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Abstract

Background: Rigidity is a cardinal symptom of Parkinson’s Disease (PD), yet its clinical
evaluation remains largely subjective and susceptible to errors. This study introduces an
innovative method for objectively classifying individuals with PD by combining an active
wrist orthosis with Machine Learning (ML) models. Methods: The orthosis, equipped with
current and force sensors, recorded biomechanical signals during passive wrist flexion and
extension, from which twelve quantitative features were extracted. Data were collected
from 30 participants (15 with PD and 15 Healthy Controls). Nineteen supervised ML
algorithms were systematically evaluated through feature selection, cross-validation, and
hyperparameter tuning. Results: Using all twelve features, QDA achieved an accuracy of
0.889 and sensitivity of 1.000, followed by GPC (0.778) and LDA (0.778). After applying
feature selection with the Correlation-based Feature Subset to reduce redundancy, Extra
Trees reached 0.833 accuracy, while both QDA and GPC maintained accuracies of 0.778.
This consistency across models, even with a reduced feature set, highlights the robustness
of the extracted biomarkers. Conclusions: These findings confirm that wrist rigidity signals
provide discriminative quantitative information between PD patients and HC and are
able to support PD classification, combining engineering innovation with clinical practice
that highlights the potential of integrating wearable devices and ML as a personalized
healthcare in PD.

Keywords: biomarkers; classification; computer vision; machine learning; Parkinson’s
disease; rigidity; wrist orthosis

1. Introduction
Parkinson’s Disease (PD) is a neurodegenerative condition affecting approximately

10 million people worldwide, making it the second most common neurodegenerative
disorder after Alzheimer’s Disease [1,2]. Characterized by both motor and non-motor
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symptoms, the prevalence and impact of PD doubled from 1990 to 2015, driven by in-
creasing longevity [3]. The four cardinal motor signs and symptoms are resting tremor,
muscle rigidity, akinesia or bradykinesia, and postural instability, often summarized by the
acronym TRAP [4]. Despite advancements, the diagnosis of PD remains predominantly
clinical, based on medical history and physical examination, which makes it susceptible to
subjectivity and inaccuracies [4,5].

The societal impact of this condition is rapidly increasing. According to [6] PD has
shown a fastest growing in terms of prevalence and disability. Between 1990 and 2021, the
number of affected individuals increased 274% worldwide [6], a trend likely to accelerate
with the aging population, which is the main risk factor for the disease [7]. This rising
prevalence highlights the urgent need for more accurate and objective clinical tools to
manage the disease effectively.

Among the motor symptoms, rigidity is a central feature of PD, affecting over 83% to
89% of diagnosed individuals [8,9]. It is defined as an increased resistance to passive joint
movement, maintaining a constant degree of resistance regardless of the angular position,
which poses a significant diagnostic challenge. Rigidity can be of the “lead pipe” or
“cogwheel” type [8]. Rigidity is influenced by both neural and non-neural components [9].
The clinical assessment of this symptom contributes to the high error rates in PD diagnosis,
ranging from 15% to 24%. Despite using advanced neuroimaging and other tests, diagnostic
mistakes still occur, emphasizing the need for more objective methods to evaluate key
motor signs like rigidity [10,11].

Currently, the most objective clinical assessment available is performed using the semi-
quantitative Movement Disorder Society-Unified Parkinson’s Disease Rating Scale [12].
Although this scale is the gold standard, it is inherently subjective and can lead to diagnostic
errors in up to 20% of cases [9,13].

While rigidity can affect the entire body, its impact on the upper limbs, especially the
wrist, is particularly disabling. The wrist joint plays a vital role in many daily activities
such as eating, writing, and opening doors. Therefore, wrist rigidity can greatly reduce a
person’s functional ability and independence, directly affecting their quality of life [14,15].
As a result, accurately measuring wrist rigidity is more than just a technical task; it is crucial
for developing targeted treatments and improving patient outcomes.

Due to the limitations of subjective assessment, there is an increasing effort to develop
objective and quantitative methods for evaluating rigidity.

In the study conducted by [16], eight individuals diagnosed with Parkinson’s Disease,
aged 53.6 ± 5.7 years, responsive to levodopa and undergoing Deep Brain Stimulation
(DBS), were evaluated. The control group consisted of young adults aged 30.9 ± 4.8 years.
The authors employed a palm-worn orthosis to quantify rigidity, called the Bionics Institute
Rigidity Device (BiRD). This device uses a motor to induce flexion of the third finger at the
metacarpophalangeal joint, and integrated sensors record measurements during flexion
and extension. Rigidity was characterized using the slope of the force–displacement curve
(Force Rate) and the total area under this curve (Work). Their findings demonstrated that
both parameters successfully distinguished individuals with PD from the control group.

Similarly, [17] conducted a study with seven individuals with PD (67 ± 11 years)
and fourteen healthy adults (25 ± 2 years) participated. A wrist wearable orthosis, called
PDMeter, was used to automatically perform wrist flexion and extension while participants
were instructed to avoid voluntary muscle contraction to isolate rigidity. The rigidity was
quantified through linear regression of the torque–angle curve. The results indicated that
the parameter derived from the orthosis reliably differentiated the PD group from the
healthy group.
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Other approaches include robotic exoskeletons, such as the KINARM, along with
inertial sensors, electromyography, myotonometry, and elastography, all of which aim for
increased precision and reproducibility [18].

In [19] was conducted a Scoping Review on the assessment of wrist stiffness in Parkin-
son’s disease. The aim of the study was to identify current methods for assessing wrist
stiffness and its stage of development. One of the methods analyzed was motion capture
assessment. Nine articles were found on this topic [20–28]. Among the nine articles, three
required a professional to perform the extension and flexion movements [25–27], and two
articles used the same device [20,23]. Thus, only five devices in the articles found performed
the extension and flexion movement in the wrist automatically [21–24,28], and none of
these articles associated the wrist orthosis with machine learning, confirming the scarcity
of research on the subject.

Our study incorporates elements from the research conducted by [16,23]. Data collec-
tion and certain signal characteristics were informed by [16] and applied to a wrist orthosis
to compare rigidity between individuals with Parkinson’s disease (PD) and healthy controls.
To enhance the interpretation of results regarding rigidity and movement, we expanded
both the number and type of features used by [16,23]. Unlike [16,23,29], in addition to
statistical analysis, we employed machine learning techniques to evaluate whether the
selected features could successfully classify the PD and healthy groups. While several
studies utilize wrist orthoses in conjunction with statistical analysis or machine learning,
these devices are generally implemented to control wrist movements in assistive technol-
ogy. However, studies assessing or quantitatively measuring rigidity remain scarce. The
objective of this research is to develop a tool that provides objective measurements to assist
healthcare professionals in diagnosing rigidity and that complements the MDS-UPDRS,
particularly in its assessment of rigidity.

