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Abstract

Background: Artificial intelligence (Al)-driven gait analysis using plantar pressure and
ground reaction force (GRF) signals may provide objective digital biomarkers for reha-
bilitation, but clinical translation remains uncertain. This scoping review and evidence
map aimed to summarize clinical applications, compare evidence maturity, and identify
methodological and translational gaps. Methods: PubMed, Web of Science, Embase, and
Scopus were searched from the earliest available indexed records in each database to May
2026. Original clinical studies using plantar pressure- or GRF-derived signals with Al meth-
ods for disease recognition, severity assessment, risk prediction, rehabilitation monitoring,
or decision support were included. Results: Fifteen studies met the eligibility criteria.
Evidence was concentrated in Parkinson’s disease (PD), particularly PD recognition and
freezing of gait prediction, where relatively more mature evidence was supported by mul-
tiple studies and participant-level or cross-dataset validation. Evidence for PD severity
assessment, knee osteoarthritis monitoring, chronic ankle instability rehabilitation, fall-risk
stratification, sarcopenia screening, peripheral artery disease recognition, and functional
gait disorder classification remained less mature. Translation was limited by small or
single-center samples, unclear participant-level data splitting, limited external validation,
absent calibration, sparse explainable Al reporting, and insufficient real-world workflow
testing. Conclusions: Future studies should prioritize prospective, externally validated,
interpretable, calibrated, and clinically embedded models before routine rehabilitation
implementation.

Keywords: artificial intelligence; gait analysis; plantar pressure; ground reaction force;
rehabilitation decision support

1. Introduction

Gait disorders are commonly observed in neurological, musculoskeletal, vascular,
metabolic, and geriatric diseases, serving as crucial clinical manifestations of impaired
motor function and reduced independence [1]. During the rehabilitation process, gait
assessment not only aids in determining the current functional status of patients but also
provides a basis for efficacy observation and individualized intervention planning [2].
Although traditional observational gait assessments and clinical scales are widely used,
their clinical utility may be limited by user dependence, episodic assessment, and diffi-
culties in capturing subtle longitudinal changes [3,4]. For example, the assessment results
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are easily influenced by the assessors” experience, and the information obtained mainly
consists of fragmentary data at a certain time point, with limited ability to capture subtle
and long-term changes in walking function. Therefore, there is still a clinical need for more
objective, sensitive, and reproducible gait biomarkers to support precise rehabilitation
assessment and the formulation of functional decisions [5,6].

Plantar pressure, center-of-pressure (CoP) trajectory, and ground reaction force (GRF)
can directly reflect foot-ground interaction during walking. Specifically, plantar pressure
assessment can quantify regional plantar loading, weight transfer, and pressure redistri-
bution, providing clinically relevant information for foot-function evaluation and gait
assessment [7,8]. GRF and CoP-derived variables are helpful for understanding weight-
transfer patterns, postural-control strategies, shock absorption, and propulsion function
during walking [9]. Currently, plantar pressure measurement systems and in-shoe pressure
detection technologies have been widely used in foot function assessment, gait disorder
identification, and portable monitoring [8,10]. GRF is also an important tool for quantifying
human movement. However, due to its high data dimensionality, it is difficult to interpret
the data manually [11]. In recent years, with the continuous development of wearable
pressure insoles, pressure-sensing pads, and force sensor systems, the application of such
signals has gradually expanded from laboratory evaluation to clinical follow-up and re-
peated monitoring in real life, which is particularly suitable for the continuous assessment
of high-risk groups such as patients with diabetic foot [11,12].

Artificial intelligence (Al) methods are particularly suitable for analyzing plantar pres-
sure and GRF data because these signals are high-dimensional, nonlinear, time-dependent,
and affected by disease state, footwear, walking speed, sensor placement, and environmen-
tal conditions [13,14]. A recent systematic review on artificial neural network technology in
plantar pressure analysis pointed out that multi-layer perceptrons, convolutional neural
networks, and recurrent neural networks are among the most commonly used methods
for plantar pressure-based modeling [15]. Moreover, in neural rehabilitation, machine
learning (ML) has also been applied to gait analysis of diseases such as cerebral palsy and
stroke. However, concerns still exist in aspects such as clinical relevance, feature selection,
algorithm rationality, and real-environment verification [5]. Research on specific diseases
further indicates that Al-based gait analysis has gone beyond simple disease identification.
For example, vertical ground reaction force (vGRF) signals have been used to identify
Parkinson’s disease (PD), and recently, force-sensor-based models have attempted to sup-
port the diagnosis and severity classification of PD [16]. ML models using instrumented
walkway data have been developed for classifying multiple sclerosis, while wearable
plantar pressure features have been used to detect radiological knee osteoarthritis (knee
OA) and evaluate functional performance [6,17,18]. In patients with diabetic neuropathy
and a history of foot ulcers, the combination of electromyography and GRF signals has
also shown promise in multi-modal patient classification [19]. In acute ischemic stroke,
ML based on CoP has been used to predict 3-month functional outcomes, indicating its
potential value in rehabilitation-oriented prognosis prediction [20].

