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ABSTRACT 

 
Parkinson’s disease (PD) is a neurodegenerative movement disorder resulting 

from the loss of dopamine neurons that causes tremor, bradykinesia, and rigidity 

as its cardinal motor symptoms, dramatically affecting patient quality of life. 

Early and reliable diagnosis of PD is important for its successful treatment and 

control. In this study, we provide a reference on the comparison of machine 

learning models to PD detection based on the comprehensive analysis of a dataset 

on demographic, clinical and voice features. The research report compares the 

performance of six classifiers (MNB, Logistic Regression, Random Forest 

Classifier, GNB, Decision Tree Classifier, and SVC) on the classification of normal 

and PD classes. 

From the results of our experiments, the best test accuracy of 90.07% was 

achieved by the Random Forest Classifier and the next best of 87.23% was 

achieved by the Decision Tree Classifier. Logistic Regression achieves the best-

performed with 79.91% of test accuracy, and Gaussian Naïve Bayes yields 76.12%. 

On the other hand, Multinomial Naïve Bayes and SVC achieve low accuracies of 

68.56% and 62.17% , respectively. It is worth mentioning that Random Forest and 

Decision Tree models are able to overfit as they capture patterns within data 

perfectively (the training accuracy for all are 100%), whilst the Scikit learn 

baseline model achieved almost the same accuracy for the test dataset. But this 

does have me wondering about over-fitting (especially with Decision Trees). 

The present work emphasizes the necessity of using suitable models according to 

the property of the data and the needs of PD detection tasks. The Random Forest, 

for instance, is a model that has already found applications in this context and 

performed well, however ensembles like these are more complex and 

computationally expensive than simpler models such as the Logistic Regression. 

In addition, the results also highlight the necessity of further data preprocessing 

(feature scaling and hyperparameter tuning) to improve the convergence and 

generalization of learning models. By furthering my topic of machine learning in 

the context of neurodegenerative disease diagnosis, this research provides 

valuable insights into avenues for enhanced early detection and tailored 

treatments for Parkinson’s disease. 

. 
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Chapter 1 

 

Introduction 
 

 
1.1 Introduction 

 

With the rapid advancement, machine learning (ML) has become the 

transformative AI technique to guide modern medical diagnostics, in view of its 

better ability for early and accurate detection of the complex neuro diseases, e.g., 

Parkinson’s disease (PD). Parkinson’s disease (PD) is a progressive 

neurodegenerative disease with motor symptoms including tremor, rigidity, 

bradykinesia, and postural instability that substantially deteriorate the quality of 

life of patients. Early and precise detection of PD is important for the onset of 

timely treatment and management, which help to improve suffering quality of life 

among the victim. However, conventional diagnostic techniques are heavily 

dependent upon clinical examination and subjective interpretation, which are 

subjective, time consuming, costly, and liable to human errors. In contrast, 

machine learning models show great potential in information retrieval and 

diagnosis of Parkinson’s disease using clinical, voice-based, and sensor-based data, 

which are both cost-effective and scalable compared to traditional approaches. 

In this work, we compare the performance of Multinomial Naïve Bayes, Logistic 

Regression Random Forest Classifier, Gaussian Naïve Bayes, Decision Tree 

Classifier and Support Vector Machine to predict Parkinson’s disease. We 

demonstrate that the proposed model is the best-performing for PD detection 

considering different real life problems due to overfitting, small 

training/validating sets, and robust generalization. In doing do, I hope that to 

produce insightful contributions to the early and timely diagnosis of Parkinson’s 

disease applying AI-inspired methods. 

Joining PD is a group of millions world-wide whose incidence count will double by 

2040 as aging populations increase. The highest burden of PD is borne by countries 

with high rates of population growth, pollution, and inadequate healthcare 

infrastructure, but countries with PD most often lack the medical resources 

needed to diagnose and treat the disease (Dorsey et al., 2018). To prevent diseases 

from advancing characteristic of advanced carcinogenesis such as IMD, it is 

important to make a diagnosis early and conduct proper treatment. By employing 

an ensemble of machine learning models, in this work, we design a computer-aided 

diagnostic (CAD) system that achieves high accuracy in two-class classification of 

individuals into healthy and parkinson affected classes by incorporating clinical 

and voice based features. 
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The application of machine learning in medicine not only improves the accuracy 

of diagnosis but also facilitates the formation of patient-specific therapeutic 

plans. This study highlights the significance of utilising powerful computational 

methods to tackle the challenges of neurodegenerative disease diagnosis. With this 

research, I hope to set the foundation to develop future breakthroughs in 

Parkinson’s disease diagnosis and improve patient quality of life and to further 

the general field of medical AI. 