The use of Machine Learning (ML) models is essential for transforming this objective
data into clinically useful information. Using the PyCaret library [30,31] in Python 3.10,
several ML algorithms, such as the Extra Trees Classifier (ETC), Gradient Boosting Classi-
fier (GBC), and K-Neighbors Classifier (KNN), have been employed for classification to
distinguish between individuals with PD and healthy controls (HC). Techniques such as
feature selection and hyperparameter optimization are applied to enhance the performance
of the models.

In this context, this study presents a proof-of-concept for the development and vali-
dation of an instrumented wrist orthosis as an innovative tool for objectively measuring
rigidity. This orthosis, developed at the Center for Innovation and Health Technology
Assessment (NIATS) at Federal University of Uberlândia (UFU), incorporates a linear ser-
vomotor with current and force sensors. Along with computer vision tools, the orthosis
enables the analysis of the forces required to perform passive wrist flexion and extension
movements, providing detailed biomechanical metrics.

Having established the need for objective methods, this paper outlines our proposed
solution that fills this critical gap. We propose a custom-designed wrist orthosis combined
with ML to accurately distinguish individuals with PD from healthy controls. The following
sections detail our methodology. Section 2 describes our comprehensive methodology,
from data collection to model development, including the application of feature selection
techniques. Section 3 presents the main classification results. Section 4 presents the Related
Works. The results are interpreted and discussed in Section 5, while introducing directions
for future works and addresses the limitations of the present study. Finally, Section 6
provides the study’s conclusions.
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This approach improves the scientific understanding of rigidity as a biomechanical
biomarker and establishes the groundwork for AI-assisted tools designed to support
clinicians in the diagnostic assessment of PD.

2. Materials and Methods
This section explains the methodology used to classify individuals with PD based on

biomechanical data. We first introduce the instrumented wrist orthosis developed for this
study, then describe the dataset, the preprocessing steps for the wrist rigidity signals, and
the ML techniques employed.

2.1. The Orthosis

The core of our methodology is a custom-developed active wrist orthosis created at the
NIATS laboratory (UFU) for the objective quantification of rigidity in PD with the patent
BR1020140232826. The device serves as an objective tool to overcome the limitations of
subjective scales, such as the MDS-UPDRS.

Weighing 850 g, the system is actuated by a Faulhaber DC linear servomotor LM 2070-
080-11 (Faulhaber, Schönaich, Germany) managed by a high-precision controller MCLM
3006 S RS (Faulhaber, Schönaich, Germany). The operating principle involves the motor
performing passive wrist flexion and extension movements on the participant. Rigidity is
quantified by measuring the motor’s current consumption, which is proportional to the
resistive force exerted by the wrist. The details of this device are shown in Figure 1.

Figure 1. Active wrist orthosis. (1) Actuator, (2) Actuator’s cylindrical shaft, (3) Auxiliary cylindrical
shafts, (4) Actuator casing, (5) Forearm attachment structure, (6) Safety displacement limiter, (7) Hand
coupling structure, (8) Spherical joints.

Figure 2 depicts the experimental setup, showing the active wrist orthosis fitted to a
volunteer’s forearm and hand. The wrist is positioned at its maximum range of passive
motion, illustrating full extension (a) and full flexion (b) as captured during the data
acquisition protocol.

 
(a) (b) 

Figure 2. Experimental setup of the active wrist orthosis positioned at maximum amplitude angles
during: (a) extension and (b) flexion movements. The colored markers indicate the anatomical
reference points used for motion tracking.
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2.2. Participant Selection, Workflow, and Dataset

The participant selection process was conducted in two main phases.

Phase 1: Recruitment and Initial Screening

The experimental group consisted of individuals with a confirmed clinical diagnosis
of PD, as determined by an expert neurologist. The healthy control HC group, composed
of volunteers with no history of neurological diseases.

Phase 2: Application of Eligibility Criteria and Matching

All potential participants were screened against predefined inclusion and exclusion
criteria, based on established protocols [32,33]. The primary inclusion criterion for the
PD group was a formal clinical diagnosis. Exclusion criteria for all participants included
the presence of any other neurological condition, joint disease, or any painful condi-
tion that could affect movement. Following the screening, the final groups were formed
by matching participants from each group by age and sex to minimize demographic
confounding variables.

Following approval from the Research Ethics Committee of the Federal University of
Uberlândia under the CAAE number 84004924.1.0000.5152, we recruited 30 participants
who provided written informed consent. The groups consisted of 15 individuals with PD
(GPD) matched by age and sex with the group of 15 Healthy Control (HC) individuals
(GHC). Because the aim of the study was to distinguish GPD from GHC, the GPD group was
not stratified by Parkinson’s Disease stages. Furthermore, the sample size was insufficient
to allow for a meaningful subdivision of GPD according to disease stage.

In accordance with the protocol approved, specific Parkinson’s Disease clinical scales
were not administered to the HC. The inclusion criteria for these participants were strictly
based on the confirmed absence of neurological or orthopedic history; therefore, such
clinical data were not collected. Participant demographics are detailed in Table 1.

Table 1. Clinical and demographic variables. Age and MDS-UPDRS Part III scores are presented as
mean ± standard deviation, and gender as counts.

Item HC PD Total

Gender Male 8 8 16

Gender Female 7 7 14

MDS-UPDRS Part III (Motor) 1 - 20.90 ± 9.70 -

Age (years) 62.07 ± 5.68 62.00 ± 5.21 -

Total 15 15 30
1 Part III: Motor Examination (3.1–3.18).

An instrumented orthosis performed a predefined motor protocol on each participant’s
wrist to collect biomechanical and video data. The protocol involved passive, sequential
flexion–extension movements in the sagittal plane, organized into three sets of 10 repetitions,
with a 2 min rest interval between each set, producing three distinct sets of data for each
participant. All measures were used by the classifiers, totaling 45 measures for each group.
The volunteer is initially positioned in a chair with forearm support. Before the orthosis is
fitted, a passive wrist joint stretching protocol is performed, simulating the movements that
will later be actively performed by the device. This stage consists of 30 s of wrist flexion
followed by 30 s of wrist extension. Data was collected during the “OFF” medication state
of the GPD.