Disease-specific research further suggests that Al-driven gait analysis has evolved
beyond simple disease recognition toward severity assessment, early warning, rehabilita-
tion monitoring, and digital biomarker development. PD represents the most extensively
studied application area because gait impairment is a core contributor to disability, reduced
mobility, and diminished quality of life in affected individuals [21]. Within PD, freezing
of gait (FOG) has emerged as a particularly important rehabilitation target because timely
detection or prediction may facilitate cueing interventions and reduce mobility-related
complications [22,23]. Beyond neurological disorders, gait-derived biomarkers have also
attracted growing interest in musculoskeletal rehabilitation. Knee OA, one of the leading
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causes of mobility limitation worldwide, has been increasingly investigated using wearable
gait-analysis technologies to support functional assessment and treatment monitoring [24].
Similar approaches have been explored in peripheral artery disease (PAD), where gait
abnormalities may provide objective indicators of functional limitation and disease bur-
den [25]. In aging populations, plantar pressure- and gait-derived features have also shown
potential for sarcopenia screening and fall-risk stratification, both of which are highly
relevant to preventive rehabilitation and long-term functional independence [26,27].

From a broader international and European perspective, sensor-based motion analysis
and artificial intelligence-assisted decision support have also been applied in adjacent
rehabilitation and engineering fields. A machine vision system based on Matlab is used
to measure the upper limb movement trajectories during rehabilitation, supporting non-
invasive measurement, visualization of rehabilitation progress, and electronic patient
records [28]. Researchers explored the use of an inertial navigation system based on
accelerometers and gyroscopes to achieve robot positioning, autonomous control, and
tracking [29]. In industrial visual inspection, artificial intelligence object detection technol-
ogy using transfer learning and an improved version of AlexNet architecture has achieved
defect detection accuracy rates of 85.15% to 99.34% on different tire defect categories [30].
A diagnostic scheme for mechatronic systems based on neural networks was proposed,
using high-performance data acquisition and processing sensors to obtain vibration signals
and operating signals [31]. These studies demonstrate the common path from sensors
to decisions, including data acquisition, preprocessing, interpretation based on artificial
intelligence, and task-oriented decision support. This broader evidence further highlights
the need to clearly define how the gait signals generated by foot pressure and ground
reaction force (GRF) are transformed into AI applications with clinical relevance in the
rehabilitation field.

Existing reviews have mainly summarized algorithmic approaches or disease-specific
applications of machine-learning-based gait analysis. However, few reviews have specif-
ically focused on foot—-ground interaction signals, including plantar pressure, CoP, and
GREF, while simultaneously comparing clinical tasks, validation robustness, external vali-
dation, interpretability, calibration, and implementation readiness. Therefore, this review
addressed three questions: (1) in which disease populations and rehabilitation tasks have
Al models using plantar pressure- or GRF-derived signals been evaluated? (2) how ma-
ture is the evidence when sample size, validation strategy, external validation, calibra-
tion, explainability, and real-world testing are considered? and (3) what methodological
and translational gaps must be addressed before these models can support rehabilitation
decision-making? The contribution of this review is to move beyond a descriptive algo-
rithm summary and provide a structured evidence map and translational appraisal of
Al-driven gait analysis based on foot—ground interaction signals. This review does not
treat all clinical applications as a single homogeneous field, but instead compares evidence
maturity across disease populations and rehabilitation tasks.

2. Methods
2.1. Research Design

This study was conducted through a systematic scoping review combined with an
evidence map. This design was chosen because the aim was to describe the current clinical
applications, evidence distribution, and translation gaps of Al-based gait analysis, rather
than to conduct a pooled estimate of diagnostic or prognostic accuracy. Subsequently, the
work was carried out in accordance with the established scoping review methodology
and reported following the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews (PRISMA-ScR) [32-34]. Reporting was additionally
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checked against the PRISMA 2020 checklist, and the completed checklist is provided as
Supplementary Material. The article focused on using plantar pressure, GRF, or vGRF
signals for Al-based gait analysis. The main clinical concerns included disease identification,
severity assessment, risk prediction, rehabilitation evaluation, and wearable or home-based
monitoring. Due to the expected differences among the included studies in terms of clinical
populations, sensor systems, signal types, Al models, validation methods, and outcome
definitions, a quantitative meta-analysis was not planned.

2.2. Search Strategy

A systematic literature search was conducted in PubMed, Web of Science, Embase,
and Scopus from the earliest available indexed records in each database to May 2026,
without applying a lower date restriction. Meanwhile, the reference lists of relevant
studies and review articles were manually screened. The search keywords included gait
analysis, plantar pressure, foot pressure, pressure insole, force plate, ground reaction force,
vertical ground reaction force, center of pressure, machine learning, deep learning, artificial
intelligence, diagnosis, severity, prediction, rehabilitation, and clinical decision support.
The search strategies for each database were adjusted according to their characteristics. For
the detailed search formula, please refer to the search strategy provided in Table S6 of the
Supplementary Materials.

2.3. Inclusion and Exclusion Criteria

Inclusion Criteria

1. The study subjects are patients with various diseases presenting gait abnormalities,
without restrictions on age, gender, and disease type.

2. The core analysis signals were plantar pressure or GRF data, without restrictions on
the device type.

3. Al or ML algorithms were used for gait data analysis.

4.  The outcome indicators involve disease identification, assessment of functional sever-
ity, or providing support for rehabilitation decision-making.

5. Itis an original clinical study, and the full-text is accessible.

Exclusion Criteria

1. Plantar pressure or GRF was not used as the core analysis signal.

2. Only traditional biomechanical statistical methods were used, and no Al algorithms
were applied.

3. Only pure biomechanical analysis is conducted, without involving relevant
clinical applications.

4. Animal experiments and studies that only perform algorithm simulations without
clinical data.

5. Studies with inaccessible full-text, duplicate publications, or non-English literature.

Several studies identified during background literature review were not included
in the evidence synthesis because plantar pressure or GRF signals were not the primary
analytical inputs, Al was not applied directly to plantar pressure/GRF gait modelling,
or the studies did not meet the predefined eligibility criteria. Details are provided in
Supplementary Table S1.

