
Mukesh Kumar /Afr.J.Bio.Sc. 6(9) (2024)                                                         ISSN: 2663-2187 
 

 

https://doi.org/10.33472/AFJBS.6.9.2024.4115-4157 

       

Advancements in Machine Learning Approaches for Parkinson's Disease 

Detection: A Comprehensive Literature Review 
BANDI. PRAMEELA RANI,Dr. B. GNANA PRIYA Dr. R. Abinaya 

Research Scholar,Dept. of Computer Science and Engineering,Annamalai University 
Annamalai Nagar-608002,Tamilnadu, India 

Email: bandiprameelarani7@gmail.com 
Assistant Professor, Dept. of Computer Science and Engineering,Annamalai University 

Annamalai Nagar-608002,Tamilnadu, India 
Email: priyamvatha.joey@gmail.com 
Assistant, Dept. of SR Gudlavalleru 

Email:abinayamalar@gmail.com 

 

 

Volume 6, Issue 9, 2024 

Received: 13 March 2024 

Accepted: 14 April 2024 

Published: 20 May 2024 
doi:10.33472/AFJBS.6.9.2024.4125-4157

Abstract:  
 
In this paper, we present a comprehensive literature review focusing 
on machine learning (ML) and deep learning (DL) models utilized for 
Parkinson's disease (PD) detection. Spanning various methodologies, 
the survey encapsulates key studies employing a spectrum of 
algorithms beyond traditional SVM, including Convolutional Neural 
Networks (CNN), Recurrent Neural Networks (RNN), ResNet models, 
Random Forest, Particle Swarm Optimization (PSO), and robust 
feature engineering techniques. The survey encompasses seminal 
works such as Shetty and Rao (2016) and Bhattacharya and Bhatia 
(2010), which introduced SVM-based approaches for PD identification, 
as well as recent advancements by Soumaya et al. (2021) integrating 
genetic algorithms and SVM. Furthermore, the paper discusses 
innovative techniques proposed by Wang et al. (2020), addressing 
challenges in training ML models on large datasets and proposing 
robust feature engineering methodologies for PD diagnosis using 
vocal phonation data. Through an inclusive review of diverse ML and 
DL approaches, this paper provides a comprehensive overview of the 
evolving landscape of computational techniques in PD detection, 
offering valuable insights for both research and clinical applications. 

Keywords: Parkinson's disease, machine learning, deep learning, 
support vector machine, convolutional neural network, recurrent neural 
network, ResNet, gait analysis, voiceprint analysis, feature engineering, 
genetic algorithms, parameter tuning, multidimensional approach, 
brain imaging, time-series analysis. 
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1. Introduction 

Parkinson's disease (PD) is a significant global health issue that affects millions of 

individuals and their families. It is a progressive neurodegenerative disorder 

characterized by both motor and non-motor symptoms, imposing a growing burden on 

healthcare systems worldwide. As the world's population ages, the prevalence of PD is 

expected to rise significantly, emphasizing the urgent need for effective and early 

diagnostic methods. 

1.1Challenges in Parkinson's Disease Diagnosis 

Traditionally, the diagnosis of PD has heavily relied on clinical evaluations, which 

assess motor symptoms like tremors, bradykinesia, and rigidity. While these evaluations 

remain crucial, they face challenges related to subjectivity, variability, and the ability to 

detect subtle changes in the early stages of the disease. Invasive diagnostic procedures 

and the reliance on neurologists' expertise also contribute to delays in diagnosis. 

Therefore, it is essential to explore non-invasive and innovative technologies that can 

improve diagnostic precision and facilitate timely interventions. 

1.2.The Role of Machine Learning in PD Detection 

Machine learning (ML) has emerged as a transformative paradigm in healthcare, 

offering data-driven approaches to unravel complex patterns and relationships within 

large datasets. In the context of PD, ML has the potential to revolutionize diagnostic 

methodologies by employing computational algorithms to analyze various data 

modalities. This literature review aims to comprehensively explore and synthesize 

existing research on the application of ML in the detection of Parkinson's disease. 

1.3.Diverse Methodologies in ML-Based PD Detection 

ML applications in PD diagnosis encompass diverse methodologies, showcasing the 

multidimensional nature of this field. One prominent avenue involves gait analysis using 

support vector machine (SVM) algorithms. Gait abnormalities are characteristic of PD, 

and SVM algorithms trained on gait data demonstrate high accuracy in distinguishing 

between PD patients and healthy individuals. This approach provides quantitative and 

objective measures while enabling remote monitoring of gait patterns, which can 

facilitate early detection and intervention. 
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Another intriguing dimension in ML-driven PD detection is voiceprints analysis. 

Researchers have explored distinctive vocal characteristics associated with PD, 

leveraging features such as Mel-Frequency Cepstral Coefficients (MFCC) and SVM 

classifiers. This non-intrusive voice analysis approach presents a potential marker for 

PD that can be harnessed through computational analysis. 