The orthosis was attached to the individual’s forearm with standardized positioning,
6 cm from the ulnar styloid process, taking into account individual anatomical varia-
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tions. This positioning criterion follows the recommendations of [34], aiming to ensure
proper biomechanical alignment and the reproducibility of measurements taken during
the analysis.

In healthy individuals, the orthosis was placed on the dominant hand. In individuals
with PD, the orthosis was placed on the most affected limb, as identified by the expert
neurologist based on clinical history and the MDS-UPDRS Part III scores (specifically Item
3.3–Rigidity). According to ref. [35], no method of assessing Parkinson’s Disease can replace
clinical analysis, reinforcing that the use of objective or subjective tools is complementary.
Thus, as the positioning of the orthosis should be performed a priori, in relation to the
experiment, the MDS-UPDRS scale was used to determine the most affected side [36,37].

During data collection, participants were instructed not to resist or react voluntarily
to the orthosis’s movement, allowing the mechanical system to act freely on the joint [13].
Before data collection, participants were familiarized with the orthosis to refrain from
exerting any voluntary force during flexion and extension movements. Data collection was
performed after the researchers had verified that the participant was already familiar with
the orthosis. Joint rigidity was measured by the force applied by the motor during flexion
and extension movements, assuming that the greater the force required to move the joint,
the greater the observed rigidity.

The orthosis’s internal sensors recorded quantitative biomechanical data, includ-
ing electrical current, time, and linear displacement during wrist flexion and extension,
recorded at a sampling rate of 166,67 Hz. Simultaneously, the wrist movement was filmed
by a camera positioned at a 90-degree angle to the movement. Video recording was recorded
at a frame rate of 60 Hz, to enable the extraction of the wrist’s angular variation over time.
Due to the difference in sampling rate and frame rate, the video data was interpolated to
increase the frame rate from 60 Hz to 166.67 Hz, using the spline function in MATLAB
R2025b. The angular variation in the wrist movement was estimated using the Kinovea®

2025.1.1 software by means of two markers, as shown in Figure 2.
The methodology was divided into three stages. The first stage is Data Collection,

which involves acquiring biomechanical signals using the instrumented wrist orthosis,
synchronized with video recordings of the movements. Next, during the Data Modeling
and Evaluation stage, the features extracted from the signals were organized and analyzed
under two conditions: one using the complete set of predictors and another after applying
the CFS technique to reduce redundancy. Finally, in the third stage, the processed datasets
were submitted to 19 different Machine Learning algorithms to train and evaluate models
capable of classifying individuals based on the features. This study followed the steps
shown in Figure 3.

Figure 3. Schematic diagram of the complete experimental workflow. The process ranges from subject
recruitment to acquisition with the active orthosis to the final analysis.

To ensure a systematic and reproducible analysis, this study followed a structured
four-stage experimental workflow, as illustrated in Figure 3. The schematic diagram of the
entire process is described as follows:
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(1) Subjects—15 HC and 15 PD participated in the research;
(2) Data Collection—the collection of data is made in this stage using mobile, computer,

wrist orthosis, and MDS-UPDRS;
(3) Signal Processing and ML—the signal is filtered, and the features are extracted, and

is applied to statistical analysis, normalization, ML techniques, and hyperparameter
optimization;

(4) Analysis—the results from the signal processing are analyzed to compute metrics, to
compare PD and HC groups, and to compute the correlation between metrics and
MDS-UPDRS score.

2.3. Preprocessing Signals and Feature Definition

The signals were band-pass-filtered between 1 and 16 Hz to remove low- and high-
frequency artifacts [38]. For the removal of linear trends, the value of filtered signal was
subtracted from its mean, the resulting signal was normalized using the z-score technique.
The equation for the z-score is given by Equation (1):

R =
xi − µ

σ
(1)

where

X = {x1, x2, . . ., xi}—xi is the ith element
µ—mean of the signal
σ—standard deviation
R was used to calculate the features.

The z-score is a widely used technique in machine learning as it eliminates bias from
feature values and standardizes data variance, thereby preventing features with larger
scales from dominating the learning process [39]. Table 2 presents the 12 biomechanical
features derived from the orthosis signals used as inputs for the classification models.

Table 2. Variables used in the experiment.

Features Equation Description

MAV
MAV = 1

N

N
∑

i=1
|xi|

where
N—number of elements of X

Estimate the mean absolute value
of the signal.

MAVSD MAVSD = 1
N−2

N−2
∑

i=1
|xi+2 − xi|

Estimate the mean absolute value of the
second difference of the signal.

MAVFD MAVFD = 1
N−1

N−1
∑

i=1
|xi+1 − xi|

Estimate of the mean absolute value of the
first difference of the signal.

PEAK PEAK = max{xi}N
i=1 Estimate the maximum value of the signal.

RANGE RANGE = max {xi }N
i=1 − min {xi }N

i=1 Amplitude of the signal.

STD STD =

√
1

N−1

N
∑

i=1
(xi − x)2 Standard deviation of the signal.

FR_Extension Force Rate: inclination coefficient of the
curve during extension movement.

* Slope of the linear regression of force (N) vs.
angle (degree) during extension movement.

FR_Flexion Force Rate: inclination coefficient of the
curve during flexion movement.

* Slope of the linear regression of force (N) vs.
angle (degree) during flexion movement.
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Table 2. Cont.

Features Equation Description

C_Extension Area under the curve of current (A) vs.
time (s) during extension movement. Charge during extension movement.

C_Flexion Area under the curve of current (A) vs.
time (s) during flexion movement. Charge during flexion movement.

W_Extension
Area under the curve of force (N) vs.

displacement (m) during
extension movement.

Work during extension movement.

W_Flexion
Area under the curve of force (N) vs.

displacement (m) during
flexion movement.

Work during flexion movement.

* The linear regression and the confidence interval were calculated using the MATLAB R2025b fitlm function.

The features, as shown in Table 2, were organized into three distinct categories: statisti-
cal (RANGE, STD) amplitude (MAV, MAVSD, MAVFD and PEAK), dynamic characteristics
(FR_Extension, FR_Flexion, C_Extension, C_Flexion, W_Extension and W_Flexion) derived
from the extension and flexion phases, and derived biomechanical parameters.

We used a multimodal data collection setup, combining signals from an active wrist
orthosis with synchronized video recordings of passive wrist flexion and extension move-
ments. Each participant completed three trials. For each trial, 12 features were extracted.

Outlier detection and removal were conducted according to Equations (2) and (3) [29].

Lower = Q1 − 1.5 ∗ INTQ (2)

Upper = Q3 + 1.5 ∗ INTQ (3)

where INTQ is the interquartile range (Q3–Q1); Q3 is the third quartile; and Q1 is the
first quartile.

