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ABSTRACT

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by the
degeneration of dopaminergic neurons in the substantia nigra, leading to motor and non-
motor impairments. Early and accurate diagnosis remains challenging due to symptoms
heterogeneity and reliance on subjective clinical scales such as the Unified Parkinson’s
Disease Rating Scale (UPDRS). In recent years, machine learning (ML) and deep learning
(DL) approaches have emerged as promising tools for automated, objective, and non-invasive
PD detection using multimodal biomedical data. This paper presents a comprehensive and
systematic review of ML-based approaches for PD detection, covering data modalities
including speech and acoustic signals, wearable and kinematic sensors, handwriting and
drawing patterns, and neuroimaging data such as MRI, PET, SPECT, and EEG. We analyze
preprocessing techniques, feature engineering strategies, classification and regression models,
and evaluation metrics employed in the literature. A detailed comparative study of landmark
works highlights the strengths and limitations of traditional ML models and modern DL
architectures. The review further discusses key challenges such as data scarcity, class
imbalance, lack of generalization, and the black-box nature of deep models, emphasizing the
need for explainable Al in clinical adoption. Finally, future research directions focusing on
multimodal fusion, longitudinal analysis, and clinically interpretable models are outlined.

Keywords :- Parkinson’s Disease, Machine Learning, Deep Learning, Feature Engineering,
Wearable Sensors, Multimodal Data Fusion, Explainable Al

1. INTRODUCTION

Parkinson’s disease (PD) is the second most prevalent neurodegenerative disorder after
Alzheimer’s disease, affecting millions of individuals worldwide. The disease is primarily
caused by the progressive loss of dopaminergic neurons in the substantia nigra pars
compacta, resulting in dopamine deficiency in the basal ganglia circuitry. This neurochemical
imbalance manifests clinically as cardinal motor symptoms including resting tremor,
bradykinesia, muscular rigidity, and postural instability. In addition to motor impairments,
PD patients frequently experience non-motor symptoms such as cognitive decline,
depression, sleep disturbances, and autonomic dysfunction, which significantly reduce quality
of life.
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Despite extensive clinical research, early diagnosis of PD remains difficult. Conventional
diagnostic procedures rely heavily on neurological examination and clinical rating scales
such as the Unified Parkinson’s Disease Rating Scale (UPDRS). These assessments are
subjective, dependent on clinician expertise, and often fail to detect PD during its prodromal
stage, when neuro-degeneration has already begun but overt motor symptoms are subtle.
Neuroimaging techniques such as dopamine transporter (DaT) scans provide supportive
evidence but are costly and not routinely accessible. The growing availability of biomedical
data and advances in artificial intelligence have motivated the application of machine
learning (ML) techniques for PD detection. ML models can learn complex patterns from
high-dimensional data and provide objective decision support. Over the past two decades,
numerous studies have explored ML-based PD detection using speech analysis, gait
dynamics, handwriting patterns, wearable sensors, and neuroimaging. This paper aims to
systematically review and comparatively analyze these approaches, focusing on data
modalities, methodologies, performance metrics, and clinical challenges.

To provide the technical depth required for an 8-page IEEE review paper, the following
sections expand on the biological significance, signal processing techniques, and the
mathematical foundations of the features used in Parkinson's Disease (PD) detection.

2. DATA MODALITIES AND SENSORS FOR PARKINSON’S DISEASE
DETECTION

2.1 Acoustic and Speech-Based Modalities

Speech impairment in PD, specifically hypokinetic dysarthria, manifests as reduced pitch
range, monotonous intonation, and breathy voice quality. This occurs due to the impairment
of the laryngeal muscles and respiratory control [24], [26]. Micro-perturbations, Jitter
measures the frequency instability of the vocal folds, while shimmer quantifies the amplitude
variability. High values in both indicate poor motor control of the glottis [5], [29].

Spectral Features: MFCCs are derived by taking the Fourier transform of the signal, mapping
the powers onto the Mel scale, and performing a discrete cosine transform. This mimics
human auditory perception and is highly effective at capturing the "hoarseness" typical of PD
speech [8], [13].