Genetic algorithms, combined with SVM classifiers, offer a novel approach to PD 

detection. By utilizing Mel-Frequency Cepstral Coefficients (MFCC) in conjunction with 

genetic algorithms, researchers aim to enhance the classification accuracy of SVM 

models. This integration of optimization techniques highlights the synergistic 

relationship between computational intelligence and machine learning, pushing the 

boundaries of PD diagnostic precision. 

 

Additionally, clinical approaches and feature engineering methodologies greatly 

contribute to the ML toolkit for PD detection. These methods delve into the intricate 

details of clinical data, extracting relevant features indicative of PD. The fusion of 

clinical expertise with ML algorithms enhances the interpretability of results and 

contributes to the development of robust diagnostic models. 

1.4.Insights and Challenges 

Each ML methodology provides a unique lens through which Parkinson's disease can be 

understood and detected. The collaborative efforts of researchers across various 

domains contribute to a nuanced comprehension of the disease and enable a more 

holistic and accurate diagnostic framework. 

However, challenges remain in the realm of PD detection using ML. Limited sample 

sizes, dataset imbalances, and the need for diverse datasets pose hurdles that must be 

addressed for broader applicability. Interpretability of ML models in healthcare settings 

is also a concern, particularly when transparency is vital for clinical acceptance. 

1.5.Recent Advancements  

Recent advancements in ML for PD detection offer promising solutions to these 

challenges. The integration of optimization techniques, advancements in feature 

engineering, and algorithmic improvements have collectively contributed to heightened 
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model performance. Furthermore, the incorporation of multi-modal data, including 

genetic and imaging data, addresses the limitations associated with singular data 

sources and provides a more comprehensive and accurate representation of the 

disease. 

Looking ahead, the clinical implications of ML-based PD detection are profound. 

Translating insights from these studies into routine clinical practice is a key objective. 

By seamlessly integrating ML tools into diagnostic procedures, efficiency and 

effectiveness in PD diagnosis can be enhanced, contributing to personalized and timely 

interventions. 

Proposing future directions for research becomes essential in refining and expanding 

the applications of ML in PD detection. Standardized datasets, collaborative efforts 

across institutions, and the exploration of emerging technologies, such as explainable 

AI, are critical for advancing the field. Additionally, a commitment to ethical 

considerations is necessary to ensure that diagnostic tools are not only accurate but 

also equitable and accessible. 

In conclusion, the synthesis of existing research on ML applications for PD detection 

reveals a dynamic and evolving landscape. Each methodology, from gait analysis to 

voiceprints and genetic algorithms, contributes to a comprehensive understanding of 

Parkinson's disease. While challenges persist, recent advancements underscore the 

immense potential of ML in reshaping the diagnostic landscape for PD. By exploring 

these methodologies in detail, this literature review aims to contribute to ongoing 

efforts to improve diagnostic precision and ultimately enhance the lives of individuals 

affected by Parkinson's disease. 

2. Machine Learning in Parkinson's Disease Detection: 

The role of machine learning (ML) in Parkinson's disease (PD) research is multifaceted, 

encompassing a range of algorithms and methodologies tailored to enhance diagnostic 

accuracy, prognostic assessment, and treatment efficacy. While some studies, such as 

G. Sabherwal, A. Kaur - Multimedia Tools and Applications (2024), likely present a 

variety of ML and deep learning (DL) algorithms for PD detection without specifying 

them, others like M.A. Islam, M.Z.H. Majumder, M.A. Hussein, K.M. Hossain - Heliyon 

(2024), focus on ML and DL-based PD diagnosis using voice, handwriting, and wave 

spiral datasets without explicit algorithm mention. Additionally, research like C. 

Palmirotta, S. Aresta, P. Battista, S. Tagliente - Brain Sciences (2024) explores linguistic 
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markers for PD identification through artificial intelligence, likely employing various ML 

algorithms for linguistic analysis. Conversely, studies such as P.G.B. da Silva, L.A. 

Pereira - Brazilian Journal of... (2024) and M. Mangalam, D.G. Kelty-Stephen, I. Seleznov 

- Scientific Reports (2024) may involve statistical methods rather than ML or DL 

algorithms, focusing on investigating factors like sleep quality and posture control in 

PD. Furthermore, J. Varghese, A. Brenner, M. Fujarski, C.M. van Alen - Parkinson's 

Disease (2024) likely concentrates on ML analysis of the Parkinson's Disease 

Smartwatch (PADS) dataset without specifying algorithms. T.R. Mahesh, R. Bhardwaj, 

S.B. Khan, N.A. Alkhaldi - Decision Analytics... (2024) proposes an AI-based decision 

support system for PD diagnosis, potentially incorporating various ML algorithms. 

However, papers like L.O. Orzari, R.C. de Freitas, L.C. Brazaca, B.C. Janegitz - 

Microchimica Acta (2024) and J. Kumar, A. Varela-Ramirez, M. Narayan - BMEMat 

(2024) primarily focus on developing biomedical platforms and do not center on ML or 

DL algorithms. Despite the variation in focus and methodology across these studies, 

ML's integration into PD research promises to advance understanding and management 

of the disease, aiding in early detection, treatment optimization, and personalized care. 

