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Abstract:

Parkinson’s disease is a progressive neurodegenerative disorder that severely impairs
motor function and quality of life, creating a pressing need for objective, continuous
monitoring to guide personalized therapy. This study develops a machine learning
framework for the remote assessment of Parkinson’s disease severity using multimodal
telemonitoring data, primarily from speech with supplementary handwriting and sensor
inputs. We systematically benchmark a comprehensive suite of regression models—from
linear baselines (Linear, Ridge, Lasso, ElasticNet) to advanced nonlinear ensembles
(Random Forest, XGBoost, CatBoost, LightGBM)—on the public Parkinson’s
Telemonitoring dataset. Results reveal a decisive performance gap: tree-based ensembles
achieved superior predictive accuracy for total UPDRS scores, with R? values up to 0.97
and minimal error (MSE ~2.05), by effectively modeling complex, nonlinear patterns in
vocal biomarkers. In stark contrast, linear models and simpler algorithms like AdaBoost
significantly underperformed. These findings robustly demonstrate that advanced
ensemble ML methods enable highly accurate, scalable, and non-invasive telemonitoring
of Parkinson’s disease progression. The proposed approach provides a validated pathway
for transforming real-world, continuous data into clinically actionable insights, with
strong potential to enhance decision-making, optimize treatment plans, and improve
long-term patient outcomes.

1. Introduction

timely therapeutic intervention and personalized
care [4].

Parkinson’s Disease (PD), a chronic and progressive
neurodegenerative disorder, is characterized by its
hallmark motor symptoms tremor, bradykinesia,
rigidity, and postural instability as well as a
significant burden of non-motor symptoms,
including cognitive deficits, sleep disturbances, and
depression [1,2]. This multifaceted symptomatology
erodes functional independence, substantially
diminishes quality of life, and presents formidable
challenges for long-term, dynamic clinical
management [3]. Consequently, early detection and
continuous, objective monitoring of disease
progression are critical imperatives for enabling

Conventional clinical assessment of PD remains
largely reliant on intermittent, in-person evaluations
using subjective rating scales, primarily the Unified
Parkinson’s Disease Rating Scale (UPDRS),
supplemented by patient self-reporting [5]. This
paradigm is constrained by low temporal resolution,
inter-rater variability, and a "snapshot” view that
often fails to capture the meaningful day-to-day
fluctuations and subtle progression of symptoms in
a patient’s natural environment [6, 7].

The convergence of remote telemonitoring and
digital biomarkers offers a transformative
alternative. Wearable sensors and digitized motor
tasks (e.g., voice analysis, keyboard tapping) now
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enable the continuous, real-world collection of high-
dimensional data streams sensitive to PD-related
motor impairment [8, 9]. To translate this
multimodal data into clinically actionable insight,
machine learning (ML) provides a powerful
analytical framework. Notably, nonlinear ensemble
methods such as Random Forest [36], XGBoost [37],
CatBoost [38], and LightGBM [39] excel at
modeling complex, interactive patterns within such
datasets, often surpassing the capabilities of
traditional linear models [10, 11].

This study develops and evaluates an ML framework
for predicting PD severity, with a primary focus on
vocal biomarkers. Utilizing the public Parkinson’s
Telemonitoring  dataset [45]—a longitudinal
repository of in-home voice recordings [12]—we
conduct a comprehensive benchmarking analysis. A
wide range of algorithms, from linear regressions to
advanced boosting ensembles [40, 43], are compared
for predicting total UPDRS scores. Our objectives
are twofold: to identify the most robust and accurate
modelling strategy for this task, and to demonstrate
a scalable, non-invasive pipeline for remote
symptom assessment. Ultimately, this work aims to
contribute a validated, data-driven methodology that
can enhance clinical decision-making, facilitate
personalized therapy optimization, and improve
long-term outcomes in PD management [13, 14].
The remainder of this paper is structured as follows:
Section 2 reviews related work. Section 3 outlines
the foundation of the proposed method. Section 4
presents the experimental evaluation and
comparative results. Finally, the work concludes and
suggests future research directions.

