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Abstract

Background: Parkinson’s Disease (PD) is a chronic neurodegenerative
condition that is represented by a wide array of motor and non-motor
features. Like all neurodegenerative conditions, its early features are
difficult to identify; and while they demand urgent attention, PD's
physical diagnostic criteria capture advanced features. Effective
treatment necessitates early intervention and prompt diagnosis.
Objectives: The goal of this study is to evaluate the effectiveness of
machine learning and deep learning in the prediction and early
diagnosis of PD. The study attempts to evaluate the existing methods,
focus on the crucial performance measures, and attempts to fill the
research gaps to enhance the methods in the future. Key Findings:
Metrics offered by DL-class CNN and CNN-LSTM models put their
accuracy between 90 and 93 percent, making them superior to ML
techniques, while ensemble methods such as XGBoost have an accuracy
of 98 percent. While PD detection methods have seen substantial
progress, there is still room for improvement in datasets, model
generalizability, and interpretability methods.Future directions focus on
the fusion of multi-modal data, explainable Al, and IoT-based real-time
monitoring, for a more robust, interpretable, and clinically deployable
PD detection system.

Introduction

by the year 2040. Along with the slow

Parkinson’s Disease (PD) is an increasing
concern because of how it impacts the motor
functions of the human body and how it negates
functions such as tremors, rigidity, bradykinesia,
and postural stability. The World Health
Organization (WHO) states that PD is already
affecting over the 10 million mark worldwide
and with the advancing age of the population,
there is an expectation for the number to double
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progression comes slow diagnosis and is only
done after a serious loss of dopaminergic
neurons in the brain’s substantia nigra region.
Discovery in the earliest stages of the disease is
the most important, as there is a strong chance to
slow down the disease greatly, is as flexible to
treat, and can be planned for better treatment is
there in question [1][2].

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:1imranskhan200927@gmail.com
mailto:suraj.ece@tgpcet.com
https://journals.mriindia.com/
https://journals.mriindia.com/
https://journals.mriindia.com/

Early Detection and Predictive Analysis of Parkinson’s Disease: A Comprehensive Review of Machine Learning and

Deep Learning Approaches

The traditional methods, which have strong
clinical relevance, focus on neurologic
evaluation, clinical scoring such as the Unified
Parkinson’s Disease Rating Scale (UPDRS), and
human observation. Each of these methods—and
especially clinical human observation—have a
number of constraining factors: variability from
one clinician to another, reliance on motor
symptoms that are visible, and PD detection in
the preclinical or earliest stages of the disease.
Whereas biomarkers like speech and gait
abnormalities as well as handwriting emerge
significantly earlier than visible tremors, these
subtle symptoms are rarely employed in
diagnosis frameworks [3][4][5].

With reference to the aforementioned
challenges, deep learning and machine learning
present the most effective means of

implementing non-invasive automated early
diagnosis of Parkinson’s Disease. These
technologies are trained with a large amount of
data, and they can be employed to multisource
data such as voice, gait, and handwriting data
[6][7].Support Vector Machines (SVMs), Random
Forests (RF), Convolutional Neural Networks
(CNNs), and even Long Short-Term Memory
(LSTM) networks have shown immense potential
for refining diagnostic accuracy and improving
predictive analysis. [8][9]

Nonetheless, these issues still remain: existing
models usually suffer from inconsistent
performance as a result of dataset variability,
they do not generalize well for different patient
populations, and make scant use of multimodal
biomarkers. [10] In addition, early prediction
studies seem to track a single data source such as
speech or gait, instead of utilizing multiple
complementary signals.

1. In an attempt to resolve the issues at hand,
this study focuses on the development of an
effective ML-based framework which integrates
multimodal features from speech, gait, and
handwriting datasets for the early identification
of PD.

2. ldentification of advanced deep learning
models along with comparative performance
evaluation of predictive analytics using
traditional machine learning and advanced deep
learning models to establish their context
specific strengths and limitations.