2.4. Research Screening and Data Extraction

All the retrieved records were imported into the reference management software
EndNote 2025 and duplicate records were deleted. Two reviewers independently screened
the titles and abstracts, and then evaluated the full texts of the potentially eligible studies.
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Disagreements were resolved through discussion, and in case of necessity, consultation with
a third reviewer was sought. The screening process was summarized using the PRISMA
flowchart [34].

A standardized data extraction form was used to collect information such as authors,
publication year, study population, sample size, disease or functional status, sensor plat-
form, signal type, gait task, Al model, validation strategy, clinical reference standards,
primary performance indicators, and reported clinical applications. Studies related to PD
and FOG were mainly classified as disease identification, severity assessment, and real-time
risk prediction [35-40]. Musculoskeletal-related studies mainly included knee joint disease
identification and rehabilitation assessment of chronic ankle instability [41,42]. Other clin-
ical applications included sarcopenia screening, PAD classification, fall-risk assessment,
functional gait disorder classification, and PD dual-task gait interpretation [43-45]. A total
of 15 articles were ultimately included in the review.

2.5. Evidence Mapping and Methodological Assessment

For each included study, evidence mapping was conducted according to disease
population, signal source, Al method, validation strategy, and intended clinical task. To
describe clinical translation readiness, studies using laboratory force plates or public vGRF
datasets were regarded as early-stage evidence, unless independent validation, cross-
dataset testing, or clinical application was reported [46,47]. Studies using pressure insoles,
shoe-integrated systems, real-time prediction models, or home-monitoring frameworks
were considered closer to clinical translation, especially when the outputs were linked to
monitoring, cueing, rehabilitation assessment, treatment follow-up, or clinical decision
support [38,41,42,48].

Evidence maturity was classified descriptively using an a priori evidence-mapping
matrix rather than by pooled effect estimation. Each clinical task was assessed across six
domains: number of eligible studies, sample size and clinical diversity, validation strategy,
external or cross-dataset validation, calibration and explainability reporting, and proximity
to clinical implementation. “Emerging” evidence indicated single-study, laboratory-based,
or dataset-based evidence with internal validation only. “Emerging—-Moderate” evidence
indicated evidence supported by at least one study with participant-level validation, in-
dependent device testing, cross-dataset validation, or clinically actionable outputs, but
without prospective implementation. “Moderate” evidence indicated multiple studies
using participant-independent or cross-dataset validation and a clearer rehabilitation action
pathway, while still lacking sufficient evidence for routine clinical deployment. No applica-
tion was rated as high-level evidence because prospective outcome validation, calibration,
workflow integration, and real-world implementation testing were absent or limited across
the included studies.

Because this review was designed as a scoping review, studies were not excluded solely
because of methodological limitations. However, key methodological and translational issues
were recorded, including sample size, participant-level validation, external validation, class
imbalance, model interpretability, dataset overlap, calibration reporting, and real-world or
wearable-device testing. For studies developing prediction models, methodological interpre-
tation was informed by TRIPOD+AI (Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis plus Artificial Intelligence) and PROBAST+AI
(Prediction model Risk Of Bias ASsessment Tool plus Artificial Intelligence) [49,50]. Particular
attention was paid to whether repeated gait cycles, strides, or sliding windows from the same
participant were appropriately separated during model training and testing. The evidence
map presented in Figure 1 was generated from this evidence-mapping matrix. Rows represent
disease populations or clinical application areas, columns represent clinical tasks, and each cell
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indicates the relative evidence maturity assigned according to the number of eligible studies,
validation robustness, independent validation, calibration and explainability reporting, and
proximity to clinical implementation.

Parkinson’s di;gase Moderate None Non None Evidence level
(recognition) None (no evidence)

Parkinson’s disease None Emzrgina— None A Emerging
(severity) Modera Emerging—Moderate
EEm Moderate
Freezing of gait None Moderate None
(prediction/cueing)
€ parkinson’s di
& Parkinson’s disease Emerein Notie None None
: (dual-task gait) B i i i
S
g Knee osteoarthritis %In;‘ﬁ:& None None %/T:Jg:a_
&
~ Chronic ankle Emerging None None Emerging
g instability
g ipheral
5 Peripheral artery Emerging None None None
O disease
Sarcopenia Emerging None None
Functional gait Emerging None
disorder
Fall risk None None Emerging None
Disease recognition Severity Prediction / Rehabilitation
/ screening assessment early warning monitoring

Clinical task

Figure 1. Evidence map of artificial intelligence (Al)-driven gait analysis using plantar pressure and
ground reaction force. Evidence aggregation was performed at the disease population—clinical task
level. Each cell summarizes the relative evidence maturity for a specific application area and task,
based on the number of eligible studies, validation robustness, independent validation, calibration
and explainability reporting, and proximity to clinical implementation. Evidence levels indicate
relative maturity within the included evidence base, not definitive clinical effectiveness or readiness
for routine implementation.

2.6. Data Synthesis

The research findings were summarized in both textual and visual forms. Descriptive
tables were employed to present the research characteristics, sensor platforms, signal types,
Al models, validation methods, and clinical endpoints. An evidence map was also drawn to
illustrate the distribution of various studies in terms of disease categories and clinical tasks.