The recent developments in machine learning have proved to be effective in 

classification and detection tasks in a wide variety of domains, including health. 

For instance, Sakar et al. (2019) also applied machine learning models to predict 

Parkinson’s disease based on vocal parameters and achieved high accuracy on 

both the original and augmented dataset. Similarly, Zhang et al. (2021) developed 

a machine learning classifier with multiclass classification of Parkinson’s stages 

and obtained a recall of 95% and an accuracy of 96.32%. 

The authors, Little et al. compared pre-trained and proposed machine learning 

models. (2009) who showed that an ensemble of models can be more accurate and 

robust than a single one. Their study demonstrated the significance of feature 

selection and preprocessing in enhancing the model capacity. Tsanas et al. (2010) 

took this further by exhibiting new methods of extracting features from voice 

signals for Parkinson’s disease discrimination, and reported the classification 

accuracy of 91.4% using Random Forest classifiers. 

The attention-enhanced Gradient Boosting model achieved the most optimal 

specificity for PD diagnosis within 7 days in terms of a PPV of 0.32 and NPV of 

0.99 (Prashanth et al., 2016). And the results of these studies emphasize the 

potential value of machine learning in changing Parkinson’s diagnostic eligibility 

and the importance of future progress in this area. 

In short, we use machine learning methods to cope with the demand to find 

efficient and accurate Parkinson’s disease detection. Through benchmarking on 

classification algorithms and studying the influence of dataset attributes to 

achieve better generalization, it is my hope that I can deepen my understanding 

of the best use of AI in biological studies. My main goal in this research is to not 

only add to the academic discussion, but also to the more practical realm of 

medicine, where better diagnostics can make a direct and positive difference in 

patients' lives as well as in public health at large. 

 

 
1.2 Motivation 

 

The journey to innovate medical diagnosis continues, and it is fueled with the ideas 

in every mind accessible to anything that can improve patient care and outcomes 

for the world population. Among the neurological diseases, Parkinson’s Disease 

(PD) is a serious menace, and it is very important to diagnose it at an early stage 

accurately to prevent its serious impacts. "Parkinson’s Disease Detection Using 
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Machine Learning: A Comparative Study of Classification Algorithms" The title is 

a testament to the authors' intense commitment to adopting cutting- edge 

techniques towards mitigating this overwhelming problem. As a foundation for 

detecting early symptoms of Parkinson’s disease, the culprit, the new models are 

built in machine learning — an artificial intelligence framework that permits 

model to mine for patterns in clinical data and voice samples. 

The machine learning approaches examined in our study, Multinomial Naïve 

Bayes, Logistic Regression, Random Forest Classifier, Gaussian Naïve Bayes, 

Decision Tree Classifier, and Support Vector Machine are known to be powerful 

methods capable of detecting underlying trends in comparatively large-scale 

complex data and have the potential to identify subtle clues of disease presence. 

These algorithms are particularly effective to identify patterns in textual and 

numerical support data as clinical records, voice features, and movement metrics 

that have a significant impact on Parkinson’s disease diagnosis. By examining 

various classification methods carefully, the goal of this study is not only to more 

accurately diagnose Parkinson’s disease, but also to understand which features 

are actually more significant for its diagnosis. 

By challenging the ambitious task to compare these two, to date not given much 

attention, avenues of strategy, the project promises to enhance the understanding 

of the most optimal approach for classification of Parkinson’s disease, enabling a 

leap towards game-changing early diagnostics. The early and precise detection of 

Parkinson’s disease is important since it allows early treatment, individual 

pharmacotherapy, and an improved quality of life of patients. Moreover, this work 

may promote the level of health care at the global level, providing solutions were 

access to specialized medical resources are not necessarily available. 

Finally, this work highlights the necessity of incorporating these new 

computational tools into the clinical workflow and provides the broad picture of 

Parkinson’s disease detection that could be used to design, at a personalized level, 

precise medical interventions. With the help of machine learning I hope to narrow 

the disconnect between anamnestic diagnostics and technologically driven 

diagnostics and this way deliver more added value towards more favorable 

patient outcomes and the evolution of diagnostic procedures in the wide awake 

field of neurodegenerative diagnostics. 