3. Ensuring model generalization and clinical
reliability through statistical validation on
multiple benchmark datasets.

Literature Review

A. Parkinson’s Disease Diagnosis Approaches
Clinical scales like the UPDRS and neurological
exams are key in traditional PD diagnosis, but
these are subjective and focus only on apparent
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motor symptoms. Digital speech, handwriting,
gait, and sensor data provide digital biomarkers,
which computational techniques can use for a
more balanced approach. Using diverse voice
metrics, Putri et al. (2018) reported an
impressive 94.4% accuracy applying ANN [11].
Using ML, Tyagi et al. (2021) identified
micrographia in handwriting images and
attained a 94% accuracy [12]. In Drotar et al.
(2024), SVM classification achieved 81.3%
accuracy with pressure and kinematic features of
handwriting [13]. A CNN-based voice detection
method that uses spectrogram and ResNet
(2020) also reached accuracies above 90% [14].
Wearable sensor gait analysis now measures
stride length, variability, and asymmetry, which
enables detection through subtle early signs [15].
Early detection is made possible by Al-assisted
blood testing (2024) for PD proteins years
before, and by earwax VOC testing (2025) and
magnetic ink pens (2025) that have shown 94%
and 96% accuracy respectively albeit
preliminary, revealing new detection
possibilities [16].

B. Machine Learning Models Used

Classical ML Models: Srinivasan et al. (2024)
identified PD patients and healthy controls from
voice data (UCI dataset) using K-NN and FNN.
Deep Learning Models: Xia et al. (2019) utilized
CNN-LSTM on gait VGRF time series, reporting
99.1% accuracy [17]. Maachi et al. (2020)
reported 98.7% accuracy on 1D gait signals using
1D-DNN [18]. Handwriting detection includes
Pereira et al.’s (2018) CNN (95% accuracy), Yang
et al’s (2019) GRNN (98.9%), and Gazda et al.’s
(2021) CNN (94.7%) [19][20]. For multimodal
fusion, Pandey et al. (2025) suggested hybrid
CNN-LSTM on voice spectrograms, achieving
97% accuracy. Zahid et al. (2025) used transfer
learning based on AlexNet, reaching 99%
accuracy [21][22][23].

C. Feature Engineering Techniques

The basic features such as MFCCs, jitter, and
stride from the time and frequency domain still
serve as the base. Spectrogram-based features
are a defining factor in voice-related works.
Drotar et al. underlined that pressure features
allow for better discrimination in comparison to
kinematic features in handwriting. For
robustness and model compactness, Principal
Component  Analysis for dimensionality
reduction and augmentation of spectrograms are
employed [24][25].

D. Publicly Available Datasets

Central datasets notably consist of:

e The UCI Parkinson’s Voice Dataset (195
subjects, 22 vocal features), which is a
benchmark for voice-based machine
learning research.
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e The PaHaW Handwriting Dataset (37 PD,
38 controls; pressure and Kkinematic
features).

Table 1: Summary of Literature Review

e The PC-GITA Voice Dataset (used in
ResNet spectrogram and hybrid deep
learning studies).

Study (Year) Method / Key Findings Limitations / Research Gap
Putri et al. (2018) |ANN on diverse voice features; Small sample size; limited

[11] 94.4% accuracy modalities

Pereira et al. CNN on handwriting images; 95% |Low subject count; handwriting
(2018) [12] accuracy only

Drotar et al. SVM on handwriting kinematic + Moderate accuracy; separate
(2024) [13] pressure; 81.3% accuracy features

Tyagi et al. ML on micrographia handwriting; |Early stage; needs broader
(2021) [14] 94% accuracy validation

Xia etal. (2019)

[15] accuracy

CNN-LSTM on gait VGRF; 99.1%

Requires gait sensors; limited to
lab settings

Maachi et al.

(2020) [16] accuracy

1D-DNN on gait signals; 98.7%

Sensor-based; dataset constraint

Srinivasan et al.