2. Related work

The growing interest in objective continuous
monitoring of people with Parkinson's disease has
created an interdisciplinary research space shaped by
earlier work on measuring movement disorders [1].
The first studies using a combination of wearable
accelerometers and gyroscopes to measure tremor
and bradykinesia were conducted to demonstrate
that such devices were able to provide more accurate
measurements than subjective clinical assessments
[2]. Salarian et al. provided evidence of the use of
body-fixed sensors to measure gait and tremor in a
real-world context [3]. This research gave rise to the
paradigm of body sensor networks (i.e., several
inertial measurement units placed on the individual)
that allow for capturing the complex,
multidimensional symptoms caused by Parkinson's
disease. Subsequent research [4,5] has continued to
build upon the work of Salarian et al., improving and
validating several multi-sensor approaches to the
Instrumented Stand and Walk Test, demonstrating
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the concept that measurements taken from sensors
can be valid digital proxies of clinical measures.

As wearable technology is becoming increasingly
prominent for monitoring a patient’s health,
researchers are investigating ways to employ non-
wearable ambient sensing solutions to further
decrease the amount of burden placed on the patient
and help to evaluate ecological health parameters in
an actual home environment. A large number of
researchers have conducted a significant depth of
studying the wuse of vision-based systems,
particularly 3D depth cameras, such as those created
by Microsoft and utilized with Kinect, as a means to
measure motor performance when completing a
standardized task. For example, Galna et al.
demonstrate that Kinect-based systems can
accurately quantify both the amplitude and speed of
movement and thus be effectively translated to a
contactless means in the home for the purpose of
administering parts of the MDS-UPDRS motor
exam [6]. Recent advances in computer vision
technology, including the use of 2D pose estimation
algorithms like OpenPose, have greatly expanded
access to such analyses by enabling kinematic
evaluation using standard web cameras or digital
video cameras [7]. Additionally, as a privacy-
preserving means of study, researchers, including
Wang et al. and Zheng et al., are leveraging radio
frequency (RF) energy-based sensors to detect gait
abnormalities and tremors through advanced signal
processing of  environmental  disturbances,
representing a major step towards a passive,
concealed means of conducting studies [8,9].

The advancement of digital biomarker development
and validation has largely been driven by the
evolution of the methodologies used to translate raw
sensor data to clinically useful information. The
development of analytical pipelines that take a
systematic approach to data acquisition and analysis
for specific symptom domains has been a
crosscutting theme in many such studies. With
respect to gait and postural instability, for example,
the research has gone from basic steps to more
complex algorithmic approaches to detect freezing
of gait and quantify dynamic balance and, with
support from the Mobilize-D Consortium, to develop
standardized digital mobility outcome measures
[10]. Regarding speech, the research continues to
expand beyond the use of simple acoustic features;
in this area, researchers such as Rusz et al. have
created increasingly sophisticated frameworks for
analyzing connected speech, incorporating prosodic,
phonetic and cognitive-linguistic elements to
capture the subtle characteristics of hypokinetic
dysarthria and its association with cognitive
deterioration [11]. Handwriting analysis on digital
tablets has similarly developed, moving from a focus
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on static size to dynamic characterization based on
velocity, pressure and in-air movement patterns, thus
revealing the loss of motor automaticity in PD [12].
The use of machine learning and advanced analytics
has become increasingly important in the literature
over the past few years. Early research primarily
focused on using traditional machine learning
techniques (e.g., Support Vector Machines and
Random Forests) with handcrafted features to
classify symptom severity or medication status. The
UCI Parkinson's Telemonitoring dataset is an
example of where voice data has been used as a
benchmark for these early efforts [13]. However,
today we are seeing more focus on using more
complicated models such as ensemble methods and
deep learning models. One example is the growing
popularity of Gradient Boosting Machines,
particularly XGBoost and LightGBM, for regression
tasks involving predicting UPDRS scores based on
heterogeneous tabular datasets due to their ability to
model non-linear relationships well [14]. In tandem,
deep learning techniques leveraging Convolutional
and Recurrent Neural Networks are also being
investigated for end-to-end learning directly from
raw sensor signals with the goal of automating the
process of feature extraction and capturing nuanced
temporal relationships that can't be easily engineered
manually [15].