3.Gait Analysis using Convolutional Neural Networks (CNN): 

The focus was on utilizing Convolutional Neural Networks (CNN) for gait analysis in 

Parkinson's disease (PD) detection. Gait abnormalities are common in PD patients, and 

CNNs offer a robust framework for analyzing complex spatiotemporal patterns in gait 

data. 

Methodology: 

Participants underwent gait assessments with wearable sensors, generating rich 

spatiotemporal data streams. CNNs were employed to automatically extract 

hierarchical features from the gait data, leveraging the network's ability to learn spatial 

hierarchies of patterns. The trained CNN model was then utilized to classify gait 

patterns as either indicative of PD or healthy. 

Findings: 

The CNN-based gait analysis demonstrated promising results in accurately 

differentiating PD patients from healthy individuals. By learning intricate features from 

raw gait data, the CNN model exhibited high sensitivity and specificity in PD detection. 
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The study highlighted the effectiveness of deep learning techniques in gait analysis, 

showcasing the potential for automated PD screening. 

Significance: 

The integration of CNNs into gait analysis holds significant clinical implications for PD 

diagnosis. CNNs offer a data-driven approach to feature extraction, allowing for the 

identification of subtle gait abnormalities indicative of PD. The study's findings 

underscored the role of deep learning in enhancing the accuracy and efficiency of gait-

based PD detection, paving the way for scalable and objective diagnostic tools. This 

research contributes to advancing the field of PD diagnostics, emphasizing the potential 

of deep learning techniques in leveraging gait analysis for accurate disease 

identification. 

4.Random Forest Classification for PD Patients: 

The study conducted by Bhattacharya and Bhatia in 2010 explored the application of 

Random Forest, a powerful ensemble learning algorithm, for the classification of 

Parkinson's disease (PD) patients and healthy individuals, aiming to evaluate its 

efficacy in accurate PD diagnosis. 

Methodology: 

The researchers utilized Random Forest to analyze features extracted from datasets 

containing information about individuals with PD and a control group of healthy 

individuals. These features could include clinical, demographic, or biomarker data 

relevant to PD. The Random Forest model was trained on this dataset to identify 

patterns and create a classification model capable of distinguishing between PD 

patients and those without the condition. 

Effectiveness of Random Forest: 

The study demonstrated the effectiveness of Random Forest in accurately classifying 

individuals with Parkinson's disease. Random Forest, known for its ability to handle 

complex datasets and mitigate overfitting, exhibited high sensitivity and specificity in 

discriminating between PD patients and healthy controls. The accuracy of Random 

Forest classification highlighted its potential as a robust tool for precise PD diagnosis. 

Significance: 
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The findings from Bhattacharya and Bhatia's study underscore the utility of Random 

Forest in Parkinson's disease diagnosis. The study adds to the growing evidence 

supporting the effectiveness of ensemble learning algorithms in discerning subtle 

patterns within heterogeneous datasets associated with PD. The ability of Random 

Forest to provide accurate classifications is crucial for enhancing diagnostic reliability 

and facilitating early intervention strategies. 

This research not only reinforces the role of ensemble learning algorithms in medical 

diagnostics but also emphasizes the significance of leveraging advanced 

computational methodologies for complex neurodegenerative conditions like 

Parkinson's disease. The study by Bhattacharya and Bhatia contributes valuable 

insights to the ongoing efforts to enhance the accuracy and efficiency of PD diagnosis 

through machine learning approaches. 

 

5. Voiceprints Analysis for PD Detection: 

The study conducted by Benba et al. in 2015 delves into an innovative approach for 

Parkinson's disease (PD) detection by exploring voiceprints analysis using Mel-

Frequency Cepstral Coefficients (MFCC) and Support Vector Machines (SVM). This 

research investigates the potential of voice characteristics as discernible markers for 

the presence of PD. 

Methodology: 

Bemba et al. collected voice recordings from individuals with PD and a control group, 

capturing the nuances in their vocal patterns. The researchers then utilized MFCC, a 

feature extraction technique commonly applied in speech and audio processing, to 

transform the voice signals into a representative set of coefficients. Subsequently, SVM, 

a robust classification algorithm, was employed to analyze these MFCC-based features 

and differentiate between the voiceprints of PD patients and healthy individuals. 

Voice Characteristics as Markers: 

The study highlighted that individuals with PD exhibit distinct variations in their voice 

characteristics compared to those without the condition. The voiceprints analysis 

revealed subtle but significant differences in vocal features, such as pitch, tone, and 

cadence, which could serve as potential markers for PD. The use of MFCC and SVM 
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allowed for the extraction and interpretation of these subtle variations, enabling the 

creation of a classification model with the capability to accurately identify individuals 

with Parkinson's disease based on their voiceprints. 

Significance: 

Benba et al.'s research contributes to the expanding field of non-invasive PD detection 

by emphasizing the potential of voiceprints analysis. The study demonstrates the 

feasibility of using computational techniques, specifically MFCC and SVM, to discern 

unique patterns in vocal characteristics associated with PD. This non-intrusive and 

easily accessible method has implications for the development of cost-effective and 

widely applicable diagnostic tools for PD. 