(2024) [17] class classification

K-NN & FNN on voice (UCI); multi-

Relatively small dataset

(2025) [20] 99.7% accuracy

ResNet + Transfer learning on voice; >90%  |Spectrogram only; potential
spectrogram accuracy overfitting

(2020) [18]

Pandey et al. CNN-LSTM on voice spectrograms; |Early results; real-world testing
(2025) [19] ~97% accuracy pending

Ashraf et al. AlexNet transfer learning; up to Needs non-PD sample diversity

Patil et al. (2025)

Predicts PD up to 7 years prior

Clinical validation needed; ethical

[21] using 8 proteins considerations

Chen(2025) [22] [94% accuracy with earwax based [Small study; local cohort; needs
VOCs expansion

Fuetal. (2023) [96.2% accuracy with motion pen  |Pilot with 16 subjects; limited

[23] handwriting signals generalizability

Mancini et al. Digital gait measures as early Needs standardized device

(2025) [24] markers protocols

Hossain et al.

(2025) [25] accuracy

Wav2Vec2 + GRU ensemble; 99%

Dependent on large datasets;
language-specific

Comparative Analysis

A. Comparison of Techniques

In this review, we focus on the early detection of
Parkinson’s disease (PD) by comparing classical
machine learning (ML) methods, deep learning
(DL) models, and hybrid methods combining
elements of convolutional neural networks
(CNNs) and long short-term memory (LSTM)
networks (e.g., CNN-LSTM, LSTM-CNN, LSTM-
GRU). The analysis considers the types of
datasets employed, the reliance on features,
performance metrics, interpretability, and
computational cost.

Feature-dependent methods like Support Vector
Machines (SVM), Random Forests (RF), and K-
Nearest Neighbors (K-NN) are classical ML
methods that depend on handcrafted features,
usually from speech, handwriting, or gait data.
For example, Sakar et al. (2019) employed SVM
on speech data and obtained an accuracy of 86%
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using UCI and participant-collected datasets. On
the other hand, Ouhmida (2021) outperformed
SVM, K-NN, and Decision Tree on the UCI
repository, reaching an exceptional AUC of
98.26% [26]. Focusing on handwriting, Drotar et
al. (2024) achieved 81.3% combining kinematic
and pressure features with SVM on handwriting
tasks, mentioning that pressure features
performed slightly better at 82.5% [13]. While
classical techniques come with the benefits of
interpretability and low computational cost, they
tend to have lower performance compared to
deeper models.

The models offer a different workflow using
traditional deep learning algorithms. For
instance, Pereira et al. (2018) used CNN on
handwriting images and got an accuracy score of
95%. In the case of gait, Maachi et al. (2020)
attained an impressive 98.7% accuracy with
DNN on 18 one-dimensional signals [27]. Yousif
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et al. (2025) achieved almost flawless accuracy
using fine-tuned CNNs (like VGG19, ResNet50)
and ML classifiers on speech and gait
combinations of data—VGG19 scored 99.75% on
handwriting data, and SVM/KNN on combined
signal features scored 99.94%. While these deep
models achieve remarkably high accuracy, they
are more difficult to understand and necessitate
a lot of processing power as well as data
[28][29][30].

Hybrid models like CNN-LSTM, CNN-multi-head
attention-LSTM, or LSTM-CNN serve to blend the
automatic feature extraction with temporal
sequence modeling. Rehman et al. (2023)
demonstrated the effectiveness of their hybrid
LSTM-GRU model, which utilized diverse speech
features, attaining a remarkable accuracy of
93.5%, which surpasses that of classical ML
techniques such as SVM (~90.8%) and CART
(84.2%). Regarding EEG-based detection, the
hybrid CNN-LSTM model achieved 98.6%
accuracy, 97.1% sensitivity, and 97.6%
specificity in parallel mode, and a remarkable

99.7% accuracy in series mode [30][31]. In the
same vein, late fusion models that integrate CNN
and attention mechanisms on handwriting and
imaging features attained 99.85% accuracy on
the PaHaW and motion datasets and 98.52% on
HandPD. These models also demonstrated
impressive precision of = 98.1%, recall of 97.3%,
and F1-score of 98.4%.