2.4. Data Split, Cross-Validation, Feature Selection, and Optimization

The dataset was divided into two subsets: a training set (80% of samples, n = 72) and
a hold-out test set (20%, n = 18), a methodology supported by previous studies [2,32,33,40].

Each research participant performed the experimental protocol three times, and all
measurements were used. Thus, to avoid data from the same individual being simulta-
neously in the test and training subsets, the partitioning of training and testing sets was
performed strictly at the subject level, not the sample level. We employed a Stratified
Group strategy (grouping by Subject_ID), which forces all 3 repetitions from any given
participant to be allocated exclusively to the same subset. This guarantees that no data
from a subject used in training ever appears in the test set. We employed a stratified
group K-fold cross-validation protocol (k = 5) similar to that described in [33,41] for model
development and tuning. This strategy was explicitly selected to ensure that the class dis-
tribution remained balanced across folds (stratification) while strictly maintaining subject
independence (grouping) to prevent data leakage.

Furthermore, feature selection (FS) techniques were used in this study as part of our
preprocessing pipeline to improve model efficiency and interpretability. The purpose of FS
is to select a subset of the most informative predictors from the initial feature set. This step
is essential not only for reducing computational load but also for enhancing classification
accuracy by removing redundant or irrelevant variables [40,42,43].

Relying solely on default algorithm parameters can result in subpar performance; thus,
a systematic search for the best configuration is essential for maximizing model accuracy
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and generalization, a practice well-supported by the literature [2,33,44]. To unlock each clas-
sifier’s full potential, we conducted a hyperparameter tuning stage using the ‘tune_model’
function, which applies a randomized search method by default [30,31]. Unlike the exhaus-
tive Grid Search approach employed in related studies such as Rehman et al. (2019) [2],
Randomized Search samples parameter settings from statistical distributions rather than a
manually defined grid [45]. This strategy was adopted to enhance computational efficiency
and minimize researcher bias in defining the search space. For each model, we evaluated
80 randomly sampled configurations (n_iter = 80) were evaluated using the fixed random
seed (session_id = 1245) to ensure reproducibility. The resulting fine-tuned models were
then used to generate final predictions by applying the function ‘predict_model’ on the
unseen test set.

2.5. Statistical Analysis

A statistical analysis was performed to compare demographic, clinical (specifically,
the MDS-UPDRS Part III motor score), and key biomechanical features between GHC and
GPD, with a significance level set for all statistical tests at α = 0.05. To compare the ages
between GHC and GPD statistically, the Shapiro–Wilk test [46] (p-values = 0.2174 and
0.6898, respectively) was used to assess the normality of the data, indicating that age data in
both groups followed a normal distribution. Therefore, Levene’s test (p-value = 0.6695) was
conducted to check for homogeneity of variances. The results showed that the variances
could be considered equal. After performing Levene’s test, Student’s t-test was conducted.

Furthermore, to explore the relationships among the 12 features, a correlation analysis
was performed. The resulting correlation matrix was displayed as a heatmap and used as a
preliminary step to reduce multicollinearity before the feature selection process.

The performance of each classifier was quantified using standard metrics calculated
from the confusion matrix outcomes: true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) [42]. Metrics for performance, Accuracy, Precision, Sensitivity,
Specificity, F-score and MCC (Equations (4)–(9), respectively), were computed for each
classifier [44,47–49].

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Precision =
TP

TP + FP
(5)

Sensitivity =
TP

TP + FN
(6)

Specificity =
TN

TN + FP
(7)

F − Score = 2 ∗ (Precision ∗ Sensibility)
(Precision + Sensibility)

(8)

MCC =
TN ∗ TP − FN ∗ FP√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(9)

Multiple linear correlation was used to verify the correlation between the calculated
GPD characteristics and the MDS-UPDRS Part III.

2.6. Framework for ML Classification Modeling

We developed a supervised ML pipeline to classify participants based on the orthosis
data. The 12 biomechanical features served as predictor variables, while the Status (PD or
HC) was the response variable.

To ensure a comprehensive and unbiased evaluation, we adopted a multi-model ap-
proach inspired by established literature [50–52]. This initial pool of algorithms included:

https://doi.org/10.3390/jsan15010001

https://doi.org/10.3390/jsan15010001


J. Sens. Actuator Netw. 2026, 15, 1 10 of 28

Ada Boost Classifier (ADA), CatBoost Classifier (CATBOOST), Decision Tree Classifier
(DTC), Dummy Classifier (DUMMY), Extra Trees Classifier (ET), Extreme Gradient Boost-
ing (XGBoost), Gaussian Process Classifier (GPC), Gradient Boosting Classifier (GBC),
K-Neighbors Classifier (KNN), Light Gradient Boosting Machine (LGBM), Linear Discrimi-
nant Analysis (LDA), Logistic Regression (LR), MLP Classifier (MLP), Naïve Bayes (NB),
Quadratic Discriminant Analysis (QDA), Random Forest (RF) Classifier, Ridge Classifier
(RIDGE), Support Vector Machine with a Linear Kernel (SVM), and Support Vector Machine
with a Radial Kernel (RBFSVM).

A comprehensive set of classification algorithms from the PyCaret and Scikit-learn
libraries was systematically assessed. The whole pipeline was built in Python 3.10, as
illustrated in Figure 4.

Figure 4. Framework for ML modeling for PD classification.

This diverse selection of models, combined with a feature selection technique, enabled
a robust comparison, using the Accuracy metric, to find the most effective model for
our specific dataset. The methodology described was applied, resulting in the outcomes
presented in the next section.

3. Results
In this section, we present the performance results of the ML models in classifying

individuals with PD based on the biomechanical data from the active wrist orthosis.

3.1. Sample Characterization and Typical Biomechanical Signals

The boxplots in Figure 5 indicate that the median and dispersion of ages are similar
between groups, with no evidence of extreme outliers. Subsequently, a Student’s t-test was
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performed to assess whether a statistically significant difference existed between the mean
ages of the two groups. The resulting p-value of 0.9735 confirms the absence of statistically
significant differences in mean age between groups.

Figure 5. Boxplots of participants’ ages in the control and Parkinson’s Disease groups.

Figures 6–8 illustrate the typical signals from GHC (left column) and GPD (right column).

  

(a) (b) 

Figure 6. Typical signals presented by each group. GHC: left and GPD: right. (a,b)—Force vs. angle:
Red—extension movement. Blue—flexion movement.