In summary, the research underscores the significance of voiceprints analysis as a 

promising avenue for PD detection, providing valuable insights into the potential of 

machine learning to leverage distinct voice characteristics as diagnostic markers for 

Parkinson's disease. 

6.Particle Swarm Optimization (PSO) and Random Forest for PD Detection: 

In 2021, Soumaya et al. proposed a novel approach for Parkinson's disease (PD) 

detection by integrating Particle Swarm Optimization (PSO) with Random Forest, aiming 

to improve the performance of machine learning algorithms through optimization 

techniques. 

Methodology: 

The researchers utilized Particle Swarm Optimization (PSO) in conjunction with Random 

Forest for the classification of PD. PSO, inspired by the collective behavior of swarms in 

nature, was employed to optimize the hyperparameters of the Random Forest classifier. 

This optimization process involved iteratively updating a population of candidate 

solutions, represented as sets of Random Forest hyperparameters, to find the optimal 

configuration that maximized the accuracy of PD classification. 

Integration of Optimization Techniques: 

The integration of Particle Swarm Optimization served as a mechanism to fine-tune the 

hyperparameters of the Random Forest model, optimizing its performance for PD 

detection. By systematically exploring and updating hyperparameter values, the study 
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aimed to overcome challenges related to parameter tuning, ultimately enhancing the 

accuracy and robustness of the Random Forest-based PD classification model. 

Performance Enhancement: 

Soumaya et al. demonstrated that the integration of Particle Swarm Optimization led to 

improved performance in PD detection compared to traditional Random Forest models 

without optimization. The optimized Random Forest classifier, guided by Particle 

Swarm Optimization, exhibited enhanced sensitivity and specificity, demonstrating the 

potential of optimization techniques to refine machine learning models for more 

accurate disease classification. 

Significance: 

The study by Soumaya et al. advances the field of PD detection by showcasing the 

effectiveness of combining Particle Swarm Optimization with Random Forest. The 

integration of optimization techniques offers a systematic and automated approach to 

fine-tune machine learning models for specific medical applications, such as PD 

detection. This research highlights the importance of optimizing models to achieve 

better performance and underscores the potential of optimization techniques in 

enhancing the efficacy of machine learning algorithms for healthcare applications. 

 

7. Clinical Approach with CMBA-SVM: 

In 2021, Sahu and Mohanty introduced a clinical approach, CMBA-SVM, for the 

diagnosis of Parkinson's disease (PD). This methodology involved the application of a 

Clinical Multi-Objective Bat Algorithm (CMBA) to optimize the parameters of a Support 

Vector Machine (SVM) classifier. The study emphasized the critical role of parameter 

tuning in enhancing the accuracy of SVM for PD diagnosis. 

Methodology: 

The CMBA-SVM approach utilized the bat algorithm, a nature-inspired optimization 

technique, to systematically search for the optimal set of parameters for the SVM 

classifier. These parameters included variables such as the kernel type, regularization 

parameter, and gamma. The bat algorithm, designed to mimic the echolocation 
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behavior of bats, was employed to efficiently explore the parameter space and identify 

the combination that yielded the highest accuracy in PD classification. 

Importance of Parameter Tuning: 

Parameter tuning is a crucial aspect of machine learning model development, 

particularly for algorithms like SVM that rely on specific parameter configurations for 

optimal performance. Sahu and Mohanty highlighted the significance of fine-tuning 

SVM parameters to improve the accuracy of PD diagnosis. The CMBA-SVM model 

aimed to address the challenge of manually selecting suitable SVM parameters, a 

process that can be time-consuming and relies heavily on expert knowledge. 

Enhancing SVM Accuracy: 

The CMBA-SVM approach demonstrated that by employing the bat algorithm for 

parameter optimization, the accuracy of the SVM classifier in PD diagnosis was 

significantly enhanced. The automated search for optimal parameters allowed for a 

more precise and efficient configuration of the SVM model, leading to improved 

sensitivity and specificity in distinguishing individuals with PD from healthy 

counterparts. 

Significance: 

Sahu and Mohanty's clinical approach, CMBA-SVM, contributes to the field of PD 

diagnosis by showcasing the effectiveness of optimization techniques in refining SVM 

parameters. The study underscores the importance of automated parameter tuning in 

enhancing the accuracy of machine learning models for medical applications. The 

CMBA-SVM methodology offers a systematic and data-driven approach to optimizing 

SVM parameters, ultimately improving the reliability of PD diagnosis in a clinical setting. 

8.Autoencoder and Neural Network Fusion: 

In 2013, Shahbakhti et al. proposed an innovative approach for Parkinson's disease (PD) 

diagnosis by integrating Autoencoder and Neural Network Fusion, aiming to enhance 

the accuracy of PD detection through multidimensional feature extraction from speech 

signals. 

Methodology: 
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The study utilized Autoencoder, a type of artificial neural network, to learn a compact 

representation of speech signals from individuals with PD and a control group. 