Wang et al. (2023) developed a streamlined
LSTM-CNN model for cursive writing. They
employed the two datasets and obtained 96.2%
on DraWritePD and 90.7% on PaHaW. The
models contained a mere 0.084 million
parameters and inference times of 0.106-0.220
seconds on a single CPU core, nearly real-time
[32][33]. Complementing those is PD-Net for
2025, a CNN + multi-head attention + LSTM
ensemble on speech features (Mel-MFCC), which
hit 99% accuracy with 2.7 million parameters.
Such hybrids attempt a middle ground between
accuracy and compute, often the most accurate
especially with multi-modal features [34][35].

Table 2: Comparative Analysis of ML vs. DL vs. Hybrid Models

Study (Year) / Dataset/Mod Model Type Accuracy |Interpretabil |[Computational
Technique ality ity Complexity
Sakar etal. (2019) - |Speech Classical ML ~86% High Low

SVM (SVM)

Ouhmida (2021) - Speech (UCI) |Classical ML AUC= High Low

SVM / K-NN /DT 98%

Drotar etal. (2024) - |Handwriting |Classical ML ~81.3- High Low

SVM (PaHaW) 82.5%

Pereiraal. (2018) -  |Handwriting |Deep Learning [95% Low High

CNN images (CNN)

Maachi al. (2020) - Gaitsignals |Deep Learning |98.7% Low High

DNN (DNN)

Yousif al. (2025) - Handwriting |Deep Learning + |99.75- Low High
Fine-tuned CNN/SVM |+ Speech ML 99.94%

Rehman al. (2023) - |Speech Hybrid 93.5% Moderate Medium to High
Hybrid LSTM-GRU

EEG CNN-LSTM EEG Hybrid 98.6- Moderate High

hybrid (2025) 99.7%

Late fusion Handwriting |Hybrid 98.5- Moderate High
CNN+Attention (2024)|+ images 99.9%

Wang al. (2023) - Dynamic Hybrid 90.7- Moderate Low to Medium
LSTM-CNN handwriting |(lightweight) 96.2%

PD-Net (2025) - CNN- |Speech (Mel- |Hybrid 99% Moderate Medium (2.7 M
Attention-LSTM MFCC) params)

B. Key Observations

1. Deep learning models tend to outperform
classical machine learning models, scoring
higher than 95% accuracy by learning features
automatically from raw or minimally processed
data. However, this type of model is more
expensive  computationally and is less
explainable [36].
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2. While achieving greater than 98% by
combining spatial, temporal, and attention
mechanisms and multi-modal data, hybrid
architectures tend to offer the best of both
worlds. Wang et al. showed that efficient
lightweight LSTM-CNN models not only need not
compromise on compactness, but also need not
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compromise on strong performance, which is
often absent in efficient models.

3. Integrating multiple modalities such as
handwriting, speech, gait, EEG, or imaging
features markedly improves system accuracy.
For example, models using late fusion and PD-
Net effectively combine these modalities to
achieve performance rates of 99 to 100 percent
[27].

4. The challenge of explainability is particularly
concerning with deep and hybrid approaches.
Although the classical ML approaches are more
understandable, as with their interpretability, an
accuracy trade-off emerges. For clinical deep
model reasoning, a set of XAl approaches is
urgently warranted [38].

Performance Evaluation of Existing Studies
A. Evaluation Metrics
Parkinson's disease's detection models are
typically  compared using  standardized
performance measures. Standard performance
metrics include [39,40]:

Accuracy

Precision
_ TP @
TP +FP
Recall (Sensitivity)
_ TP 3)
TP +FN
F1 — Score
_ Precision X Recall
B Precision + Recall
ROC — AUC

1
= f TPR(FPR)dFPR (5)

In this context, TP, TN, FP, and FN represent the
counts of true positives, true negatives, false
positives, and false negatives, correspondingly.
The AUC of the ROC curve indicates the quality of
the model’s predictive discrimination between
the classes as considered over all decision
thresholds.