Non-linear Measures: Recurrence Period Density Entropy (RPDE) and Detrended Fluctuation
Analysis (DFA) are used to detect the stochastic nature of vocal signals, providing better
accuracy than linear features in early-stage diagnosis [29].

2.2 Kinematic and Wearable Sensor Data

Wearable technologies facilitate the transition from clinical assessments to "Ecological
Momentary Assessment" (EMA).

Tremor Analysis:  Accelerometers detect the rhythmic 4-6 Hz "pill-rolling" tremor
characteristic of PD. Signal analysis often employs the Fast Fourier Transform (FFT) to
identify power peaks in this specific frequency band [4].

Gait Dynamics: IMUs track, Freezing of Gait (FoG), a sudden inability to move. Features
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include the "Freeze Index"—the ratio of power in the locomotor band (0.5-3 Hz) to the
freeze band (3-8 Hz).

Postural Sway: Gyroscopes measure angular velocity to assess center-of-mass stability,
which is a key predictor of fall risk in advanced PD [4], [6].

2.3 Handwriting and Drawing Analysis

Micrographia (abnormally small handwriting) and Bradykinesia(slowness of movement) are
quantified through digitized graphics tablets.[19]

Kinematic Features: Beyond the visual image, tablets record Azimuth (horizontal angle) and
Altitude (vertical angle) of the pen. PD patients typically show reduced velocity and
increased "air-time" (time the pen spends off the surface between strokes) [2], [25].

Signal Processing: The Archimedean Spiral test is analyzed for "Pressure Tremor." While a
healthy subject maintains consistent pressure, PD patients exhibit high-frequency fluctuations
in the pressure signal [2].

2.4 Neuroimaging and Neurophysiological Signals

Structural MRI:T1-weighted imaging is used to measure cortical thinning and the atrophy of
the substantia nigra. Voxel-based morphometry (VBM) allows ML models to identify
patterns of gray matter loss [19].

Dopaminergic Imaging: SPECT scans using DaTscan (Ioflupane I-123) allow for the
visualization of dopamine transporters. A "comma-shaped" striatum in the scan is healthy,
while a "dot-shaped" striatum indicates significant loss [6], [11].

EEG Oscillations:EEG analysis focuses on the Beta-band (13-30 Hz). Pathological
synchronization in this band is a biomarker for motor rigidity. Models like CNN-RNNs are
used to process these multi-channel time-series signals to detect cross-frequency coupling
abnormalities [7], [18].

3. PREPROCESSING AND FEATURE ENGINEERING
3.1 Signal Enhancement and Noise Mitigation

Filtering: For gait and speech, a Butterworth Filter (usually 2nd or 4th order) is preferred for
its maximally flat frequency response in the passband, effectively removing high-frequency
sensor noise without distorting the signal phase [2].

Artifact Removal: In neurophysiological data, Independent Component Analysis (ICA) is
critical to remove EOG (eye blink) and EMG (muscle) artifacts from EEG recordings [7],
[18].

3.2 Feature Engineering and Dimensionality Reduction

The "Curse of Dimensionality" is a significant hurdle; for instance, the Pariknson’s Speech
Dataset contains over 750 features per sample [32].

Principal Component Analysis (PCA): Orthogonally transforms the data into a new
coordinate system, where the first few "Principal Components" retain the maximum variance.
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This is widely used before training SVMs to reduce computational overhead [4], [5].

Linear Discriminant Analysis (LDA): Unlike PCA, LDA is supervised; it maximizes the ratio
of between-class variance to within-class variance, ensuring that the reduced features provide
maximum class separation [12].

Genetic Algorithms (GA): These are used for heuristic feature selection, evolving a
population of "feature subsets" to find the optimal combination that maximizes classification
accuracy while minimizing the number of features [11].

3.3 Addressing Class Imbalance

Since PD datasets are often imbalanced (e.g., 150 PD samples vs. 45 Healthy samples),
SMOTE (Synthetic Minority Over-sampling Technique) is applied. SMOTE generates
synthetic examples by interpolating between existing minority samples in the feature space,
preventing the ML model from becoming biased toward the majority class [5], [17].