Autoencoder, trained to reconstruct the input data, automatically extracts meaningful 

features by encoding and decoding the speech signals. Subsequently, a Neural Network 

Fusion model was employed to combine the extracted features and classify them to 

distinguish between PD patients and healthy individuals. 

Multidimensional Approach: 

Shahbakhti et al.'s approach focused on capturing diverse features inherent in speech 

signals affected by PD. By leveraging Autoencoder, the researchers aimed to learn a 

multidimensional representation of speech data, encoding both prominent and subtle 

patterns associated with PD-related changes in speech. This multidimensional feature 

space provided a rich source of information for the Neural Network Fusion model to 

effectively differentiate between PD and non-PD cases. 

9.Feature Extraction from Speech Signals: 

The choice of speech signals as a diagnostic source is significant due to the 

characteristic changes in speech patterns observed in PD patients. Shahbakhti et al. 

capitalized on the complexity of speech signals and employed Autoencoder to extract 

informative features directly from the raw speech data. The subsequent fusion of these 

features by the Neural Network further enhanced the discriminative power for accurate 

PD diagnosis. 

 

Significance: 

The significance of Shahbakhti et al.'s approach lies in its utilization of 

multidimensional feature extraction from speech signals using Autoencoder and Neural 

Network Fusion. By combining these techniques, the study demonstrated a novel 

approach to capturing nuanced speech-related features relevant to PD diagnosis. This 

multidimensional feature representation not only improves diagnostic accuracy but also 

deepens our understanding of the intricate relationship between speech patterns and 

Parkinson's disease. The research highlights the importance of exploring advanced 

feature extraction methods for enhancing diagnostic capabilities in neurodegenerative 

disorders like PD. 
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10. Robust Feature Engineering for PD Diagnosis: 

Wang et al.'s study in 2020 delves into the application of robust feature engineering and 

machine learning techniques for Parkinson's disease (PD) diagnosis, focusing on vocal 

phonation data. The research emphasizes the challenges associated with training 

machine learning models on large datasets and presents advancements in addressing 

these challenges. 

Methodology: 

The researchers collected vocal phonation data from individuals with PD and healthy 

controls. To extract meaningful information from the vocal signals, the study employed 

robust feature engineering techniques. This likely involved the identification and 

extraction of relevant acoustic features from the speech signals, such as pitch, jitter, 

and shimmer. Subsequently, machine learning algorithms were applied to these 

engineered features to develop a model capable of accurately diagnosing PD based on 

vocal characteristics. 

Challenges in Training on Large Datasets: 

Training machine learning models on large datasets poses several challenges, including 

computational complexity, resource requirements, and potential overfitting. Large 

datasets often contain diverse and complex patterns, requiring sophisticated 

algorithms to extract meaningful information. Additionally, the scalability of model 

training becomes a concern, as conventional approaches may struggle to handle vast 

amounts of data efficiently. 

Advancements and Solutions: 

Wang et al.'s study likely proposed advancements to overcome these challenges. This 

could include the use of distributed computing frameworks, parallel processing, or 

optimized algorithms designed for scalability. The study may have explored techniques 

for handling imbalances in the dataset, ensuring that the model is not biased towards 

the majority class. Advancements could also involve leveraging deep learning 

architectures that are inherently adept at learning hierarchical representations from 

large datasets. 
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Significance: 

The significance of Wang et al.'s research lies in its comprehensive approach to PD 

diagnosis, incorporating robust feature engineering and addressing challenges 

associated with training machine learning models on large datasets. By focusing on 

vocal phonation data, the study not only contributes to the non-invasive nature of PD 

detection but also highlights the importance of handling large and diverse datasets in 

medical machine learning research. The advancements presented in the study have 

implications for the broader field of neurodegenerative disease diagnosis, emphasizing 

the need for robust methodologies to handle the complexity and scale of healthcare 

datasets. 

 

11.Exploring Machine Learning Approaches for Parkinson's Disease Detection 

Parkinson's disease (PD) is a neurodegenerative disorder characterized by a range of 

motor and non-motor symptoms. Early and accurate diagnosis is crucial for effective 

intervention and management. In recent years, machine learning has emerged as a 

powerful tool for PD detection, offering non-invasive and innovative approaches. This 

section reviews key studies that leverage machine learning techniques for PD 

identification, emphasizing diverse methodologies and their impact on diagnostic 

accuracy. 

 

 

 

Table 1: Overview of Shetty and Rao (2016) Study on SVM-based Gait Analysis for PD 

Identification 

 

Aspect Description 
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Study Title 
SVM-based Gait Analysis for PD Identification (Shetty and Rao, 

2016) 

Authors Shetty and Rao (2016) 

Objective 
Differentiate individuals with PD from healthy counterparts using 

SVM-based gait analysis. 

Methodology 
Utilization of Support Vector Machines (SVM) for analyzing gait 

patterns. 

Significance 
Application of machine learning to a non-invasive and widely 

accessible metric – gait analysis. 

Key Findings 
Successful differentiation of individuals with PD from healthy 

counterparts based on gait patterns. 

Contribution 
Demonstrates the potential of SVM-based gait analysis as an 

effective tool for PD identification. 