B. Benchmark Performance Trends

There were eight papers published that focused
on peer-reviewed benchmarks. Table III offers a
glance at their performance, as well as the
performance of their models. Models include

_ TP +TN (1) those based on classical machine learning, deep
TP+TN+ FP+FN learning, and hybrid architectures. [41][42][43]
Table 3: Performance Evaluation Summary
Technique Dataset / Modality |Accuracy Precision Recall |F1- AUC
Score

SVM UCI speech dataset  |91% 90% 88% 89% 0.93
Random Forest (RF) [UCI speech dataset  [95.8% — — — —
CNN Gait signals / voice  [91.17% — — — —

(CNN)
CNN-LSTM PC-GITA voice dataset|93.51% — — — up to
(Hybrid) 1.0
CNN-LSTM Handwriting spirals |~95% — — — —
(Handwriting)
RF with SMOTE & |UCI Parkinson’s 98% 97% 100%  [98% 1.00
XGB (voice)
LSTM (gait/voice) |UCI Telemonitoring |— — — — —

voice
Multi-modal CNN  [MRI + DTI (PPMI) 95.53% — — — —
Fusion

C. Key highlights from the literature

As in the case of Parkinson’s disease detection,
machine learning and deep learning methods
outperform other methods in detection across
various datasets and metrics of evaluation. SVM
outperformed other methods with 91% accuracy
on the handwriting datasets. The UCI
telemonitoring voice dataset is a very good
resource for voice-based analysis, and in the
studies using ANN on this dataset, accuracies of
up to 95.8% have been reported. Automated
voice detection for the PC-GITA dataset has made
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CNN very useful as it reaches 91.17% accuracy
using just CNNs and goes up to 93.51% using the
CNN-LSTM hybrid with an AUC of 1.0. Pen-spiral
LSTM-CNN models also manage to hit 95%
accuracy, which is explained in [46][47]. The
amazing 98% accuracy with a perfect AUC score
was achieved with XGBoost on UCI voice data,
which was preprocessed with SMOTE. Their gait
models based on LSTM also showed strong
prediction performance, and the multi-modal
CNN fusion method using MRI and DTI data on
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the PPMI dataset obtained 95.53% accuracy
[48][49][50].

D. Analysis

From the studies conducted I observe some
general findings. First, Support Vector Machines
(SVM) offer the Dbest performance at
approximately 91%, providing a good baseline.
With SVM models, we also have the advantages
of ease of interpretation and low computational
requirements. Second, the increase in the
accuracy Deep Learning models, such as
convolutional neural networks (CNNs), bring to
signal /image-based data classification is around
91-92%. This is still modest when compared to
SVM. The best performance is shown in hybrid
models, especially the CNN-LSTM, where the
accuracy lies between 93% and 95%. This is due
to their ability to leverage both spatial and
temporal features. XGBoost, combined with
SMOTE, has been reported to achieve perfect
recall and AUC values, which is a step up from
other methods; however, these results appear to
rely heavily on extensive data augmentation
[51]. In addition, the fusion of multiple data
sources, especially in medical imaging with MRI
and DTI, achieves a similar high level of accuracy
of 95%, which emphasizes the benefit of multiple
diverse data sources in the early reliable
detection of Parkinson’s disease [52].

100

98

96

94

92 91%

Accuracy (%)

90

88

86

SVM CNN Hybrid CNN-LSTM

Models

Fig. 1. Accuracy Comparison of ML vs. DL Models.

XGBoost

The detection accuracies of different models of
Parkinson's disease are displayed in Fig. 1. As the
figure shows, SVM obtains nearly 91%. CNN
improves slightly with 92%, and CNN-LSTM
improves the most, with 95%. XGBoost performs
with an accuracy of 98%, exemplifying the
advantages of ensemble methods as well as
hybrid models.

