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Abstract— Parkinson's disease (PD) is a long-lasting and worsening movement disease that is
mostly caused by the death of neurons in the substantia nigra, a part of the brain that is very
important for controlling movement. This neurodegenerative disorder presents with motor
symptoms including tremors, bradykinesia (slowness of movement), stiffness, and postural
instability. Along with these apparent indicators, many patients have non-motor symptoms that
make their quality of life much worse. These include depression, cognitive impairment, sleep
problems, and autonomic dysfunction. PD is the second most common neurodegenerative illness
in the world, behind Alzheimer's. It affects more than 10 million individuals. As the population
ages, the number of people with PD is likely to climb sharply, making it more important than
ever to have a quick and precise diagnosis. However, identifying PD in its early stages is still
very hard because its symptoms are similar to those of other neurological illnesses and there are
no clear biomarkers.

Keywords— UCI PD Dataset, PPMI (Parkinson’s Progression Markers Initiative), Power
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1. INTRODUCTION

Artificial Intelligence (Al) has become a strong partner in dealing with this problem. Al models can find hidden
patterns that may come before clinical symptoms by looking at complicated, high-dimensional data like brain
imaging, speech patterns, handwriting dynamics, and gait metrics. Machine Learning (ML) and Deep Learning
(DL) approaches, in particular, may learn from past patient data and provide very accurate predictions about
when and how PD will start and get worse. This new technology has the potential to change the way PD is
diagnosed, monitored, and treated, making it possible to create tailored and proactive healthcare plans.

II. THE NEED FOR Al IN PD DIAGNOSIS

Traditional diagnostic methods depend on clinical symptoms and subjective evaluations, frequently leading to
delayed or erroneous diagnoses. Al models can find hidden signs in voice, handwriting, gait, and neuroimaging
data. These tools give you diagnostic predictions that are consistent, scalable, and often more accurate.
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A. Accessibility of PD Datasets

We begin by exploring the availability and characteristics of publicly accessible PD datasets. These datasets are
foundational for training and validating ML and DL models, and we examine how researchers have leveraged
them in recent studies.

B. Preprocessing of Multimodal Data

Next, we look at the different ways that data preprocessing was done on clinical, voice, handwriting, and
imaging data. This part talks about how techniques like normalization, filling in missing values, and scaling
features can make input data better and more consistent, which greatly improves the performance of models.

C. Machine Learning and Deep Learning Applications

The review's main focus is on the use of supervised and unsupervised machine learning (ML) algorithms, as well
as more advanced deep learning (DL) models like convolutional neural networks (CNNs) and recurrent neural
networks (RNNs).

We look at how these methods are used on clinical records, neuroimaging data, genetic profiles, and sensor data
from wearable devices.

D. Trends and Innovations in DL Architecture

We find new trends and cutting-edge methods that are changing the future of Al-based PD diagnosis by looking
at deep learning architectures, training strategies, and optimization techniques.

E. Critical Evaluation of Existing Models

We critically evaluate contemporary ML and DL models regarding their accuracy, robustness, and practical
applicability. The review talks about the pros and cons of different methods, as well as the technical and moral
problems that come up when using them in clinical settings.

F. Systematic Review Structure

The framework of this review is structured. After surveying the variety of PD-related datasets, it explores
preprocessing techniques and then takes a close look at ML and DL frameworks for illness diagnosis.

G. Insights and Future Directions

Finally, we put all of our findings together to show where there are gaps in knowledge, suggest new areas of
study, and give practical advice on how to use Al to improve PD detection. The research finishes by
summarizing the implications of the studied literature for building more accurate, accessible, and trustworthy
diagnostic tools employing machine and deep learning technologies.

III. DATA MODALITIES USED IN Al RESEARCH

Al approaches use several data types:

Voice recordings (vocal tremors, pitch changes)
Handwritten spiral drawings

Gait data using wearable sensors

Brain scans (MRI, EEG)

Smartphone and smartwatch data
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IV. PUBLIC DATASETS FOR PARKINSON’S DISEASE

TABLE I: KEY DATASETS AVAILABLE FOR AI-BASED PD RESEARCH

Dataset Name Data Type Details

UCI PD Dataset Voice Biomedical voice signals from 31 patients
PPMI MRI/Clinical Longitudinal imaging and clinical metrics
NewHandPD Handwriting Spiral/meander drawings from 92 participants
mPower Mobile Sensor data from tapping/walking tests
PC-GITA Speech Spanish dataset with vocal biomarkers

V. DATA PREPROCESSING TECHNIQUES

Data preprocessing plays a crucial role in enhancing the accuracy of Al models. Common techniques include:
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TABLE II: KEY DATASETS AVAILABLE FOR AI-BASED PD RESEARCH.

Table 1 Public PDDatasets

Damst Desription Dala modality References

Parkinsens[10] 157 biomedical voice recordings in CSVformat collected from 31 individuals, SV [24-271
including 23 with PD, by Max Litleand the National Cenire for Voice and
Speech

Itatian Parkinson's voice and spesch dambase [12] Andiorecordings from 37 healthy participants 2nd 28 PDpatients, collected WAV £XLSX  [28]
by Giovanni Dimavro et al [11]

Parkinson speech dawmset with multiple types of sound recordings[13] 1040 souad recordings Fom 40individuals. including 20 healthy and 20 with WAV 129, 301
FD, collected at Istanbul Usiversity

Parkinsons telemonitoring [14] Biomedical voice measurements from 42 individuals with carlysiage PD, with  ASCT 1311
5,875 recordings in ASCII format.