4. METHODOLOGY FLOW CHART
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Fig 1. Methodology
4.1 Speech impairment

Speech impairment known as hypokinetic dysarthria, is a common early symptom of PD.
Acoustic analysis of sustained vowels, phonations, and continuous speech has been widely
used for PD detection. Commonly extracted features include jitter (cycle-to-cycle frequency
variation), shimmer (amplitude variation), harmonics-to-noise ratio (HNR), and Mel-
Frequency Cepstral Coefficients (MFCCs). Publicly available datasets such as the UCI
Parkinson’s voice dataset have facilitated extensive research in this domain.
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4.2 Kinematic and Wearable Sensor Data

Wearable sensors such as accelerometers, gyroscopes, and inertial measurement units (IMUs)
enable continuous monitoring of motor symptoms including tremor, gait abnormalities, and
bradykinesia. Gait analysis parameters such as stride length, cadence, and variability are
particularly informative. These sensors provide objective and longitudinal data, making them
suitable for real-world monitoring.

4.3 Handwriting and Drawing Analysis

Micrographia and impaired motor control are reflected in handwriting and drawing tasks such
as spiral and wave drawing. Digitized tablets capture dynamic features including pen
pressure, velocity, acceleration, and tremor frequency. Both image-based and signal-based
features have been used for PD classification.

4.4 Neuroimaging and Neurophysiological Signals

Neuroimaging modalities including MRI, PET, and SPECT provide structural and functional
information about the brain. Functional MRI and diffusion tensor imaging reveal connectivity
changes, while PET and SPECT assess dopaminergic activity. EEG signals have also been
explored for detecting abnormal neural oscillations associated with PD.

5. METHODOLOGY AND GENERALIZED ML PIPELINE

A generalized ML pipeline for PD detection consists of the following stages. This pipeline is
illustrated using a conceptual flow chart in Fig. 2, highlighting the modular structure adopted
across most studies.
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Fig. 2 Modular Structure
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6. COMPARATIVE STUDY OF MACHINE LEARNING APPROACHES

Table I presents a comparative summary of representative studies on PD detection, including
data modality, ML model, performance metrics, and key contributions.

Author (Year) Modality ML Model Performance Key

Metrics Contribution
Little et al. Speech SVM Accuracy, Early use of
(2007) Sensitivity voice features
Tsanas et al. Speech Regression, MAE, R? UPDRS
(2012) SVM prediction
Pereira et al. Gait Random Forest | Accuracy Wearable sensor
(2015) analysis
Drawz et al. Handwriting KNN Accuracy Spiral  drawing
(2016) features
Challa et al. Speech Boosted LR AUC, Accuracy | Ensemble
(2019) learning
Yadav et al. Speech Decision Trees | Accuracy, ROC | Feature selection
(2020) study

Table 1. Comparative summary of representative studies on PD detection

Evaluation metrics commonly used include accuracy, precision, recall, F1-score, and area
under the ROC curve (AUC). Accuracy represents the overall correctness, while precision
and recall capture false positive and false negative behavior respectively. The F1-score
balances precision and recall, making it suitable for imbalanced datasets.

7. RESULTS AND DISCUSSION

Comparative analysis reveals that traditional ML models such as SVM and Random Forest
perform well on handcrafted features and small datasets, offering interpretability and lower
computational cost. Deep learning models, including CNNs and RNNs, excel in handling raw
and high-dimensional data, particularly in speech and imaging modalities. However, DL
models often act as black boxes, limiting clinical trust.

8. CHALLENGES AND FUTURE RESEARCH DIRECTIONS

Despite promising results, several challenges hinder clinical translation. Data scarcity and
class imbalance remain significant issues, often addressed using Synthetic Minority Over-
sampling Technique (SMOTE). Cross-dataset generalization is limited due to heterogeneous
data acquisition protocols. Future research should focus on multimodal fusion, longitudinal
disease monitoring, federated learning for privacy preservation, and Explainable Al (XAI)
techniques to enhance model transparency.

9. CONCLUSION

Machine learning has demonstrated significant potential in the early detection and monitoring
of Parkinson’s disease. This review highlights the importance of data modality selection,
robust preprocessing, and appropriate model choice. While deep learning approaches achieve
superior performance, interpretability and clinical validation remain critical. Continued
interdisciplinary research is essential to translate ML-based PD detection systems into real-
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world healthcare applications.
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