Due to the significant differences among the included studies in aspects such as
patient populations, signal acquisition systems, Al algorithms, validation procedures,
reference standards, and outcome indicators, no pooled estimates were calculated. The
comprehensive analysis focused on the clinical scenarios of the studies, the extent to which
the applications advanced from simple classification to severity assessment or rehabilitation
monitoring, and the obstacles still faced in the routine clinical implementation.

3. Results
3.1. Study Selection

The process of study selection is presented in Figure 2. A total of 4288 records were
identified from four databases, namely PubMed, Scopus, Web of Science, and Embase.
After removing 461 duplicate articles, 3827 articles were screened based on their titles and
abstracts, and 3177 irrelevant records were excluded. Among the 650 articles for which
full-text was required, 21 could not be obtained. The eligibility for inclusion was evaluated
for 629 full-text articles. Among them, 614 articles were excluded because they did not use
plantar pressure or GRF as the core signals, did not apply Al algorithms, lacked relevant
clinical applications, or did not involve clinical data. Finally, 15 studies were included in
this systematic scoping review and evidence mapping.

https://doi.org/10.3390 /bioengineering13070796


https://doi.org/10.3390/bioengineering13070796

Bioengineering 2026, 13, 796

7 of 18

[ Identification of studies via databases ]
PR
Records identified from:
E PubMed (n=2035) Records removed before screening:
g Scopus (n=821) »| Duplicate records removed (n=461)
g Web of Science (n=671)

Embase (n=761)
!
Records screened (n=3827) | Records excluded (n=3177)

|

Reports sought for retrieval

— | Reports not retrieved (n=21)

) (n=650)

=]

=

v

!

@ Full-text articles excluded (n=614)

Reports assessed for eligibility - No foot sole pressure/GRF-related core signal (n=463)
(n=629) > . .
- No Al algorithm applied (n = 38)
- No relevant clinical application (n = 102)
- No clinical data involved (n=11)
—
A4 Core search concepts:
(gait analysis OR plantar pressure OR foot pressure OR pressure insole
Studies '"(Ct']“zdlesd)'“ review OR force plate OR GRF OR vGRF OR CoP) AND (AI OR machine

learning OR deep learning) AND (diagnosis OR severity OR prediction
OR rehabilitation OR clinical decision support)

Figure 2. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow
diagram of study selection. GRF, ground reaction force; Al, artificial intelligence.

3.2. Characteristics of the Included Studies

The main characteristics of the included studies are summarized in Table S2 of the
Supplementary Materials. The included studies covered neurological, musculoskeletal,
vascular, geriatric, and functional gait-related conditions. PD was the most frequently
studied disease population, including studies on disease recognition, FOG prediction,
dual-task gait analysis, and severity assessment. Other populations included knee OA
or knee arthropathy, chronic ankle instability, PAD, sarcopenia, fall-risk populations, and
functional gait disorders.

Signal acquisition methods varied across studies. GRF or vGRF signals were com-
monly used in studies of PD, functional gait disorders, knee OA, PAD, and dual-task gait
analysis. Plantar pressure was collected using pressure insoles, in-shoe systems, pressure
plates, or wearable plantar pressure devices. Several studies combined plantar pressure
or GRF with inertial measurement unit (IMU) signals, CoP features, skeleton sequences,
acceleration, angular velocity, or joint kinetic variables. These multimodal designs were
mainly used for real-time prediction, severity assessment, rehabilitation monitoring, or
clinical interpretability.

The included studies used a range of Al methods, including linear discriminant
analysis (LDA), support vector machine (SVM), random forest (RF), extreme gradient
boosting (XGBoost), decision-tree ensembles, convolutional neural networks (CNNs), long
short-term memory (LSTM) networks, graph neural networks, and Transformer-based
architectures. Traditional ML models were mainly applied to early-stage or small-scale
clinical datasets, whereas deep-learning and hybrid models were more commonly used for
time-series, multimodal, or wearable gait data.
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Overall, the included studies were concentrated in neurological applications, particu-
larly PD and FOG. Evidence for musculoskeletal, vascular, geriatric, and functional gait
applications was more limited. Figure 3 summarizes the clinical translation framework
from signal acquisition to clinical application. In conceptual terms, the pathway can be
expressed as: sensor-derived gait signals — feature extraction — Al modelling — clinical
output — rehabilitation decision support. Specifically, plantar pressure, GRF/vGRE, CoP,
and optional multimodal signals are first processed into gait features, including loading,
temporal, symmetry, variability, and frequency-domain features. These features are then
used by Al models to generate outputs such as disease recognition, FOG prediction, severity
estimation, fall-risk screening, or rehabilitation-monitoring results. This expression clarifies
the connection among the modules in Figure 3 without implying that all included studies
used the same mathematical model.