Before applying ML models, a correlation analysis was conducted to explore the
relationships among the 12 biomechanical features. The resulting correlation matrix is
displayed as a heatmap in Figure 9, highlighting the features with high correlation. This
multicollinearity indicates redundant information and underscores the importance of the
subsequent feature selection step for creating more robust and interpretable models.

3.2. Results of Classification Models for All Features

For each classification model, we used the pipeline outlined in Table 3.
The other parameters for the setup function were kept at the default settings. A

standard seed was used to ensure the experiment’s reproducibility and consistent results.
Subsequently, a systematic hyperparameter optimization was performed for all evalu-

ated algorithms, using the tune_model function, the optimization was conducted for all
classifiers using the pipeline shown in Table 4.

The objective function was defined as F1 (optimize = ‘F1’), as it balances precision and
sensitivity [2,40]. Additionally, the parameter choose_better = True ensured that the tuned
model would only replace the baseline when presenting an improvement in the metric,
thereby preserving comparability and mitigating risks of performance degradation. Finally,
after optimization, the six best models were applied to the test data using the predict_model
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function. This final step consolidated the evaluation of the classification models, enabling
the identification of those with the most significant predictive potential in the context of
this study.

  
(a) (b) 

 
 

(c) (d) 

  
(e) (f) 

Figure 7. Typical extension signals presented by each group. GHC: left and GPD: right. (a,b)—the
blue area represents the Charge (C) during the extension movement. (c,d)—the slope of the line (red)
represents the Force Rate (FR) during the extension movement. (e,f)—the blue area represents the
Work (W) during the extension movement.

Table 3. Hyperparameters of the pipeline for classification model implementation.

Parameter Value

Target ‘Group’

Train size 80%

Fold strategy Stratified Group K-Fold

Fold groups ‘Subject_ID’

Number of folds 5

Normalized z-score

Seed 1245
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 8. Typical flexion signals presented by each group. GHC: left and GPD: right. (a,b)—the
blue area represents the Charge (C) during the flexion movement. (c,d)—the slope of the line (red)
represents the Force Rate (FR) during the flexion movement. (e,f)—the blue area represents the Work
(W) during the flexion movement.

Table 4. Hyperparameter for the models optimization process.

Hyperparameter Optimized Value

Optimize F1

Verbose False

Samples number n_iter = 80

Better choose_better = True

After optimization, two models showed an improvement in mean accuracy. The KNN
and RBFSVM models stood out with the most significant growth, increasing by 27.33%
from 0.611 to 0.778. Subsequently, the RBFSVM model’s performance evolved from 0.667
to 0.778, resulting in an 16.64% of gain. In contrast, QDA maintains an accuracy of 0.889.
The remaining models (NB, LDA, and GPC) showed no change in their performance. Con-
sidering the set of six models, the overall mean accuracy showed no significant variation,
maintaining a baseline of approximately 80%.
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Figure 9. Heatmap of the correlation matrix for the 12 biomechanical features. Warmer colors (red)
indicate a strong positive correlation, while cooler colors (blue) indicate a strong negative correlation.
Values inside the cells represent the correlation coefficients.

3.3. Results of Classification Models After Applying a Feature Selection Technique

The method applied for feature selection was CFS, as defined in [2,40], which was
used to select highly correlated features from the obtained signal, utilizing a threshold for
the correlation coefficient r ≥ 0.96. The correlation values of the removed variables ranged
from 0.96 to 0.99, confirming the high level of correlation. In total, two variables were
eliminated, and the final set of features, including those selected and those excluded, is
detailed in Table 5, except for the target variable for the models, which is the group variable.

Table 5. Features removed and selected to be applied to ml models after the CFS technique.

Method Features Removed Features Selected

CFS MAVFD and PEAK
MAV, MAVSD, RANGE, STD,

FR_Extension, FR_Flexion, W_Extension,
W_Flexion, C_Extension, C_Flexion

Number 2 10

All 19 classification models were subjected to the pipeline presented in Table 3,
which included an additional step to remove multicollinearity using a correlation
threshold of 0.95.

The results shown in Table 6a were obtained by running the algorithms with the de-
fault parameters from the PyCaret library, in Table 6b are presented the main performance
metrics obtained for each classifier after the hyperparameters optimization. Evaluating the
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19 models using the 10 selected features, after CFS, the ET, QDA, MLP, GPC, NB, and ADA
algorithms achieved the best performance on the testing data without hyperparameter tun-
ing as presented in Table 6c. After hyperparameters optimization and CFS, six classification
models stood out for their performance improvements. Table 6d summarizes the resulting
performance metrics for the top six models, enabling an identification of the most robust
classifiers within this optimized feature space.

Table 6. Classification model results considering raw data (a), Top 6 Classification models after
systematic hyperparameter optimization (b), Top 6 Classification models after CFS (c) and Top 6
Classification models after hyperparameter optimization and CFS (d).

Item Model
All 19 Classification Models with Default Parameters

Acc Sen Spe Pre F1 AUC MCC

(a)

QDA 0.889 1.000 0.778 0.818 0.900 0.852 0.798

LDA 0.778 0.667 0.889 0.857 0.750 0.741 0.570

GPC 0.778 0.556 1.000 1.000 0.714 0.790 0.620

SVM 0.722 0.778 0.667 0.700 0.737 0.722 0.447

ET 0.722 0.667 0.778 0.750 0.706 0.864 0.447

GBC 0.722 0.667 0.778 0.750 0.706 0.728 0.447

DT 0.722 0.556 0.889 0.833 0.667 0.722 0.471

MLP 0.722 0.556 0.889 0.833 0.667 0.815 0.471

NB 0.722 0.556 0.889 0.833 0.667 0.728 0.471

LR 0.667 0.667 0.667 0.667 0.667 0.691 0.333

RBFSVM 0.667 0.667 0.667 0.667 0.667 0.815 0.333

RIDGE 0.667 0.667 0.667 0.667 0.667 0.667 0.333

CATBOOST 0.667 0.556 0.778 0.714 0.625 0.815 0.342

LIGHTGBM 0.667 0.556 0.778 0.714 0.625 0.741 0.342

RF 0.667 0.556 0.778 0.714 0.625 0.778 0.342

XGBOOST 0.667 0.556 0.778 0.714 0.625 0.778 0.342

KNN 0.611 0.556 0.667 0.625 0.588 0.679 0.224

ADA 0.611 0.444 0.778 0.667 0.533 0.704 0.236

DUMMY 0.500 0.000 1.000 0.000 0.000 0.500 0.000

Item Model Top 6 Classification models after hyperparameter optimization

(b)

QDA 0.889 1.000 0.778 0.818 0.900 0.852 0.798

KNN 0.778 0.667 0.889 0.857 0.750 0.778 0.570

RBFSVM 0.778 0.667 0.889 0.857 0.750 0.889 0.570

GPC 0.778 0.556 1.000 1.000 0.714 0.790 0.620

LDA 0.778 0.667 0.889 0.857 0.750 0.704 0.447

NB 0.722 0.556 0.889 0.833 0.667 0.728 0.471

Item Model Top 6 Classification models after CFS

(c)

ET 0.833 0.667 1.000 1.000 0.800 0.907 0.707

DT 0.778 0.667 0.889 0.857 0.750 0.778 0.570

QDA 0.778 0.667 0.889 0.857 0.750 0.802 0.570
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Table 6. Cont.