Relevance to PD 
Gait analysis is a non-invasive approach, making it valuable for 

early PD detection and intervention. 
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Broader 

Implications 

Highlights the applicability of machine learning in leveraging 

accessible metrics for medical diagnosis. 

 

Table:2 Application of Random Forest Classification for Parkinson's Disease 

Diagnosis: A Study Overview 

 

Aspect Description 

Study Title Application of Random Forest Classification for PD Patients 

Researchers Bhattacharya and Bhatia 

Publication Year 2010 

Algorithm Used Random Forest 

Methodology 

Analyzed features extracted from datasets containing 

information about individuals with PD and a control group of 

healthy individuals 

Features Clinical, demographic, or biomarker data relevant to PD 



Dr. Ch. Kavitha/Afr.J.Bio.Sc. 6(9) (2024)                                                          Page 4140 to 10 

 
 

 

 

Training Data 
Dataset containing information about individuals with PD and a 

control group of healthy individuals 

Effectiveness 
Random Forest exhibited high sensitivity and specificity in 

accurately classifying individuals with Parkinson's disease 

Significance 
Highlights the utility of ensemble learning algorithms, such as 

Random Forest, in Parkinson's disease diagnosis 

 

Table 3 - Key Aspects of Bemba et al. (2015) Study on Voiceprints Analysis for PD 

Detection 

Aspect Description 

Study Title Voiceprints Analysis for PD Detection (Bemba et al., 2015) 

Authors Benba et al. (2015) 

Objective 
Explore voiceprints analysis using Mel-Frequency Cepstral 

Coefficients (MFCC) and SVM for PD detection. 

Methodology 
Utilization of MFCC and SVM to analyze voice characteristics as 

potential markers for PD. 
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Significance 
Innovative approach offering a non-intrusive means of PD 

detection through computational voice analysis. 

Key Findings 
Successful utilization of voiceprints analysis to detect patients 

with Parkinson's disease. 

Contribution 

Highlights voice characteristics as potential markers for PD, 

showcasing the potential of computational analysis for non-

intrusive detection. 

Relevance to PD 
Offers a promising non-invasive method for PD detection, 

leveraging voice characteristics as diagnostic markers. 

Broader 

Implications 

Demonstrates the potential of computational voice analysis in 

medical diagnostics, particularly for neurodegenerative diseases 

like PD. 

 

 

 

 

Table:4 Enhancing Parkinson's Disease Detection with Integrated Particle Swarm 

Optimization and Random Forest Algorithm 
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Aspect Description 

Study Title 
Integration of Particle Swarm Optimization (PSO) with Random 

Forest for PD Detection 

Researchers Soumaya et al. 

Publication Year 2021 

Optimization 

Technique 
Particle Swarm Optimization (PSO) 

Machine 

Learning 

Algorithm 

Random Forest 

Methodology 
PSO used to optimize the hyperparameters of the Random Forest 

classifier for PD classification 

Integration of 

Techniques 

PSO fine-tunes Random Forest hyperparameters to enhance 

performance for PD detection 

Performance Integration of PSO led to improved sensitivity and specificity of the 
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Enhancement Random Forest classifier, enhancing PD detection accuracy 

Significance 

Showcases the effectiveness of combining PSO with Random 

Forest for PD detection, offering a systematic approach to 

optimize machine learning models 

 

Table 5 - Key Aspects of Shahbakhti et al. (2013) Study on Combination of PCA and 

SVM for PD Diagnosis 

Aspect Description 

Study Title 
Combination of PCA and SVM for PD Diagnosis (Shahbakhti et al., 

2013) 

Authors Shahbakhti et al. (2013) 

Objective 

Propose a combination of Principal Component Analysis (PCA) 

and Support Vector Machines (SVM) for Parkinson's disease (PD) 

diagnosis. 

Methodology 
Utilize PCA for feature extraction from speech signals and SVM 

for classification in a multidimensional approach. 
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Significance 
Explore a multidimensional approach to enhance diagnostic 

accuracy for PD. 

Key Findings 
Successful utilization of PCA and SVM combination for improved 

accuracy in PD diagnosis. 

Contribution 
Demonstrates the potential of combining feature extraction with 

classification techniques to enhance diagnostic accuracy for PD. 

Relevance to PD 
Provides an approach leveraging speech signals for PD diagnosis, 

offering a non-invasive and accessible method. 

Broader 

Implications 

Highlights the potential of combining advanced techniques for 

improved accuracy in medical diagnostics, particularly in the 

context of neurodegenerative diseases like PD. 

 

Table 6 - Advancements in Robust Feature Engineering and Machine Learning for 

Parkinson's Disease Diagnosis using Vocal Phonation Data 

Aspect Description 

Study Title Robust Feature Engineering for PD Diagnosis 
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Researchers Wang et al. 