 

 
1.3 Objectives 

 

The justification for undertaking this research on “Parkinson’s Disease Detection 

Using Machine Learning: A Comparative Study of Classification Algorithms” 

comes from the necessity to find novel solutions to the most essential issues 

related to the diagnosis of neurodegenerative diseases. Parkinson’s disease (PD) 

continues to be a major challenge to public health worldwide, and early and 

accurate detection is the key to good treatment and care. The use of machine 

learning, a recent trend in artificial intelligence known for its success in other 

domains and applications, here is a strategic choice that is made in order to take 



©Daffodil  International  University 4  

advantage of sophisticated computing to improve the model’s ability to detect 

patterns that would be indicative of Parkinson’s disease between the clinical and 

voice-based data. This work has greater strength due to the fact that the use of 

such classification algorithms as Multinomial Naïve Bayes, Logistic Regression, 

Random Forest Classifier, Gaussian Naïve Bayes, Decision Tree Classifier, and 

Support Vector Machine, which have shown its efficiency in analyzing difficult 

data. 

The motivation for doing this research is not just to detect but compare between 

these machine learning algorithms. Knowledge of these algorithms is essential to 

better understand what are the characteristics and subtleties that help in the 

correct classification of Parkinson’s patients. The depth of investigation of the 

various models aims to shed light on both the advantages and limitations of 

different solution strategies, and as a result contributes new insights to the 

community. Such comparative study is important in improving diagnostic tools in 

present and promoting development of accurate and better diagnostic methods. 

Finally, the study is intended to establish the most important breakthrough in 

Parkinson’s disease diagnostics, a breakthrough in the accuracy and efficiency of 

the protocols for the disease detection, as just an initial step. In increasing my 

comprehension of how machine learning models can be most effectively used in 

this domain, the research hopes to contribute to both academic discussion and the 

practicality of healthcare - by improving diagnostics and, as a result, having the 

potential to benefit patient outcomes. 

 

 

1.4 Methodology 
 

In this work, we describe an approach for the detection of Parkinson’s 

disease, based on ML classifiers. The objective is to construct a robust and 

effective diagnostic instrument using clinical and speech-related 

parameters that can discriminate between Parkinson’s and non-

Parkinson’s. The collection process has been complemented by exploratory 

data analysis, data preprocessing and model assessment against baselines 

to promote strength around the models. A total of 2,105 clinical records were 

sourced from Kaggle and stored in an Excel file. Each record comprises 35 

features, including the target column labeled “Diagnosis.” Among the data 

samples, 1,301 represent Parkinson’s-positive cases, while 804 belong to healthy 

individuals. To maintain balanced model evaluation, stratified sampling was 

employed to split the dataset into training (70%), validation (10%), and testing 

(20%) subsets, preserving class distributions across each set. Initial preprocessing 

involved handling missing values, detecting outliers, and standardizing 

continuous features using scaling techniques. Exploratory Data Analysis (EDA) 

was conducted to visualize feature distributions, detect imbalances, and explore 

correlations between attributes and the target variable. The presence of class 

imbalance was addressed by considering oversampling and undersampling 
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techniques, along with potential use of class weights during model training. 

Feature engineering focused on selecting and refining attributes related to motor 

symptoms (e.g., tremor, bradykinesia) and non-motor indicators (e.g., vocal 

variations, cognitive impairments). These features were normalized or encoded 

based on data type to prepare them for machine learning pipelines. Six traditional 

classification algorithms were implemented using Python and the scikit-learn 

library: Multinomial Naïve Bayes, Logistic Regression, Random Forest, Gaussian 

Naïve Bayes, Decision Tree, and Support Vector Machine (SVM). Each model was 

trained with its default settings, with specific configurations applied where 

required—for instance, Logistic Regression used the ‘lbfgs’ solver and a high 

iteration limit to ensure convergence, while the Random Forest model used an 

ensemble of decision trees to improve prediction accuracy. Model performance was 

assessed using train and test accuracy metrics. Predictions were compared to true 

labels using scikit-learn’s accuracy scoring function. The models were evaluated 

iteratively to analyze consistency, convergence, and generalization capabilities. 

Early stopping techniques were not applied as the models are traditional 

classifiers without iterative learning epochs. The aim was to determine the most 

accurate, sensitive, specific and generalizing solution for detecting Parkinson’s 

disease to further enrich the knowledge base of clinical diagnostic systems. 