The translational pathway from technological
validation to clinical implementation has become an
increasingly emphasized and important area of
related work. The feasibility of using remote data
collection methods such as smartphones on a large
scale has been validated through studies conducted
by Bot et al. (the mPower study) and Lipsmeier et al.
[16,17]. The mPower study demonstrates that
participant adherence and data quality present
challenges to using remote data collection methods
[16]. Dorsey, Espay, and other researchers have
framed the clinical rationale for telemedicine and
remote monitoring and have performed pragmatic
trials evaluating both patient outcomes and health
care utilization [18]. There is also a growing body of
scholarship in the field of health equity, regulatory
science, and implementation science. Frameworks
for validating digital biomarkers (from the
COHESIVE group and aligned with the FDA's V3
framework) provide the evidentiary standards
necessary to support clinical adoption [19]. Research
conducted by Matthews et al. and Simuni et al.
highlights the importance of creating inclusive
systems and developing sustainable reimbursement
models that allow the benefits of advanced
monitoring systems to reach all individuals within
the PD community and not worsen existing health
disparities [20,21].
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To summarize, the literature on Remote Monitoring
(RM) shows both a progression toward integrated
systems as RM integrates into clinical workflows,
and a shift in focus from technological advancement
to usability, validity, and integration. Our research
builds on this strong foundation with a novel
multimodal fusion approach that targets issues
associated with using a variety of sensor types, both
wearable and ambient, that may be producing data
that is not in sync with one another and may be from
very different contexts. The output of our
multimodal fusion framework will create a seamless,
understandable, and clinically interpretable model of

ongoing injury severity and incorporates
transparency in algorithms, and validation using a
real-life  sample of participants receiving
telemedicine.
3. Methods

This study developed a machine learning framework
to predict Parkinson’s disease severity using
multimodal telemonitoring data, with primary
emphasis on voice recordings supplemented by
handwriting and wearable sensor signals. The
analysis pipeline consisted of three main phases:
data preprocessing, feature extraction and dataset
preparation, followed by regression model training
and evaluation. The publicly available Parkinson’s
Telemonitoring dataset was thoroughly inspected,
cleaned, and stratified-split into training and testing
sets to ensure unbiased performance assessment. A
comprehensive suite of linear and nonlinear
regression models was implemented and compared
using standardized metrics (R?, MSE, MAE) and
diagnostic visualizations, as overviewed in Figurel.

Parkinsons Telemonitoring Dataset

Spliting

I Train [B05%) |

l

Test (20%) |

Models Training

GB berg

e

11111

| Models Testing |

Figure 1. The pipeline used to test models.

3.1 Dataset overview
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The Parkinson’s Telemonitoring dataset [45] is a
clinically oriented resource designed for remote and
continuous assessment of Parkinson’s disease
progression using longitudinal voice recordings. It
comprises 5,875 sustained phonation recordings
from 42 early-stage Parkinson’s disease patients (28
male, 14 females; mean age 64.4 + 9.24 years)
collected during a six-month home-based
telemonitoring trial. At enrolment, subjects had been
diagnosed for an average of = 72 + 69 weeks.
Recordings were captured automatically in patients’
homes, reflecting real-world day-to-day vocal
variability associated with disease progression.

age
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Figure 2. Feature importance across the dataset.

....... 2 0000 DAN EE ST 000 TET 8300 11 408 008 034 068 RETH IR L 2A1I9 16550

STESTANEEAE RS I A IEAM NN 012 N R RIRG A RTIO IR M

AR AR R AT R % 004 500 B2 A0 PP RENG LT N

SAT AL D OOF 0000 D0 W R g G

ve mismiseians OETES

Fede B ET AR A0 RRARZERER

P A R >

F PSP PRSP

4 P A o

. & &

p S LS
{ {

.

Figure 3. Correlation heatmap of all features.

Each dataset entry includes subject ID, age, gender,
time elapsed from baseline recruitment, and two
clinical severity metrics: motor_ UPDRS and
total_UPDRS. Additionally, each sample contains
16 biomedical voice features, covering perturbation-
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based measures, amplitude and frequency stability
indicators, and signal-quality descriptors sensitive to
Parkinsonian motor impairment.