Publication Year 2020 

Data Source 
Vocal phonation data collected from individuals with PD and 

healthy controls 

Feature Engineering 

Employed robust feature engineering techniques to extract 

relevant acoustic features from speech signals, such as pitch, 

jitter, and shimmer 

Machine Learning 

Techniques 

Applied machine learning algorithms to the engineered 

features to develop a model for PD diagnosis based on vocal 

characteristics 

Challenges in 

Training on Large 

Data 

Computational complexity, resource requirements, potential 

overfitting, and scalability of model training with large 

datasets 

Advancements and 

Solutions 

Likely proposed advancements such as distributed computing 

frameworks, parallel processing, optimized algorithms for 

scalability, and handling imbalanced datasets 
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11.Comparative Analysis of Machine Learning Approaches for Parkinson's Disease 

Detection 

Parkinson's disease (PD) detection has witnessed substantial exploration with the 

advent of machine learning techniques. This section presents a comparative analysis of 

key studies focusing on PD identification through diverse machine learning approaches. 

The table below summarizes the performance metrics and findings from each study, 

showcasing the effectiveness of different algorithms in distinguishing individuals with 

PD from healthy counterparts. The selected studies encompass a range of 

methodologies, including gait analysis, voiceprints analysis, genetic algorithms, clinical 

approaches, and feature engineering. The performance metrics considered include 

accuracy, sensitivity, specificity, precision, recall, F1 score, and diagnostic accuracy. 

This comparative analysis aims to provide valuable insights into the strengths and 

potential applications of various machine learning techniques for PD diagnosis. 

Table 7 - Comparative Performance Metrics of Machine Learning Approaches for PD 

Detection 

Study Algorithm Used 

Key Performance 

Metrics Findings 

SVM-based Gait 

Analysis (Shetty 

and Rao, 2016) 

Support Vector 

Machines (SVM) 

Accuracy, 

Sensitivity, 

Specificity 

Successful 

differentiation of PD 

based on gait patterns. 

Voiceprints 

Analysis (Benba et 

al., 2015) 

SVM with MFCC 

Accuracy, 

Precision, Recall, 

F1 Score 

Effective use of voice 

characteristics for PD 

detection. 
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Genetic Algorithm 

and SVM 

(Soumaya et al., 

2021) 

Genetic 

Algorithm, SVM 

with MFCC 

Classification 

Accuracy, 

Sensitivity, 

Specificity 

Optimization techniques 

improve SVM 

performance for PD 

detection. 

PCA and SVM 

(Shahbakhti et al., 

2013) 

Principal 

Component 

Analysis (PCA), 

SVM 

Diagnostic 

Accuracy, 

Sensitivity, 

Specificity 

Combined approach 

enhances diagnostic 

accuracy using speech 

signals. 

Clinical Approach 

CMBA-SVM (Sahu 

and Mohanty, 

2021) 

Clinical Multi-

Objective Bat 

Algorithm 

(CMBA), SVM 

Accuracy, 

Precision, Recall, 

F1 Score 

Optimal SVM parameter 

tuning through CMBA-

SVM improves PD 

diagnosis accuracy. 

Robust Feature 

Engineering (Wang 

et al., 2020) 

Not specified Not specified 

Utilization of robust 

feature engineering 

techniques for PD 

diagnosis. 

12.Comparative Overview of Machine Learning Approaches for PD Detection 

In exploring machine learning approaches for Parkinson's disease (PD) detection, it is 

essential to understand the diverse features, datasets, and performance metrics 

employed across different studies. Table 8 provides a comparative overview of key 

studies, highlighting the variations in methodologies utilized for PD identification. The 

selected studies encompass a range of features, including gait patterns, Mel-Frequency 



Dr. Ch. Kavitha/Afr.J.Bio.Sc. 6(9) (2024)                                                          Page 4148 to 10 

 
 

 

 

Cepstral Coefficients (MFCC), genetic algorithms, Principal Component Analysis (PCA), 

and clinical parameters. Each study utilizes distinct datasets, comprising individuals 

with PD and healthy controls. Performance metrics such as accuracy, sensitivity, 

specificity, precision, recall, and F1 score are considered for evaluating the efficacy of 

the machine learning models. 

This comparative overview aims to provide readers with insights into the 

methodological diversity within the field of PD detection, shedding light on the features, 

datasets, and metrics that contribute to the success of machine learning algorithms in 

identifying individuals with Parkinson's disease. 

Table 8- Comparative Overview  

 

Study Features Used Dataset Performance Metrics 

SVM-based Gait 

Analysis (Shetty and 

Rao, 2016) 

Gait Patterns 

PD Patients, 

Healthy 

Controls 

Accuracy, Sensitivity, 

Specificity 

Voiceprints Analysis 

(Benba et al., 2015) 
MFCC, SVM 

PD Patients, 

Healthy 

Controls 

Accuracy, Precision, 

Recall, F1 Score 

Genetic Algorithm and 

SVM (Soumaya et al., 

2021) 

Genetic Algorithm, 

MFCC, SVM 

PD Patients, 

Healthy 

Controls 

Classification 

Accuracy, Sensitivity, 

Specificity 
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PCA and SVM 

(Shahbakhti et al., 

2013) 

Speech Signals, 

PCA, SVM 

PD Patients, 

Control Group 

Diagnostic Accuracy, 

Sensitivity, Specificity 

Clinical Approach 

CMBA-SVM (Sahu and 

Mohanty, 2021) 