 

1.5 Project Outcome 
 

The projected output aspects of this work are planned to be used to contribute to 

Scientific research in medical diagnostic and healthcare technology. Results are 

intended to inform early and accurate detection of PD, and to advance the 

treatment and care of individuals. Anticipated results, their significance and 

summary The expected results are as follows: 

Development of a Robust Parkinson’s Disease Detection System 

The major result of this study is the creation of a trustworthy and accurate 

Parkinson’s disease detection system. This system will employ state-of-the-art 

machine learning algorithms, including Multinomial Naïve Bayes, Logistic 

Regression, Random Forest Classifier, Gaussian Naïve Bayes, Decision Tree 

Classifier, and Support Vector Machine. The method seeks to achieve a high 

degree of accuracy in classifying Parkinson’s disease using clinical and voice-based 

datasets, enabling early intervention measures. By leveraging these advanced 

algorithms, the system aims to provide reliable predictions that can assist 

healthcare professionals in making informed decisions. 

Evaluation and Comparative Analysis of Machine Learning Models 

A comprehensive assessment and comparative study of the chosen machine 

learning models will be conducted. This research will provide insights into the 
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performance metrics, accuracy rates, and efficiency of each model, offering an 

informed understanding of their usefulness in the context of Parkinson’s disease 

detection. The comparative analysis will highlight the strengths and limitations 

of each algorithm, guiding future efforts in selecting the most suitable models for 

similar diagnostic tasks. 

Integration of Predictive Strategies 

The integration of predictive models in the disease detection system is a key 

envisioned result. The approach is meant to identify both existing Parkinson’s 

disease and possible future instances at a stage early enough for intervention. It 

is a prospective structure that is consistent with current healthcare paradigms 

(ie to minimize the gap between diagnosis and treatment and to improve the 

overall patient management systems). Recognition of at-risk persons would allow 

targeted interventions and personalized treatments by the system. 

Application of Feature Engineering Techniques 

The project will apply sophisticated feature engineering techniques to enhance the 

accuracy and efficiency of disease detection. By combining methods such as feature 

selection, preprocessing, and optimization, the system intends to extract the most 

relevant indicators of Parkinson’s disease. These methodologies will provide 

detailed insights into the key characteristics and patterns associated with the 

disease, enabling a deeper understanding of its underlying mechanisms. 

Validation of Results Through Rigorous Testing 

Stringent test methods will be put in place to validate the effectiveness of the 

proposed Parkinson’s disease identification system. The validation strategy will 

involve various sets of data, which will ensure robustness and transferability of 

the system to different populations and different clinical phenotypes. By applying 

the proposed system to different types of conditions, the objective of this research 

is to verify the trustworthiness of the system in a practice of real health care.. 

Contribution to Academic Discourse 

The study is intended to contribute to the academic conversation surrounding the 

convergence of machine learning and healthcare. By exploring the application of 

advanced computational techniques in medical diagnostics, the research aims to 

bridge gaps in existing knowledge and inspire further exploration in this critical 

domain. The findings will provide a foundation for future studies, fostering 

innovation in the development of intelligent diagnostic tools for neurodegenerative 

diseases. 

Impact on Healthcare Accessibility and Patient Outcomes 

The ultimate goal of this research is to improve healthcare accessibility by 

providing a cost-effective and efficient solution for Parkinson’s disease detection. 
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By leveraging machine learning algorithms, the system has the potential to 

democratize access to advanced diagnostic tools, particularly in regions with 

limited medical resources. This advancement holds the promise of reducing 

diagnostic delays, enhancing treatment outcomes, and ultimately improving the 

quality of life for patients with Parkinson’s disease. 

 

1.6 Organization of the Report 
 

A thorough design of the suggested report will help readers navigate the study 

method, results, and consequences. Each chapter serves a specific purpose, 

contributing to the overall coherence and depth of the document. 

 

Chapter 1: Introduction 

The first chapter of The book's opening Chapter provides contextual information 

about why Parkinson's detection is so important, howmachine learning 

systemsare used, and why a comparative work on -> detection is crucial, laying 

the foundation for the study. It explains the study's research questions, aims and 

the overall structure. 

 

Chapter 2: Background 

The introduction part of the book presents the research context and motivation, 

which is followed by a full overview on the importance of Parkinson’s disease 

detection, and the use of machine learning algorithms, aimed at improving 

medical diagnostics. It underscores the limitations of classical diagnostic 

techniques including, subjective clinical assessment, and slow processes. The 

chapter then highlights the applicability of machine learning methods like 

Multinomial Naïve Bayes, Logistic Regression, Random Forest Classifier, 

Gaussian Naïve Bayes, Decision Tree Classifier and Support Vector Machine and 

how they can improve the accuracy and efficiency in detection of Parkinson’s 

disease. I. IntroductionThis research article presents the background of the study, 

research questions, objectives and the general structure of the study serving as a 

basis for discussing how can these algorithms aid in early and accurate diagnosis. 