B 2. Signal Processing 3. Al Modeling i i cati 5. Clinical Translation
3 > 2 ) > ) > 4. Clinical Applications > . “
{ 4Data Acqmishion J { & Feature Extraction & Interpretation PP & Implementation
R Plantar Pressure Preprocessing Al Modeling Disease Recognition
p— Real-world Deployment
(3 « Pressu nsoes iheing + PDvs.con Q
\ + Pressure plates + Normalization « Traditonal ML (SVM/RF/XGBoost) * OAvs. control « Wearable systems.
0 o Wearable sensors « Segmentation « Deep leaming (CNNLSTMIGNN) * Other diseases & :“"“-’ monkoring
+ Remote assessment
« Ensemble/ hybrid models
e 2 ® Severity Assessment Intsgration o
. Ground Reaction Force Féature Bxtraction ® @ ° « Ha stagein PD L
i o @ « MDSUPDRS Il + EHR integration
« Time-domai
« Force platiorms s & @] @ @ * Functonal scores e
« Frequency-domain « Decision support alerts
X+ Instumented insoles | _,. « Time-frequency > %) > >
* Nonlinear features
Risk Prediction
Interpretability Regulation & Quality
« Freezing of gait (FOG)
* Regulatory approval
P . . P
Kinematics & Context Feature Selection SHARILRR it v . Do ety &
*  Attention visualization
* IMU acceleration, gyroscope e Fier methods
* CoP trajectories P ? o, ** Wiacost metods Decision Support for
* Gaitevents R + Embedded methods Rehabilitation Education & Adoption
« Treatment monitoring
fitommtomivam + Cinicin training
N quidance « Patient engagement
o« e-® “o..® « Outcome prediction * Interdisciplinary collaboration
Enabling B ergescae @ Wearable sensor Computational power Standardization & Ethics, privacy &
- datasets ‘advancement &Al algorithms interoperability lata governance
Factors L= abil d
Outcomes © Early detection & Objects iz & ©® ¢ Reduced burden & Scalable, accessble &
& Impact accurate diagnosis N I disease monitoring improved outcomes ama improved quality of e equitable healthcare

Figure 3. Clinical translation framework of plantar pressure- and ground reaction force (GRF)-
based artificial intelligence (AI) in gait analysis. CoP, center of pressure; CNN, convolutional neural
network; EHR, electronic health record; GREF, ground reaction force; H&Y, Hoehn and Yahr stage;
IMU, inertial measurement unit; LRP, layer-wise relevance propagation; LSTM, long short-term
memory; MDS-UPDRS III, Movement Disorder Society—Unified Parkinson’s Disease Rating Scale
Part III; PD, Parkinson’s disease; RF, random forest; SHAP, Shapley additive explanations; SVM,
support vector machine; XGBoost, extreme gradient boosting.

3.3. Evidence Distribution Across Disease Populations and Clinical Tasks

The distribution of evidence across disease populations and clinical tasks is sum-
marized in Table 1 and Figure 1, with study-level details provided in Supplementary
Tables S3-S5. Evidence was unevenly distributed across clinical areas. Disease recogni-
tion/screening was the most frequently studied task, whereas severity assessment, risk
prediction, rehabilitation monitoring, and decision-support applications were less fre-
quently investigated. This uneven distribution appeared to correspond to differences in
the amount and robustness of available evidence across clinical applications. As shown
in Table 1, PD recognition and FOG prediction were supported by multiple studies and
included internal, cross-dataset, participant-independent, or leave-one-freezer-out vali-
dation. In contrast, fall-risk stratification, sarcopenia screening, PAD recognition, and
functional gait disorder classification were generally represented by single studies and
were mainly supported by internal validation, with limited prospective outcome validation
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or external validation. Therefore, within the included evidence base, evidence maturity was
relatively higher for PD recognition and FOG prediction, whereas broader rehabilitation
decision-support applications remained at an emerging stage.

Table 1. Comparative evidence maturity and clinical translation readiness across clinical applications.

Clinical

Validation

Independent

Application Evidence Base/Setting Robustness Validation Translation Status Evidence Maturity
PD recogni- 2 studies; mainly Internal validation Pa}‘tlal; cross-dataset
. . . evidence, but no . .
tion/screening public or laboratory and cross-dataset ; . Screening-oriented Moderate
) - prospective clinical
[40,46] vGRF datasets testing NI
validation
PD severity 2 small clinical studies; . No multicenter . - Emerging-
assessment [35,48] single-center settings Internal model testing external validation Severity monitoring Moderate
Participant-
FOG predic- ésltirgiaeli.lf:;;altory PD independent or Partial; no
tion/detection ¢ y leave-one-freezer-out ~ home-based Cueing support Moderate
wearable plantar A . .
[36-39] validation in several prospective validation
pressure datasets .
studies
1 study; force-plate I . .
Knee OA /knee dataset plus Cross—valldatlon and Ind?pendent Momtgrmg /digital Emerging—
. independent hold-out  device/dataset endpoint
arthropathy [42] independent . o Moderate
dieital-i testing validation development
igital-insole dataset
1 prospective Five-fold
Chronic ankle single-center cohort cross-validation and - Rehabilitation .
. 1 . . . ey No external validation Emerging
instability [41] with postoperative internal rehabilitation assessment
subgroup assessment
Peripheral artery 1 laboratory gait Internal ML validation =~ No external validation ~ Screening hypothesis ~ Emergin
disease [43] cohort & hyp ging
1 single-center Internal deep-learnin
Sarcopenia [44] multimodal gait luati p &  No external validation Screening hypothesis ~ Emerging
dataset evaluation
Functional gait 1 large retrospective Internal LDA-based No external validation Gait-lab classification Emerein
disorder [47] gait-lab database classification support smng
1 wearable plantar Partial; no prospective
. = . Internal two-stage . . .
Fall risk [45] pressure study with . fall-outcome Risk screening Emerging
s . model evaluation 1
compatibility testing validation
PD dual-task gait 1 gait-deterioration/ Internal CNN/LRP I Interpretability .
. . - . s . No external validation Emerging
interpretation [51] interpretability study  evaluation support

Note: Evidence maturity reflects relative maturity within the included evidence base, not definitive clinical
effectiveness or readiness for routine implementation. PD, Parkinson’s disease; FOG, freezing of gait; OA,
osteoarthritis; VGREF, vertical ground reaction force; ML, machine learning; LDA, linear discriminant analysis;
CNN, convolutional neural network; LRP, layer-wise relevance propagation.