The main objective of this dataset is to enable
prediction of motor UPDRS and total UPDRS
scores from voice features, facilitating the
development of machine learning models for non-
invasive, remote symptom monitoring. Its
longitudinal structure, real-world acquisition setting,
and clinical relevance make it a key benchmark in
voice-based Parkinson’s research, widely used for
regression modelling, feature analysis, and
telehealth solutions.

3.2 Dataset Splitting

The dataset was first validated for completeness,
ensuring that no missing values were present. It was
then properly structured for supervised machine
learning through the required preprocessing steps.
To enable fair and reliable model evaluation, the data
was divided into training (80%) and test (20%)
subsets. A stratified random sampling approach was
applied, using the motor and total UPDRS scores as
the stratification targets.

Test Set

Train Set

Figure 4. Distribution of samples across training and
test subsets.

This ensures that both subsets reflect the full range
of disease severity, preventing bias and enabling
reliable performance assessment. These splits allow
regression models to learn predictive relationships
between the 16 voice-derived features and UPDRS
scores while ensuring that testing is conducted on
unseen samples. Figure 5 illustrates the distribution
of total UPDRS scores in the training and test
subsets, highlighting representative coverage of
disease severity.

3.3 Performance Evaluation Metrics
The predictive performance of each regression

model was assessed on the held-out test set using a
set of widely recognized evaluation metrics: Mean
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Figure 5. Distribution of total UPDRS scores in the
training and test subsets.

Squared Error (MSE), Mean Absolute Error (MAE),
and the coefficient of determination (R?) [44]. To
facilitate interpretation and comparative analysis,
the results were visualized using scatter plots of
predicted versus actual values, residual plots, and
side-by-side bar plots comparing performance
metrics across all models.

Mean Squared Error (MSE): Measures the
average squared difference between predicted
and actual UPDRS scores. Smaller values
indicate more accurate predictions.

MSE :% i - 902 (1)

where y; is the true value, y;is the predicted
value, and N is the number of observations.
Mean Absolute Error (MAE): Captures the
average absolute difference between predicted
and true UPDRS values, providing an
interpretable measure of prediction error in the
original scale.

1 ~
MAE =¥iLlyi -9 @
Coefficient of Determination (R?): Quantifies
the proportion of variance in the target variable
explained by the model, ranging from -« to 1,
with higher values indicating stronger predictive

performance.

I Gi-90)?

R? =
Z?’:l(yi_y)z

(3)

where y is the mean of the true UPDRS scores.
Residual Analysis: Residuals (y; —¥;) were
plotted to inspect patterns, heteroscedasticity, or
outliers, which provide additional insight into
model reliability.

Visualization for Comparison: Predicted vs.
actual scatter plots, along with bar plots of MSE,

MAE, and R? across models, were generated to

facilitate model comparison and interpretability.
Notably, lower MSE and MAE values for ensemble
models indicate that predicted UPDRS scores
closely match true patient severity, suggesting these
models could support day-to-day clinical monitoring
and inform individualized treatment decisions in a
home-based telemonitoring context.

4. Results and Discussion

In this section, the performance of the machine
learning models developed for predicting
Parkinson’s disease severity is presented and
analysed. A comprehensive evaluation of each
regression algorithm is conducted, with attention to
error trends, model generalization capability, and
suitability for real-time telemonitoring applications.
All  models were assessed using the same
standardized performance metrics, namely MSE,
MAE, and R?, computed on both the training and
testing sets. The complete numerical results for all
algorithms including linear regressions, tree-based
methods, boosting models, and ensemble
techniques, are summarized in Table 1.
Collectively, these metrics provide a rigorous and
balanced basis for comparing how effectively each
model captures disease-related patterns and predicts
patient severity scores.

Table 1. Performance of Machine Learning Models for
PD Severity Prediction.