(c)

GPC 0.778 0.556 1.000 1.000 0.714 0.778 0.620

NB 0.778 0.556 1.000 1.000 0.714 0.790 0.620

RF 0.778 0.556 1.000 1.000 0.714 0.802 0.620

Item Model Top 6 Classification models after hyperparameter optimization and CFS

(d)

QDA 0.778 0.667 0.889 0.857 0.750 0.802 0.570

RBFSVM 0.778 0.667 0.889 0.857 0.750 0.864 0.570

GPC 0.778 0.556 1.000 1.000 0.714 0.778 0.620

KNN 0.778 0.667 0.889 0.857 0.750 0.778 0.570

NB 0.778 0.556 1.000 1.000 0.714 0.765 0.620

ADA 0.778 0.667 0.889 0.857 0.750 0.728 0.570
Acc—Mean of Accuracy; Sen—Mean of Sensitivity; Spe—Mean of Specificity, Pre—Mean of Precision, F1—F-score
(%), AUC—Area Under the Curve [0,1] *; and MCC—Matthews Correlation Coefficient [−1, 1] *. *—interval
of values.

Following the initial analysis using the features selected by the CFS technique, hyper-
parameter optimization was performed to refine the performance of the classifiers. For
this stage, the same optimization pipeline detailed in Table 4 was employed, maintaining
methodological standardization and ensuring a direct and equitable comparison with the
results previously obtained for the complete feature set. In a manner analogous to the pre-
vious analysis, all models were optimized using the reduced feature set and subsequently
applied to the test data for final evaluation.

The QDA maintained the highest accuracy at 0.778, confirming its robustness across
both before and after the FS technique. The RBFSVM also improved, reaching 0.778 accuracy
with a precision of 0.857. KNN also achieved an accuracy of 0.778 with a precision of 0.857
on the test set, representing one of the most significant relative gains compared to its
baseline. GPC and NB achieved comparable results, with accuracies of 0.778, underscoring
the positive impact of the optimization process on classifier performance, as shown in
Figure 10.

Figure 10. Impact of CFS Optimization on Mean Accuracy of the Top 6 Models.

Figure 11 presents the confusion matrices of the three best performing models—the
QDA, KNN, and RBFSVM—which served as the basis for the calculation of the metrics
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reported in Table 6b. These results highlight the classifiers’ ability to consistently distinguish
GPD from GHC in the test set, reinforcing the robustness of the applied framework process.

  
(a) (b) (c) 

Figure 11. Confusion matrices of the QDA (a), KNN (b), and RBFSVM (c) models on the test set after
CFS feature selection.

Figures 12 and 13 present the feature importance analyses for the ADA and CATBOOST
classification models, respectively. It is important to note that the RBFSVM algorithm does
not provide a native mechanism for estimating feature importance, as it relies on kernel
functions, which prevents a direct assessment of the most influential variables.

Figure 12. Feature importance of the ADA model after CFS feature selection.

Figure 13. Feature importance of the CATBOOST model after CFS feature selection.
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Therefore, the analysis was restricted to models capable of internally generating
these estimates. In this context, ADA and CATBOOST were selected as representative
algorithms. Notably, both models achieved performance metrics on the independent
test set after optimization, reaching an accuracy of 0.778 and 0.700, respectively, and a
precision of 0.857 for ADA. These results provide further insight into the contribution of
specific biomechanical features to the classification task, enhancing the interpretability of
the proposed approach.

3.4. Comparative Analysis of Model Accuracy Before and After Feature Selection

Figure 14 compares the average accuracy of the six top-performing classification mod-
els before the optimization process using the pipeline shown in Table 4, under two condi-
tions: using the complete feature set and after applying the CFS feature selection technique.

Figure 14. Comparative Analysis of Accuracy before the optimization: All features x CFS.

The accuracy of the QDA model, which initially performed best without hyperparam-
eter optimization on the full feature set, decreased from 0.889 to 0.778, while GPC showed
a constant result after feature reduction. In contrast, the ET improved from 0.722 to 0.833,
RBFSVM from 0.667 to 0.778, ADA from 0.611 to 0.722, and NB from 0.722 to 0.778, showing
significant gains in accuracy.

3.5. Robustness and Generalization Analysis

To assess the stability of the proposed solution and ensure that the reported perfor-
mance was not an artifact of a specific data partition, a comprehensive robustness analysis
was conducted. We evaluated the impact of varying the training set size (50–90%) and the
internal validation strategy on the model’s generalization performance. Figures 15 and 16
show how test accuracy changed for the Top 6 performing models, applied to All Features,
before and after hyperparameter optimization.

Complementarily, Figure 17 presents the distribution of test accuracy across the 5-fold
cross-validation scenarios. The compact boxplots, particularly at the chosen 80% training
split, indicate low variance among the variances, confirming that the models are learning
robust patterns rather than overfitting to specific data subsets.
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Figure 15. Test accuracy evolution of the Top 6 models across varying training set sizes (50% to 90%)
using Stratified Group K-Fold (k = 5) for All Features without optimization considering the test data.

Figure 16. Test accuracy evolution of the Top 6 models across varying training set sizes (50% to 90%)
using Stratified Group K-Fold (k = 5) for All Features after optimization considering the test data.

Beyond binary classification, it is crucial to understand how biomechanical charac-
teristics relate to clinical severity. A complementary multiple linear regression analysis,
using the 12 characteristics extracted from the GPD, demonstrated the ability to predict
specific stiffness scores (item 3.3 of the MDS-UPDRS). The model achieved an coefficient of
determination (R2) of 0.682, indicating that biomechanical metrics explain approximately
68.2% of the variability observed in clinical scores, with a Mean Squared Error (RMSE) of
1.25 points.