PD-related applications accounted for the largest number of included studies. For PD
recognition, vGRF-based models and graph-based methods using public vGRF datasets
were reported, and the evidence was rated as Moderate because both internal validation
and cross-dataset validation were available [40,46]. PD severity assessment used vGRE,
plantar pressure, CoP, and IMU signals to estimate Hoehn and Yahr (H&Y) stage or Move-
ment Disorder Society-Unified Parkinson’s Disease Rating Scale Part III (MDS-UPDRS III)
scores. Because the available studies were mainly single-center or internally validated, this
application was rated as Emerging-Moderate [35,48].

FOG prediction was examined in four studies using plantar pressure alone or in com-
bination with IMU signals [36-39]. These studies commonly used participant-independent
or cross-dataset validation strategies. However, home-based performance and integration
with cueing devices were not fully evaluated. Accordingly, the evidence for FOG prediction
was rated as Moderate.

Musculoskeletal applications were represented by studies on knee OA and chronic
ankle instability. One study used a platform-agnostic ML model based on vGRF features
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from force plates and digital insoles for knee OA recognition/monitoring [42]. Another
study used a shoe-integrated plantar pressure and IMU system for chronic ankle instability
recognition and postoperative rehabilitation assessment [41]. Knee OA monitoring was
rated as Emerging-Moderate because independent digital-insole testing was reported,
whereas chronic ankle instability remained Emerging because evidence was limited to a
small internally validated cohort.

Other applications included PAD recognition, sarcopenia screening, functional gait
disorder classification, and fall-risk stratification [43-45,47]. These applications were each
supported by single studies with internal validation only and were therefore rated as
Emerging. Overall, the evidence map showed that current research remains concentrated
in recognition-oriented tasks, with fewer studies addressing longitudinal monitoring,
rehabilitation decision support, or real-world implementation.

3.4. Model Performance and Validation Robustness

A summary of model performance and validation robustness is presented in Supple-
mentary Table S4. Reported performance varied across clinical tasks and disease popu-
lations. For PD recognition, accuracy ranged from approximately 79.7% to 90.8%, with
one study reporting sensitivity of 88.6% and specificity of 82.6% [40,46]. For FOG pre-
diction, sensitivity ranged from 76.4% to 82.1%, and specificity ranged from 82.9% to
86.2% [36,37,39]. A subsequent study using an expanded dataset identified 86.8% of FOG
episodes [38].

For PD severity assessment, one study reported MDS-UPDRS III prediction with an
R? of 0.87 and a root mean square error (RMSE) of 6.75, whereas another study reported
H&Y severity classification accuracy of 98.8% [35,48]. For knee OA recognition/monitoring,
the platform-agnostic model achieved an area under the receiver operating characteristic
curve (auROC) of 0.86 using force-plate data and 0.83 using an independent digital-insole
dataset [42]. For chronic ankle instability, the in-shoe model reported an accuracy of 93.4%
and an area under the curve (AUC) of 0.959, although validation was limited to five-fold
cross-validation (CV) [41].

Several validation and reporting limitations were identified. First, many studies did
not clearly report whether data splitting was performed at the participant level. This is
relevant because random splitting of repeated gait cycles, strides, or sliding windows from
the same participant may overestimate model performance. Second, external validation
was uncommon; only a small number of studies used cross-dataset validation, independent
device testing, or independent datasets. Third, calibration was not reported in the included
studies, limiting interpretation of predicted probabilities. Fourth, explainable artificial
intelligence (XAI) methods were rarely reported, with only limited use of threshold-based
interpretability or LRP. Finally, data and code availability were often unavailable or unclear.
Therefore, reported performance should be interpreted together with validation robustness
and reporting completeness.

3.5. Rehabilitation Decision Support and Clinical Translation Readiness

The rehabilitation decision support and clinical translation matrix is presented in
Table S5 of the Supplementary Materials. FOG prediction/cueing models generated early-
warning probabilities or binary FOG-onset predictions, with potential outputs linked to
auditory, visual, or sensory cueing. The main implementation barriers were incomplete
home-environment validation, possible false-positive cueing, and uncertain generalizability
across FOG phenotypes.

PD severity monitoring models generated H&Y stage classifications or MDS-UPDRS
III estimates from vGRE, plantar pressure, CoP, and IMU signals. The main reported barriers
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were lack of multicenter external validation, absence of longitudinal real-world monitoring,
and no calibration reporting.

Musculoskeletal applications included knee OA functional monitoring and postopera-
tive rehabilitation assessment after chronic ankle instability surgery. Al outputs included
OA probability, digital gait biomarkers, pre-/postoperative gait changes, and classifica-
tion of instability versus normal gait. These applications were limited by single-study
evidence, small cohorts, limited longitudinal follow-up, and incomplete validation across
daily functional tasks.

Other decision-support scenarios included fall-risk screening, PAD screening, sarcope-
nia screening, functional gait disorder classification, and PD dual-task gait interpretation.
Across these applications, recurrent barriers included internal validation only, absence of
prospective clinical endpoint validation, limited real-world testing, and lack of integration
into routine rehabilitation workflows.

3.6. Summary of Evidence Gaps

Across the included studies, three recurrent evidence gaps were identified. First,
several studies used small or single-center datasets, and participant-level splitting was
often unclear. Second, external validation, calibration, XAI reporting, and data/code
availability were limited. Third, few studies evaluated prospective outcomes, home-based
performance, or integration into rehabilitation workflows. These gaps were observed
across both neurological and non-neurological applications and are further interpreted in
the Discussion.