Train Test

Model MSE | MAE | R? MSE | MAE | R?
Linear

. 55.76 | 6.31 | 0.15 | 55.72 | 6.37 | 0.16
Regression
Ridge 5576 | 631 | 0.15 | 55.72 | 637 | 0.16
Regression
Lasso
Regression 61.88 | 6.76 | 0.06 | 61.65 | 6.80 | 0.07
ElasticNet 60.39 | 6.67 | 0.08 | 60.41 | 6.73 | 0.09
Decision Tree 0.00 0.00 | 1.00 | 3.63 054 | 0.95
Random Forest 0.27 0.25 | 1.00 | 2.05 0.64 | 0.97
Gradient
Boosting 13.89 | 295 | 0.79 | 1590 | 3.16 | 0.76
AdaBoost 39.84 | 566 | 0.40 | 41.31 | 577 | 0.38
XGBoost 0.20 031 | 1.00 | 2.37 1.04 | 0.96
CatBoost 0.89 069 | 099 | 242 1.06 | 0.96
LightGBM 1.19 0.77 | 098 | 2.53 1.05 | 0.96
VotingEnsemble | 13.53 | 3.17 | 0.79 | 15.03 | 3.35 | 0.77
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Table 1 summarizes the performance of eleven
machine-learning models for Parkinson’s disease
(PD) severity prediction, evaluated using mean
squared error (MSE), mean absolute error (MAE),
and the coefficient of determination (R?) on both the
training and test sets. The results highlight
substantial differences in predictive capability
across algorithms.

Linear, Ridge, and Lasso Regression models show
limited predictive power, with high errors and low
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R? scores, failing to capture nonlinear relationships.
ElasticNet behaves similarly, confirming linear
models are insufficient. Tree-based ensembles,
including Random Forest, XGBoost, CatBoost, and
LightGBM, achieve very low training errors and R?
near 1.0, modeling complex interactions effectively.
These models generalize well to the test set, with R?
between 0.95 and 0.97. Random Forest attains the
lowest test MSE (2.05), while XGBoost provides
consistently strong performance. Overall, ensembles
outperform linear models in both accuracy and
stability.

Gradient Boosting and the VVoting Ensemble achieve
moderate performance, with R? values around 0.76—
0.79, outperforming linear models but remaining
below advanced boosted tree methods. In contrast,
Decision Tree and AdaBoost show clear overfitting.
The Decision Tree attains perfect training
performance but drops to an R? of 0.95 on the test
set, while AdaBoost exhibits similarly large train—
test discrepancies, indicating limited generalization.
Overall, the results confirm that nonlinear ensemble
learning methods particularly Random Forest,
XGBoost, CatBoost, and LightGBM, are best suited
for PD severity prediction, offering superior
predictive accuracy and robust generalization across
evaluation metrics.

Six visualizations were generated, with the first
being a scatter plot comparing true and predicted
values across all models. Points close to the diagonal
indicate higher accuracy, where ensemble models
(Random Forest, XGBoost, CatBoost, LightGBM)
clearly perform best. Linear models (Linear, Ridge,
Lasso, ElasticNet) display wider dispersion
(especially at higher values) highlighting their
difficulty in capturing nonlinear patterns. The
Decision Tree shows the most scatter, reflecting
typical overfitting behavior.

501+ e Unecar Regress
Ridge R
Lasso
® Elatiche
40 1 Decislen Tom
& Random Forest
3 Gradiert Doosting
o AdaBoost
> 4 o .
‘ﬂ 30 XGEoost t
3 CarBloost ©
= ® LghtGEM »
E 20 + VORI ngE raerebin
-
a.
10 1

T T
20 25
True Values

Figure 6. True vs Predicted values of all models.

The error distribution plot reveals how prediction
errors are spread for each model. Here, the ensemble
methods like XGBoost, LightGBM, and CatBoost
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display narrow, centralized distributions centered
around zero, indicating consistent and accurate
predictions. Conversely, linear regressions and
AdaBoost show wider error distributions, reflecting
less reliability. The Decision Tree model again
stands out for the wrong reasons, displaying long
tails in its error distribution that further corroborate
its overfitting.

s Lirear Regresson
Rage Aegression
Lasso Regresson

ElastchNe

e Decision Thee
—— Random forest
Gradent Boosting
—— AdaBioost
XCBoast

e CatBoost
e U
VotingErnembie

0
Prediction Error

Figure 7. Distribution of prediction errors.

