59]. In this study, volunteers
with distinct digit lengths, initial hand positions, and joint motion trajectories may lead
to significant non-linear correlations between data sets and the target posture, which
decreases the prediction accuracy of SVM. Secondly, the convolutional layer in the CNN
model extracts more deep-level features [10], while the SVM model only extracts specific
features in the data pre-processing stage (using PCA). Ideally, the first five actions/gestures
all experience substantial data variation in a single column with non-periodic fluctuations
observed in other columns, which are mainly due to the instability of the human hand
joint, random motion of the arm, and environmental noise. As these ‘unwanted’ amplitude
fluctuations exceed a certain threshold, the rate of misclassifications rises for SVM as it is
unable to effectively extract the data set feature in such a scenario. Lastly, compared with
the SVM model there are more adjustable parameters in the CNN model (Supplementary
Materials, Tables S1 and S2), which helps it to better adapt to the eight actions/gestures
in this study. Observing each individual result, the worst prediction accuracy from SVM
is only 41.1% compared with CNN’s 92.2%. The low accuracy may either be a result
of overfitting or the presence of substantial outliers. However, low accuracy is only
observed in a single run, and outliers due to the shaking of hands and random movement
of the arm are likely to be the dominant issue. Although the outliers due to arm rotation,
hand shaking, etc., may violate the performance of the hand exoskeleton system, the
average intention-recognition accuracy (97.1%) based on K-fold cross-validation suggests
a reasonable model setup and training process. The CNN model, with its decent balance
between high intention-recognition accuracy and a lightweight network structure (the
prediction time consumption for both CNN and SVM models is shown in Supplementary
Material Table S6), is recommended for real-time intention recognition.

Table 3. K-fold cross-validation of CNN model and SVM model.

CNN

Run number 1 2 3 4 5 6 7 8 9 10

Accuracy 1.0 0.991 1.0 0.922 0.951 0.958 1.0 0.951 0.973 0.964

Average 97.1

Variance 0.0276

SVM

Run number 1 2 3 4 5 6 7 8 9 10

Accuracy 0.931 0.956 0.981 0.961 0.882 0.411 0.979 0.949 0.921 0.871

Average 0.884

Variance 0.162

In this study, a complete hand exoskeleton rehabilitation system is proposed for
post-stroke rehabilitation and assistance in complex daily life activities. Three rehabil-
itation/daily life assistance modes are developed for various personal needs, namely,
robot-in-charge, therapist-in-charge, and patient-in-charge modes. With the aid of a sen-
sor matrix, the patient-in-charge mode allows the detection of a small rotation angle in
digits and achieves high intention-recognition accuracy when dealing with similar ges-
tures/actions. Thus, stroke patients with limited exercise ability (e.g., 5◦ in each joint) can
conduct self-rehabilitation and complex daily activities with the proposed device. Regard-
ing the ‘stiff hand’ phenomenon observed in stroke patients, the synergy of the actuator
(with push force up to 43 N) and linkage can provide enough torque and an accurate
trajectory for digit joints.

369



Bioengineering 2022, 9, 682

Note that all experiments are conducted on healthy volunteers. In future studies,
the effectiveness of the hand exoskeleton system on stroke patients will be evaluated.
Constrained by the size of the current electric actuator, the motion of the DIP joint is
not considered. To achieve higher flexibility in the hand exoskeleton, a smaller force
transmission mechanism such as voltage-sensitive composite material will be considered
for the active control of finger DIP joints. The thumb CMC joint plays an essential role in
grasping in terms of flexibility and force transmission. Though the current design allows
the grasping of large objects (Figure S10), a mechanism with higher active DoFs for the
thumb CMC joint will be designed to better service the assistive purposes. To achieve
higher intention-recognition accuracy, three aspects can be considered in further study.
Firstly, researchers should increase the user motion information by using more sensors
in the system. Secondly, the CNN model architecture can be improved so that the model
possesses stronger feature extraction capability. Thirdly, increased diversity and the number
of training data sets may further improve the intention-recognition accuracy.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/bioengineering9110682/s1, Figure S1. Stress evaluation for
thumb exoskeleton and index finger exoskeleton. Index finger exoskeleton base serves as fix frame
with force (5 N each) applied in the direction labelled in red. The strength of the whole structure
is also tested in real action. (a) For exoskeleton made by Aluminum 6061, the maximum stress is
~33.9 MPA compared with the material’s yielding stress; (b) for exoskeleton made by PLA material,
the maximum stress is ~31.5 MPA compared with the material’s yielding stress. Figure S2. Schematic
view of the three passive DoFs. Figure S3. Components in the index finger exoskeleton. There are
two highlighted areas in the finger exoskeleton, which illustrate the sensor locations and the sliding
chute for length adjustment. Figure S4. Hand exoskeleton worn by fingers of different phalanx
lengths. (a,b) Length of proximal and intermediate phalanxes are 40 mm and 25 mm, respectively;
(c,d) length of proximal and intermediate phalanxes are 46 mm and 27 mm, respectively; (e–f) length
of proximal and intermediate phalanxes are 50 mm and 30 mm, respectively. Table S1. The parameters
for constructing a Convolution Neural Network (CNN). Figure S5. Index finger length of the five
volunteers. (a) Proximal phalanx length, middle phalanx length, and height of the volunteer are
~48 mm, ~30 mm, and ~183 cm, respectively; (b) proximal phalanx length, middle phalanx length, and
height of the volunteer are ~46 mm, ~27 mm, and ~168 cm, respectively; (c) proximal phalanx length,
middle phalanx length, and height of the volunteer are ~44 mm, ~24 mm, and ~170 cm, respectively;
(d) proximal phalanx length, middle phalanx length, and height of the volunteer are ~43 mm, ~23 mm,
and ~175 cm, respectively; (e) proximal phalanx length, middle phalanx length, and height of the
volunteer are ~40 mm, ~21 mm, and ~156 cm, respectively. Figure S6. Flow chart of differential
evolution algorithm. Table S2. Genetic Algorithm setup for CNN model optimization. Figure S7.
Results of genetic algorithm to optimize hyperparameters of CNN model. Table S3. The optimal
value of hyperparameters in the CNN model. Table S4. Genetic Algorithm setup for SVM model
optimization. Figure S8. Results of Genetic Algorithm to optimize hyperparameters of SVM model.
Table S5. The optimal value of hyperparameters in the SVM model. Figure S9. A demonstration of
grasping objects with the passive joint setup illustrated in Figure S2. (a) A small toolbox with dimeter
of ~3.5 cm; (b) water bottle with dimeter of ~6 cm; (c) Orange with dimeter of ~6 cm; A 1:35 M1A1
tank model. Figure S10. Curve of learning rate with epoch. Table S6. Prediction time using CNN
model and SVM models. Figure S11. Comparison of identifiable signals with different levels of noise.
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