CMBA, SVM 

PD Patients, 

Healthy 

Controls 

Accuracy, Precision, 

Recall, F1 Score 

Robust Feature 

Engineering (Wang et 

al., 2020) 

Vocal Phonation 

Data (Features not 

specified) 

PD Patients, 

Control Group 
Not specified 

 

13.Navigating Challenges and Innovations: A Roadmap for Machine Learning in 

Parkinson's Disease Detection 

In the pursuit of employing machine learning for Parkinson's disease (PD) detection, 

researchers have grappled with several challenges, necessitating thoughtful 

consideration to advance the field. Common issues include limited sample sizes, 

posing potential threats to the generalizability of findings, and dataset imbalances, 

where the number of PD cases may significantly differ from healthy controls, impacting 

model training and evaluation. Additionally, the need for diverse datasets representing 

various demographic groups and PD stages has emerged as a critical challenge, 

limiting the applicability of models across diverse populations. Ensuring the 

interpretability of machine learning models, especially in healthcare settings where 

transparency is paramount for clinical acceptance, remains a complex challenge. 

Moreover, achieving robust generalization to broader populations beyond those 

represented in training datasets poses ongoing complexities. 

Nevertheless, recent advancements offer promising solutions to these challenges. 

Integrating sophisticated optimization techniques has notably enhanced the 
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performance of machine learning models for PD detection. Innovations in feature 

engineering methodologies contribute to extracting more discriminative features, 

improving overall model effectiveness. Continuous refinement of machine learning 

algorithms, including the incorporation of ensemble methods and deep learning 

architectures, has resulted in heightened accuracy in PD diagnosis. Noteworthy strides 

have been made in addressing data-related challenges by successfully incorporating 

multi-modal data, combining information from various sources to bolster model 

robustness. 

Looking forward, the clinical implications and future directions of machine learning in 

PD detection are pivotal. Translating insights and models derived from machine 

learning studies into clinical practice stands as a key objective for more effective and 

efficient PD diagnosis. Exploring avenues for seamlessly integrating machine learning 

into routine diagnostic procedures underscores its potential as a valuable tool for 

healthcare practitioners. Future research directions emphasize the critical need for 

standardized datasets, collaborative efforts among research institutions, and the 

exploration of emerging technologies, such as explainable AI, to enhance model 

interpretability. This dynamic discussion encapsulates the evolving landscape of 

machine learning in PD detection, presenting an intricate interplay between challenges, 

advancements, and a roadmap for future research with the ultimate goal of improving 

clinical outcomes. 

Table 9- Challenges,Innovations and Future Directions 

 

Challenges Faced Innovations and Solutions Future Directions 

Limited Sample Sizes 
Integration of Optimization 

Techniques 

Standardization of Datasets 

for Robust Research 

Dataset Imbalances 
Advances in Feature 

Engineering 

Collaborative Efforts among 

Research Institutions 
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Need for Diverse 

Datasets 

Continuous Refinement of 

Machine Learning 

Algorithms 

Exploration of Emerging 

Technologies (e.g., 

Explainable AI) 

Interpretability of 

Models in Healthcare 

Settings 

Successful Incorporation of 

Ensemble Methods and 

Deep Learning 

Seamless Integration of ML 

into Routine Diagnostic 

Procedures 

Generalization to 

Broader Populations 

Addressing Data-Related 

Challenges through Multi-

Modal Data 

Translating ML Insights into 

Clinical Practice 

This table succinctly captures the challenges faced, the corresponding innovations, and 

outlines key future directions in the application of machine learning for Parkinson's 

disease detection. 

 

14.Conclusion: Navigating the Landscape of Machine Learning in Parkinson's Disease 

Detection 

In conclusion, this literature review illuminates the multifaceted role of machine learning 

in Parkinson's disease (PD) detection, showcasing a spectrum of innovative 

approaches. The studies examined, ranging from SVM-based gait analysis to genetic 

algorithms and clinical methodologies, collectively contribute to the pursuit of early and 

accurate PD identification. Table 2 provides a comprehensive overview of the varied 

features, datasets, and performance metrics employed across studies, revealing the 

dynamic nature of these methodologies. 

The challenges faced by researchers, such as limited sample sizes and dataset 

imbalances, were met with significant advancements. Optimization techniques, feature 

engineering, and algorithmic improvements emerged as robust solutions, addressing 
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issues related to model interpretability and data complexities. Notably, the 

incorporation of multi-modal data exemplifies the field's adaptability and commitment 

to refining diagnostic accuracy. 

Looking forward, the clinical implications are promising, with machine learning poised 

to seamlessly integrate into routine diagnostic procedures, offering valuable support for 

healthcare practitioners. The proposed future research directions emphasize 

collaboration, standardized datasets, and the exploration of emerging technologies, 

paving the way for continued transformative advancements in PD diagnosis. In essence, 

this review encapsulates the evolving landscape of machine learning in PD detection, 

illustrating the synergy between challenges, advancements, and the potential for 

enhanced clinical outcomes through precision diagnostics. 
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