Considering the results presented, the next section provides an interpretation of these
findings and compares them with previously published studies.

https://doi.org/10.3390/jsan15010001

https://doi.org/10.3390/jsan15010001


J. Sens. Actuator Netw. 2026, 15, 1 20 of 28

Figure 17. Distribution of test accuracy for the Top 6 models across training partitions (50% to 90%)
using Stratified Group K-Fold (k = 5). The dashed line indicates the 80% scenario.

4. Related Works Section
There is significant growth in studies on PD, but current studies on objective methods

for assessing rigidity, specifically wrist rigidity and biomechanical movements, are still
few. Table 7 presents articles that evaluated wrist rigidity using biomechanical wrist data
for rigidity assessment. Table 7 summarizes key quantitative methods for assessing wrist
rigidity in PD. The comparison highlights three factors: (i) Measurement, (ii) Analysis
Focus, and (iii) Wrist Movement.

Table 7. Comparison of related research on quantitative wrist rigidity assessment, highlighting
methodological differences and research gaps.

Study Measurement Analysis Focus Wrist Movement

Formica et al. (2012) [21] Torque, displacement angle
and Electromyography (EMG) Statistical Automatic

Powell et al. (2012) [22] Torque, displacement
angle and EMG Statistical Automatic

Raiano et al. (2020) [23] Torque and
displacement angle Statistical Automatic

Zito et al. (2018) [24] Torque and
displacement angle Statistical Automatic

Costa et al. (2015) [25] Angular Speed Statistical and
sensitivity

A professional is needed to
perform the flexion and

extension movement.

Lopes et al. (2019) [26] Angular Speed Accuracy
A professional is needed to

perform the flexion and
extension movement.

Assis et al. (2016) [27] Angular Speed Polynomial
mathematical model

A professional is needed to
perform the flexion and

extension movement.

https://doi.org/10.3390/jsan15010001

https://doi.org/10.3390/jsan15010001


J. Sens. Actuator Netw. 2026, 15, 1 21 of 28

Table 7. Cont.

Study Measurement Analysis Focus Wrist Movement

MUTLU (2019) [28] Force and displacement angle

Comparison between
physician scores and

scores on the scale used
in the paper.

Automatic

Proposed study Force and displacement angle
ML Classification
(Stratified Group

K-Fold)
Automatic

As shown in the final row of Table 7, our work extends these foundations by integrating
a custom-built active wrist orthosis with a comprehensive ML framework. Additionally,
the study employs a stratified group K-fold validation strategy on a balanced dataset to
ensure robust and generalizable classification performance.

5. Discussion
5.1. Baseline Characteristics

Statistical analyses confirmed that the GPD and GHC were comparable in age, with
Shapiro–Wilk and Levene’s tests indicating normal distribution and homogeneity of vari-
ances, respectively. Student’s t-test revealed no significant age difference between groups,
ensuring that age-related effects did not confound subsequent analyses. After confirming
group comparability, motor outcomes were evaluated.

5.2. Neurodegenerative Diseases

Neurodegenerative diseases (ND) are characterized by progressive deterioration of
neurons. Currently, there is no cure for ND, only treatments to alleviate symptoms. Early
diagnosis of ND is very important to allow intervention before ND sets in, as the progression
of ND can be slowed when therapies are applied in the early stages of ND [53].

5.3. ML Discussion

This study used three repeated measures for each participant. Repeated measures are
data collected several times from the same individual [17]. However, repeated measures
are correlated with each other. Traditional statistical methods use indirect measures to
circumvent this problem, but machine learning models can be modeled using repeated
measures directly [17].

With this method, it is possible to build a model that incorporates repeated mea-
sures [17]. There are several types of repeated measures and data in the biomedical field,
such as data collected by healthcare professionals and sensor data. Repeated measures are
increasingly common in multivariate prediction research [54]. For this reason, one applica-
tion for repeated measures in conjunction with machine learning to support early diagnosis
of neurodegenerative diseases (ND), including PD, allows for early intervention in ND [53].
There is growing interest in applying ML to PD diagnosis. The metrics used in our research
are the most widely used among researchers applying ML to PD diagnosis [45,55].

The initial modeling phase involved applying all classifiers to the complete set of
12 biomechanical features to establish a performance baseline. This approach yielded high
classification accuracy, demonstrating the predictive potential of the raw data. Specifically,
QDA achieved the highest performance with an accuracy of 0.889. Following hyperparame-
ter optimization, models such as RBFSVM, KNN, GPC, and LDA also achieved competitive
results, reaching an accuracy of 0.778. This result is very important and positive when
compared with the clinical diagnosis, since in the clinical diagnosis, the accuracy is 73.8%
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when performed by non-specialists, with the diagnostic accuracy being on average 79.6%
when the PD diagnosis is performed by movement disorders specialists, and increases to
83.9% after monitoring the individual with PD [5].

While promising, these initial results were based on a feature set with known multi-
collinearity, as shown in the correlation heatmap in Figure 9, which could limit the model’s
generalizability and interpretability. This finding directly motivated the subsequent appli-
cation of the CFS method [56].

To build more robust and parsimonious models, CFS was applied. The impact of this
feature reduction on the performance of the top six models is illustrated in the comparative
graph, Figure 14. The analysis reveals a notable shift in the best-performing algorithms:
models sensitive to redundant features, such as QDA, saw a decrease in accuracy. In
contrast, models as ET, ADA and NB, showed significant performance gains, with their
accuracies rising to 0.833, 0.722 and 0.778, respectively. This outcome highlights a key find-
ing: feature selection was crucial for filtering noise and allowing more robust algorithms to
achieve high, stable performance, leading to a final set of models that are not only accurate
but also less complex. These results corroborate the results of [57], who also obtained an
improvement in the accuracy results of the classifiers when using the CFS method.

The top models after the CFS and hyperparameter optimization, especially QDA, GPC,
and RBFSVM, achieved accuracies of 0.778 on the independent test set, with high specificity,
precision, and F1-scores. These results highlight not only the strong discriminative ability of
the proposed biomechanical biomarkers but also the robustness of the optimization process,
which consistently enhanced predictive performance across various algorithms. The QDA
model was the most accurate, while GPC and NB demonstrated exceptional specificity
and precision, highlighting the importance of using different models when analyzing
diverse clinical conditions, such as PD. In [58], the authors evaluated the fluctuations in
the individual’s vocal pattern for the diagnosis of PD, they found that ET had the highest
accuracy, in agreement with our results.