4. Discussion
4.1. Principal Findings

This systematic scoping review mapped the clinical translation of Al-based gait anal-
ysis using plantar pressure, CoP trajectories, and GRF signals across 15 studies. Rather
than showing uniform readiness across applications, the evidence suggests a task-specific
maturity gradient, with some recognition- or prediction-oriented tasks being supported by
relatively stronger validation evidence than rehabilitation-monitoring or decision-support
tasks. The main finding is a mismatch between model development and clinical translation.
Most studies reported classification or prediction performance, whereas fewer studies
evaluated whether model outputs could support longitudinal monitoring, risk-threshold
decisions, cueing, rehabilitation planning, or workflow integration. Therefore, the central
issue is not whether AI models can achieve high performance in controlled datasets, but
whether these outputs have been validated sufficiently to inform reproducible and action-
able rehabilitation decisions. This pattern is consistent with previous reviews showing that
Al-based gait analysis has expanded rapidly, while clinical relevance, validation quality,
and real-world translation remain persistent concerns [5,15].

4.2. PD as the Dominant Application Area

PD was the dominant application area in the included evidence. This concentra-
tion is clinically understandable because gait impairment is common in PD and can be
captured by foot-ground interaction signals. Earlier and recent studies have used vGRF
and multimodal gait signals for PD recognition, severity classification, and clinical-scale
estimation [16,35,46,48]. The key translational issue is whether these models can move
beyond reproducing diagnostic or staging labels and provide information that is useful
for monitoring progression, treatment response, and rehabilitation adjustment. At present,
available evidence supports technical feasibility, but longitudinal validation against clini-
cally meaningful outcomes remains limited. Thus, PD-related evidence can be considered

https://doi.org/10.3390 /bioengineering13070796


https://doi.org/10.3390/bioengineering13070796

Bioengineering 2026, 13, 796

12 0f 18

relatively more mature within the included evidence base, but it should not be interpreted
as sufficient evidence for routine rehabilitation implementation.

4.3. FOG as an Actionable Rehabilitation Target

FOG differs from general disease recognition because prediction can be linked directly
to an intervention, such as auditory, visual, or sensory cueing. This makes FOG prediction
a more action-linked task than cross-sectional disease classification, because the model
output can theoretically trigger an immediate rehabilitation response. Plantar pressure
modelling has demonstrated clinically relevant detection and prediction performance in
PD [39]. However, the clinical threshold for a usable FOG alert is higher than model
discrimination alone. A cueing system must operate reliably in daily environments, tolerate
variable walking conditions, minimize false alarms, and remain acceptable to patients
during repeated use. Therefore, the next translational step is not only improving accuracy
but also testing real-time cueing systems prospectively in home and community settings.

4.4. Musculoskeletal Rehabilitation and Wearable Monitoring

Musculoskeletal applications were mainly represented by knee OA monitoring and
chronic ankle instability rehabilitation assessment, both of which used wearable or force-
based gait signals to support follow-up evaluation. The use of digital insoles and force-
based gait features to monitor knee joint diseases or knee OA has been applied to remote as-
sessment of functional status and treatment response [42]. Similarly, the in-shoe-integrated
plantar pressure and IMU system for the monitoring of chronic ankle instability has shown
how wearable sensing technology can support postoperative rehabilitation assessment and
decision-making for resuming activities [41]. These studies are particularly relevant to reha-
bilitation practice as they link gait biomarkers to follow-up and rehabilitation monitoring,
rather than just for one-time diagnosis. However, before these tools can be regarded as
reliable rehabilitation monitoring systems, larger research cohorts, long-term follow-up,
and validation in more diverse walking tasks (including stair climbing, turning, walking
on uneven surfaces, and community activities) are required [52,53]. Such validation is
especially important for rehabilitation applications because clinical decisions often depend
on change over time rather than a single cross-sectional classification result.

4.5. Broader Clinical Applications and Evidence Gaps

Applications beyond PD and musculoskeletal rehabilitation broaden the possible
clinical scope of plantar pressure- and GRF-based Al, but most remain at an early evidence
stage. This is particularly important for fall-risk, geriatric, vascular, and functional gait
applications, where clinical utility depends not only on cross-sectional classification but also
on prospective prediction and actionable intervention pathways. A risk score is clinically
meaningful only if it identifies future events with sufficient reliability and leads to changes
in assessment, referral, prevention, or rehabilitation management.

4.6. Methodological Barriers to Clinical Translation

Several methodological barriers limit clinical translation. The first is data partition-
ing. Gait datasets often contain repeated strides, gait cycles, or sliding windows from the
same participant. If these repeated samples are randomly split across training and test
sets, performance may be overestimated because the model can learn participant-specific
patterns rather than disease- or function-specific features. Participant-level splitting, leave-
one-subject-out CV, and cross-dataset validation provide stronger evidence of generaliz-
ability. Without these strategies, apparently high model performance may partly reflect
data leakage or participant-specific signal recognition rather than clinically generalizable
gait patterns.

https://doi.org/10.3390 /bioengineering13070796


https://doi.org/10.3390/bioengineering13070796

Bioengineering 2026, 13, 796

13 of 18

The second barrier is insufficient external validation. Wearable gait signals are sensitive
to sensor placement, sampling frequency, footwear, walking speed, and environmental
context. Without independent validation across devices, centers, and populations, it
remains uncertain whether model performance can be maintained outside the original
study setting.