When comparing Mean Squared Error (MSE), a key
metric for regression performance, the results
confirm the trends observed. Random Forest,
XGBoost, CatBoost, and LightGBM achieve the
lowest MSE values, solidifying their status as the top
performers. Linear regressions and AdaBoost,
however, record high MSEs, which reflects their
poor fit to the dataset’s nonlinear patterns. The
Decision Tree model also suffers from a higher
MSE, a consequence of its high variance.
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- Ride Regresson
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- Apndom Forest
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- AdaBoost
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Decision Tiwe
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___1

Figure 8. Comparison of MAE values across different
models.

MSE

The analysis of Mean Absolute Error (MAE)
provides another perspective on prediction accuracy
and tells a similar story. The ensemble models
maintain the lowest MAE, meaning their predictions
have the smallest average deviation from the actual
values. The linear models and AdaBoost are again
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less accurate, with consistently larger average errors
in their forecasts.
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Figure 9. Comparison of MAE values across different
models.

The R? comparison confirms the superiority of
ensemble models, which achieve scores around 0.9
and capture most of the variance in PD severity.
Linear regressions perform poorly, with R? below
0.2, failing to model the complex nonlinear
relationships. The Decision Tree shows moderate
explanatory power but remains unstable.
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Figure 10. Comparison of R? values across different
models.

Finally, the residual plot shows that ensemble
methods produce residuals randomly scattered
around zero, indicating unbiased predictions. Linear
regressions and some boosting models show
structured patterns, while the Decision Tree displays
widely spread residuals consistent with overfitting.
Overall, ensemble models (Random Forest,
XGBoost, CatBoost, and LightGBM) clearly
outperform all others, achieving high R?, low MSE
and MAE values, and well-behaved residuals. Linear
models and AdaBoost remain the weakest
performers, unable to capture the complex nonlinear
patterns present in the Parkinson’s disease
telemonitoring data.
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Figure 11. Residuals of the model predictions.
5. Conclusion

The study confirms that machine learning's ability to
analyze multimodal data (speech, handwriting, and
wearables) offers an innovative avenue for precise
and continuous remote tele-monitoring of patients
suffering from Parkinson's Disease (PD), while also
providing useful insights into how these evolving PD
pathologies can be modeled. The nonlinear ensemble
models (Random Forest, XGBoost, CatBoost, and
LightGBM) exhibited superior results compared to
their linear model counterparts (in this case,
predictors) and demonstrated the importance of
utilizing more complex and nonlinear approaches to
track the overall progression of PD due to the
complexity and non-linear nature of the progression
of its pathophysiological conditions.

This research goes beyond validating the
technology's usefulness; it shows that the future of
neurology will be defined by a data-driven and
personalized approach. By converting diverse
electronic data into accurate and comprehensive
estimates of disease severity, clinicians will be able
to use the real-time tracking capabilities of such
devices to assess when and where patient behaviors
have positive or negative impacts on PD, and that the
current  constraints of temporary in-office
assessments will be replaced with continuous and
non-invasive  methods, specifically, utilizing
patients' homes for their assessments. As a result,
digital health technologies have the potential to help
define more effective personalized treatment
protocols, create more effective therapies, and
improve long-term outcomes for patients by
enabling clinicians to make better, more informed
decisions about each individual patient.

To translate this successful proof-of-concept into
practical and clinically available products, there are
several important areas for future research. First, the
best-performing model was the ensemble model;
however, various other models using deep learning
could potentially outperform this model in terms of
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robustness and precision, including using
convolutional neural networks (CNNs) for spatial
feature extraction from handwriting or sensor data
and using recurrent neural networks (RNNs) for
temporal analysis of speech and gait.

Finally, significant implementation science research
must address the practical challenges of
implementing these tools, including safeguarding
data privacy and security, creating simple, user-
friendly interfaces for both patients and clinicians,
and validating these types of systems in different
populations to promote equitable access to these
technologies and creating specific regulatory and
reimbursement modalities for their use. By
advancing on these fronts, next-generation telehealth
solutions can evolve from research prototypes into
integral components of a modern, proactive, and
patient-centric Parkinson’s disease care ecosystem.
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