Parkinson's disease classification[15] 756 voice mcordings of 188 PD patents and 64 healthy subjects from lsmnbul CSV B2
University

PPMI19] Aloagitudinal study providing clirical, imaging, and biospecimen data acces-  Varions 1331
sible after registration.

mPowed21] 3711 records of apping activityand da@ from memory walking and voice  Varions. 311
activities.

MDVRECL datmset[27] Voice recordings from 37 participants, including 16 PDpatients and 21 wav 134, 35]
healthy controls.

Gaitin Parkinsons disease [25] 279 gait measures from 93 patients with idiopathic PDand 73 healtty con-  CSV 6]

Parkinson discase spiral drawings using digitized graphics tablet [16]

Eaty biomarkers of Parkinson's disease based on natuml connected speech
17

onn

Normalization and standardization
Dimensionality reduction (PCA)
Noise filtering and smoothing
Spectrogram transformations (for voice data)
Data augmentation using GANs

PERFORMANCE OF ML MODELS

TABLE III: SUMMARY OF ML MODEL PERFORMANCES ON PD DATASETS

trols, capturing walking patterns.

Records from 62 PDpatients and 15 healthry individuals with handwriting
assessments using a graphics tablet

Daiaset includes demographic and clinical information on 30 patients with
carly-siage PDand 50 healthy controls.

Digitalimages [16]

NLS &CSV 171

Model Accuracy Precision Recall F1 Score
XGBoost 98.75% 96.50% 93.41% 96.73%
SVM 90.01% - 89.01% -
KNN 90.20% 90.01% 89.30% 89.50%
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Fig 1. Performance Metrics of ML Models Fig. 2. Taxonomy of ML and DL approaches for PD detection

Taxonomy of Al Approaches

VIII. DEEP LEARNING METHODS AND RESULTS

DL models like CNN, LSTM, and hybrid CNN-LSTM architectures are ideal for speech and imaging tasks.
EfficientNet-V2 and AlexNet have achieved over 99% accuracy in classifying MRI and voice signals. These
models automatically learn discriminative features, improving generalization across datasets.

TABLE IV: PERFORMANCE OF ML MODELS FOR PD DETECTION

References Dataset Model Aec Precision Fl-score Recall  Specificity AUC MSE
[36] NewHandPD [32] VM 2001% - s 30.01% 93.01% o 2
[62] Speech dafaset from UCI [65] XGBoost 9875% 96350% 96.73% 9341% - $333% -
291 Parkinsons [10] EESDFD 9320% 93.75% 9360% 976% - - -
[63] PEMI [19] HR 8030% - - - - 9390% -
[64] uarss Estra Tree Classifier 9236% 93.89%  0493% 9436% - 91.78% -
[66] PEMI[19] ANN - - - 20.01% 36.01% - -
671 mPower[21] RWEL - - & - . - 2.76%
[26] Parkinsons [10] MASS-PCNN 91.10% 97.80%  9950% 9470% - - -
27 Parkinsons [10] KNN 9020% 90.01%  89.50% 8930% - - -
[69] FEMI [19] SVMMFW 98.30% - = 98.31% 97.90% = &
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Accuracy Distribution Among ML Models for PD Detection

MASS-PCNN

Extra Tree

Fig 3. Accuracy Detection for among ML models for PD Detection

TABLE V

ML Model Percentage of Accuracy Contribution
XGBoost 13.3% — Highest performer
SVM-MFW 13.2%

EESDPD 12.5%

Extra Tree 12.5%

MASS-PCNN 12.3%

SVM 12.1%

KNN 12.1%

PLR 12.0% — Lowest performer

» Top Performers:
e XGBoost (13.3%) and SVM-MFW (13.2%) are the leading models in terms of detection accuracy.
e These models are often used in ensemble or feature-weighted approaches, which likely contributed to
their higher performance.
» Moderate Performers:
e EESDPD, Extra Tree, and MASS-PCNN range from 12.3% to 12.5%, showing balanced effectiveness.
» Lower Performers:
e PLR (12.0%) had the lowest relative accuracy, but the difference across all models is marginal (within
1.3%).

IX. CHALLENGES AND ETHICAL CONSIDERATIONS

While Al enhances PD diagnosis, challenges remain:

» Limited labeled data and imbalanced datasets

» Interpretability of complex DL models

» Patient privacy and data protection

Addressing these will ensure safer and more trustworthy Al systems in healthcare.

X. CONCLUSION

Al provides revolutionary tools in the battle against Parkinson's Disease, facilitating early detection, enhanced
monitoring, and superior patient outcomes. With ongoing research and ethical implementation, Al is set to
become an essential component of neurological care. Recent progress in ML and DL has changed how PD is
diagnosed by making it more accurate and objective. Research shows that machine learning (ML) and deep
learning (DL) can find Parkinson's disease (PD) in a lot of different types of data, such as EEG signals, MRI
images, and speech. Using neural networks like ANNs and CNNs, these methods have been better at telling the
difference between PD patients and HC patients. For instance, they used EEG signals to accurately group PD
patients and CNNs on MRI images to find structural changes that were linked to PD. Additionally, utilized
speech data to identify voice biomarkers linked to PD. In this study, we performed a comprehensive assessment
of the recent literature utilizing ML and DL techniques for PD analysis. Our synthesis encompassed a summary
of the preprocessing techniques employed with the accessible datasets in these studies.
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