Another important finding concerns the feature importance analysis, which revealed
consistent patterns across different algorithms. Despite methodological differences between
ADA and CATBOOST, both models consistently ranked Force Rate and Work features,
such as FR_Flexion, FR_Extension, W_Flexion and W_Extension among the most influential
variables. This convergence suggests that these biomechanical parameters are reliable
markers of rigidity, capturing altered neuromuscular effort and movement dynamics in
individuals with PD. Our result corroborates [16], where the authors also found that the
characteristics Force Rate during flexion and Work during flexion were among those that
had the greatest influence on the final model. These two characteristics were used to
characterize stiffness. On the other hand, Charge did not play a role that substantially
influenced the model of [16], as occurred in our research.

The agreement between tree-based methods with different learning strategies en-
hances the interpretability of the models and supports the clinical relevance of the
proposed biomarkers.

Compared to other modalities studied in the literature, the present findings are espe-
cially significant. Several studies have focused on acoustic biomarkers, using sustained
phonation and speech-based features to train ML models. For example, refs. [47,48] found
that gradient boosting and support vector machines achieved over 80% accuracy in de-
tecting PD from voice signals. Likewise, ref. [50] employed semi-supervised learning for
dysphonic voice classification, confirming the predictive power of acoustic parameters.
Although promising, these methods are naturally influenced by external factors, such as
recording quality and comorbid vocal impairments, which can limit their generalizabil-
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ity. In contrast, rigidity measurements directly assess a cardinal motor symptom of PD,
providing a more specific and clinically relevant biomarker.

Another critical research area involves gait analysis, which has been widely studied as
a source of digital biomarkers for PD [2,59,60]. For example, systematically using ML on
gait parameters and identifying clinically relevant features for early-stage classification,
achieving performance similar to voice-based methods. These techniques benefit from
capturing whole-body motor changes, but they also require larger and more complex data
collection setups, which may not be practical in routine clinical settings. Compared to gait
studies, the orthosis-based approach described here offers a more controlled, reproducible,
and focused assessment of rigidity, with the added benefits of portability and suitability for
outpatient or home use.

Multiple linear correlation resulted in an R2 of 0.682, this suggests that the active
orthosis captures not only the presence of the disease (classification) but also quantitative
nuances of symptom severity, aligning with findings from similar study [16].

Taken together, these findings highlight the novel contribution of this study: using a
wearable device to produce quantitative rigidity biomarkers that match the classification
performance of well-established methods such as speech and gait analysis. By incorpo-
rating feature selection and systematic hyperparameter tuning, the methodology ensured
consistent improvements across models, achieving performance levels comparable to those
of state-of-the-art approaches.

Beyond its technical strengths, the proposed framework offers direct clinical relevance
by addressing one of the most challenging aspects of Parkinson’s Disease diagnosis: the
subjectivity of rigidity assessment. As a result, this work not only demonstrates the
potential of using orthosis-derived features for PD classification but also opens the door for
broader use of objective, sensor-based tools in clinical neurology.

5.4. Future Work

Future work will focus on two main directions. The first targets the physical improve-
ment of the active wrist orthosis. Immediate objectives include adding ergonomic features
to boost user comfort and fit during assessments. This involves testing lighter materials,
optimizing the device’s shape for better weight distribution, and improving the forearm
and hand-fastening systems.

These upgrades are vital for reducing participant effort, which is crucial for sup-
porting long-term studies and potentially enabling the device to be used in home-based
monitoring settings.

The second approach focuses on improving the system’s software features and
clinical applications. We plan to develop modules for automated report generation
and real-time feedback, providing clinicians and patients with immediate, actionable
information insights.

Longitudinal studies must be conducted to collect periodic measurements from a
larger patient cohort over an extended period. This protocol will allow us to build a
more robust database, capture the trajectory and fluctuations of rigidity over time, and
systematically to analyze the impact of confounding variables. Such a dataset will be crucial
for developing more precise and clinically generalizable predictive models.

5.5. Limitations of the Study

The findings of this study should be viewed with some limitations in mind. The main
limitation is the small sample size, which could restrict the statistical power and how well
our results apply to the larger population of people with PD. Although our validation
method, including cross-validation and a hold-out test set, was meant to reduce overfitting,
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confirming the results with a larger and more diverse group is needed. Additionally, this
initial analysis did not consider potential confounding factors, like medication status or
comorbidities, which are known to affect motor symptoms in PD.

Although all participants were assessed in the ‘OFF’ medication state to standardize
the evaluation, the current sample size limited our ability to perform stratified analyses by
specific disease stages or distinct motor phenotypes (e.g., tremor-dominant vs. akinetic-
rigid). Consequently, the generalizability of the results to specific PD subgroups remains to
be confirmed in larger cohorts.

The results of this study cannot be generalized. Our study was able to differentiate
the PD group from the HC group. Future research should include groups with other
neurological diseases with rigidity, aiming to generalize the method used.

6. Conclusions
This study presents a proof-of-concept demonstrating the feasibility and effectiveness

of using ML models to classify individuals with PD based on wrist rigidity data collected
by an active orthosis. The main goal was to address the limitations of subjective clinical
assessments by developing an objective and quantitative diagnostic method. The method
was validated using a K-fold strategy in stratified groups to ensure generalization, our
results indicate strong performance in the classification task. Using all twelve rigidity-
related features extracted from the orthosis, the QDA algorithm achieved the highest
accuracy of 0.889, followed by LDA and GPC with an accuracy of 0.778 for all features
without hyperparameter optimization, demonstrating significant discriminative ability.
After applying feature selection with CFS to reduce redundancy, the ET model still achieved
a high accuracy of 0.833, while QDA, GPC, and NB all reached 0.778. The consistency of
these high-performance results, even with a reduced feature set, highlights the robustness of
the biomechanical signals captured. Overall, the optimization process increased the average
accuracy of the best models, further reinforcing the robustness of the biomechanical signals.
These findings emphasize the potential of combining custom hardware with advanced ML
techniques as a reliable diagnostic support tool for Parkinson’s Disease. The performance
not only validates our methodology but also establishes it as a significant contribution to
the field of motor assessment in PD. Unlike other ML approaches that rely on speech or gait
data, directly measuring rigidity provides discriminative quantitative information between
PD patients and HC and may serve as a tool to support PD classification, although further
validation in larger and independent cohorts is required. This highlights the potential of
our tool to support diagnosis and deliver objective metrics for tracking disease progression
or response to treatment. In conclusion, combining an active wrist orthosis with ML models
presents a strong method for objectively assessing PD, with the potential to improve
diagnostic accuracy and support ongoing patient monitoring.
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