The third barrier is calibration. Most included studies reported discrimination metrics
such as accuracy, sensitivity, specificity, AUC, or F1 score, but calibration was generally
absent. This matters because rehabilitation decisions often depend on risk or probability
estimates rather than binary labels alone. Reporting frameworks for Al-based prediction
models emphasize transparent reporting of predictors, outcomes, model development,
validation, calibration, and intended clinical use [49,50].

The fourth barrier is interpretability. Rehabilitation clinicians need to understand
which gait features are abnormal and how model outputs should inform treatment decisions.
Outputs that identify impaired propulsion, loading asymmetry, abnormal CoP progression,
impaired weight transfer, or increased variability are more clinically useful than black-box
disease labels alone. XAl approaches such as LRP may help connect model predictions to
interpretable gait features [51].

4.7. From Algorithmic Performance to Rehabilitation Decision-Making

A central translational gap is that high model performance does not automatically
indicate clinical utility. Clinical utility requires evidence that model outputs can change
decisions, improve timing of interventions, reduce uncertainty, or contribute to measurable
patient benefit. For a model to influence rehabilitation practice, the clinical problem, target
population, reference standard, decision threshold, output format, user, and workflow
position must be clearly defined. Clinical translation therefore requires more than algorithm
accuracy; it also requires reliable validation, interpretable outputs, workflow integration,
and evidence that model use can improve decisions or outcomes [54]. Future studies should
therefore evaluate how Al-derived gait biomarkers are used by clinicians and patients,
rather than reporting performance metrics alone. This requires a shift from model-centered
evaluation to decision-centered and workflow-centered evaluation.

4.8. Strengths and Limitations

This systematic scoping review presents multiple strengths. First, the review focuses
specifically on plantar pressure and GRF signals, which are directly associated with foot—
ground interaction and hold significant clinical value in the field of gait rehabilitation.
Second, this study organizes and classifies existing evidence according to clinical tasks
rather than solely by algorithm types, which enables clear differentiation among five
categories of research: disease identification, severity assessment, risk prediction, rehabili-
tation monitoring, and decision support. Third, this review discusses four key dimensions,
namely validation robustness, interpretability, model calibration, and clinical transforma-
tion readiness, all of which are frequently overlooked in existing literature on Al-based
gait analysis.

This review also acknowledges several limitations that require clarification: First,
as a scoping review, this study aims to map and present existing evidence rather than
estimating pooled effect sizes for diagnostic or prognostic accuracy, hence no meta-analysis
was conducted. Included studies exhibit considerable heterogeneity across disease popula-
tions, signal acquisition systems, walking task protocols, Al models, validation methods,
reference standards, and outcome indicators, which does not meet the prerequisites for
pooled analysis. Second, given the limited number of included studies, the classification of
evidence maturity is provided only as descriptive reference and does not constitute defini-
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tive conclusions. Third, although this review documents significant methodological issues
identified in included studies, it did not exclude relevant studies solely on the grounds
of insufficient validation or incomplete reporting. While this approach is reasonable for
evidence mapping, it implies that some study conclusions are only hypothesis-generating
and have not yet met the criteria for clinical application. Fourth, this review may be subject
to publication bias: studies with poor model performance or failed validation are less likely
to be published, and thus may have been omitted.

5. Conclusions

This systematic scoping review and evidence map indicates that Al-driven gait anal-
ysis using plantar pressure, CoP, and GRF signals is a promising but still early-stage
translational field in rehabilitation. Relatively more mature evidence was observed for
Parkinson’s disease recognition and freezing of gait prediction, mainly because these areas
were supported by multiple studies and participant-level or cross-dataset validation in
at least some studies. In contrast, evidence for PD severity assessment, knee osteoarthri-
tis monitoring, chronic ankle instability rehabilitation, fall-risk stratification, sarcopenia
screening, peripheral artery disease recognition, and functional gait disorder classification
remains less developed, with most applications limited to single-center cohorts, internal
validation, small samples, or laboratory-based settings.

The core barrier to clinical translation is not model discrimination alone, but in-
sufficient validation robustness, unclear participant-level data splitting, limited external
validation, absent calibration reporting, sparse interpretability, and lack of integration
with routine rehabilitation workflows. Future research should shift from retrospective
classification studies toward prospective, multicenter, externally validated, interpretable,
calibrated, and clinically embedded models. Priority should be given to evaluating whether
Al-derived gait biomarkers can meaningfully improve rehabilitation assessment, treatment
monitoring, intervention adjustment, cueing delivery, clinical referral, return-to-activity
decision-making, and patient functional outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

AUC Area under the curve

auROC Area under the receiver operating characteristic curve
CNN Convolutional neural network
CoP Center of pressure

CvV Cross-validation

DL Deep learning

FOG Freezing of gait

GRF Ground reaction force

H&Y Hoehn and Yahr

IMU Inertial measurement unit

LDA Linear discriminant analysis

LRP Layer-wise relevance propagation
LSTM Long short-term memory

MDS-UPDRS 11T
ML

Movement Disorder Society—Unified Parkinson’s Disease Rating Scale Part III
Machine learning

OA Osteoarthritis
PAD Peripheral artery disease
PD Parkinson’s disease
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-ScR Preferre<'i Repor’fing Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews
PROBAST+AI Prediction model Risk Of Bias ASsessment Tool plus Artificial Intelligence
RF Random Forest
RMSE Root mean square error
SVM Support vector machine
TRIPOD+AI Transparvent RePorting ofa multi.v.ar.iable pr?diction model for Individual
Prognosis Or Diagnosis plus Artificial Intelligence
vGRF Vertical ground reaction force
XAl Explainable artificial intelligence
XGBoost Extreme gradient boosting
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