Research Gaps and Challenges

While both machine learning and deep learning
have advanced Parkinson’s disease (PD)
detection, important challenges continue to exist.
One of the largest challenges is the absence of
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large, balanced, and multi-modal datasets. The
generalizability of models is limited, and their
performance is too often skewed, due to the
dependence on small datasets like UCI and
mPower. To improve the diagnosis, there is an
urgent need of datasets that include a
combination of voice, gait, handwriting, MRI, and
other biomarkers [53].

Another significant issue is the lack of IoT
integration and deployment in a real-time
clinical setting. The continuous monitoring using
biomarkers and wearables in active hospital
systems is still not available, though several
models operate with acceptable performance in
static wearables biomarker-based systems and
hospital-based systems. Further research is
needed to fully exploit the predictive health
analytics’s ability for timely action in IoT-
enabled healthcare systems [54].

In addition to other challenges, overfitting
continues to be a major issue. Deep learning
models are highly susceptible to overfitting,
especially when sample sizes are small and the
feature space is high-dimensional. The model
memorizes the training data's peculiarities and
fails to generalize well to new data. Likewise, the
opacity of deep learning-based PD diagnostic
tools hinders their use in medical settings.
Physicians need explainability in their tools, but
many advanced models work as “black boxes”
that provide no insight into their rationale [55].
Cloud-based healthcare systems are being
adopted at an increasing rate, causing them to
raise privacy concerns. It is imperative that
patient information is protected, and federated
learning seems to be a good option for enabling
collaborative model training in the absence of
data sharing. That said, it is still quite early in its
use in PD detection, and there is a lot of research
needed.

Future Directions

Al in the future detection of Parkinson’s disease
should accentuate the creation of explainable Al
(XAI) systems in order to foster clinical trust and
acceptance. By offering decision-making
pathways that can be interpreted, XAl systems
will make it easier for healthcare professionals to
grasp the rationale behind a particular diagnosis
or prediction, thus supporting a safer
implementation in medical settings. The use of
multi-modal data integration also promises to be
an important area of research. The use of various
biomarkers such as voice signals, handwriting,
gait, and neuroimaging when used together will
likely provide better and more reliable diagnosis
than when used separately [56].

In addition, the integration of Edge-Al and IoT
will make real-time monitoring of Parkinson’s
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disease possible through wearable devices and
linked healthcare systems. This will enable
ongoing monitoring and allow for timely and
appropriate treatment to be given. Using
personalized tracking and modeling based on
long-term patient records will help advance
precision medicine by customizing diagnostic
and prognostic tools to the unique disease path
of each patient [57].

Lastly, self-supervised learning can enable
models to learn from vast amounts of unlabeled
data and mitigate the shortage of labeled data. By
integrating these approaches, future Parkinson's
disease detection frameworks can develop into
precise, interpretable, and real-time systems,
aiding both clinicians and patients in the efficient
management of disease progression [58][59].

Conclusion

In this review, we detail the advancements that
ML and DL have made in the early detection and
predictive analysis of Parkinson’s disease (PD).
Classical ML methods, like SVM and Random
Forest, establish effective baseline results,
whereas DL, using CNNs and hybrid CNN-LSTM
models, showcases dominant performance,
capturing both spatial and temporal features.
Furthermore, data-driven diagnostics seem to be
advancing, as ensemble methods, such as
XGBoost, have delivered cutting-edge
performance.

Real-world clinical applications are stifled by
issues such as interpretability, overfitting, and
limited multi-modal datasets. Explainable Al
(XAI) techniques should be incorporated in
future PD detection systems to build clinical
trust, as they improve transparency, and multi-

modal data from voice, gait, imaging,
handwriting, and other areas should be
integrated, or data fusion should be
implemented.

In sum, approaches leveraging ML and DL are
transforming the ways in which PD can be
detected, enabling the development of diagnostic
systems that are precise, interpretable, and
personalized, and hence, markedly improving
the capabilities of predictive healthcare.
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