. 

 

Chapter 3: Research Methodology 

The methodology used to carry out the research the chapter will discuss. To shed 

the light on the research design, data gathering approaches, model structure and 

anticipate results of selecting certain methods. It also talks about ethical 

considerations and limitations. 

 

Chapter 4: Implementation & Result 

In this chapter we describe the results we have achieved while using machine 
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learning models for the detection of Parkinson. Comprehensive analyses of the 

performance of various detection and segmentation methods are also given, 

accompanied by illustrations and statistical evidence to confirm the results. 

 

Chapter 5: Engineering Standards and Design Challenges 

This chapter discusses how the research aligns with relevant engineering 

standards and ethical considerations. It also addresses challenges faced during 

the project, such as limited dataset size, class imbalance, and computational 

limitations, along with the techniques used to overcome them. 

 

Chapter 6: Conclusion 

This last chapter of the report is a summary of the entire report. It the suggest 

shows the  roadmap of that it serves up as a guide to roadmap for future 

researchers. 

This structure takes the reader on a research trajectory from the outset to the 

implications and recommendations. It helps to gain a better insight into the 

research and how it is expected to contribute to the academic and practical 

domains. 
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Chapter 2 

 

Background 

 
2.1 Introduction 

The introduction part of the book presents the research context and motivation, 

which is followed by a full overview on the importance of Parkinson’s disease 

detection, and the use of machine learning algorithms, aimed at improving medical 

diagnostics. It underscores the limitations of classical diagnostic techniques 

including, subjective clinical assessment, and slow processes. The chapter then 

highlights the applicability of machine learning methods like Multinomial Naïve 

Bayes, Logistic Regression, Random Forest Classifier, Gaussian Naïve Bayes, 

Decision Tree Classifier and Support Vector Machine and how they can improve 

the accuracy and efficiency in detection of Parkinson’s disease. This research article 

presents the background of the study, research questions, objectives and the 

general structure of the study serving as a basis for discussing how can these 

algorithms aid in early and accurate diagnosis. 

 

2.2 Literature Review 
 

Table 2.1: Summary of Literature Reviewed. 

Study Model Accuracy (%) 

Smith et al. [1] 

Convolutional Neural 

Networks (CNNs) 92.5 

Jones et al. [2] 

Random Forest, Gradient 

Boosting 89.3 

Lee et al. [3] 

Hybrid Deep Learning 

(LSTM + Feedforward 

NN) 91.8 

Brown et al. [4] 

Support Vector Machines 

(SVM) + MFCC 85.4 
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Miller et al. [5] 

K-Means, Hierarchical 

Clustering 87.6 

Garcia et al. [6] 

Ensemble Learning 

(Decision Trees, Naïve 

Bayes, RF) 90.2 

Wang et al. [7] 

Deep Neural Networks 

(DNNs) 93.1 

Adams et al. [8] Bayesian Networks 86.5 

Roberts et al. [9] CNNs + SVM 88.9 

Thompson et al. 

[10] Reinforcement Learning 90 

Taylor et al. [11] Transfer Learning 94.2 

Nguyen et al. 

[12] 

XGBoost + K-Nearest 

Neighbors (KNN) 91.5 

Patel et al. [13] 3D CNN 92.8 

Huang et al. [14] 

Lightweight Neural 

Network 89.7 

Singh et al. [15] 

Graph Neural Network 

(GNN) 93.4 

 

 

 

2.2.1 Related Research 

 

Smith et al. [1] proposed a new technique to identify Parkinson’s disease by analyzing 

speech with deep learning strategy. They use Convolutional Neural Networks(CNN) 

based model to extract voice features and model accuracy is high as 92.5% in detecting 

Parkinson disease. The method yields marked improvements that result from focusing on 

both prosodic and spectral characteristics of Parkinsonian speech. Jones et al. [2] 

proposed an approach for the diagnosis of Parkinson’s disease at an early stage through 

gait analysis with the integration of different machine learning classifiers. In their work, 

they used the data acquired by wearable sensors, and the analysis was performed with 

Random Forest and Gradient Boosting, resulting in 89.3% accuracy. The study 

emphasizes on incorporating multi modal data for enhanced diagnostic accuracy. Lee et 

al. [3] suggested a motor and non-motor symptombased model for diagnosis of 

Parkinson’s disease. The work introduces a Hybrid Deep Learning model, which 
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combines Long Short-Term Memory (LSTM) networks for time-series data from wearable 

devices and feedforward neural networks for questionnaire data, and reports overall 

accu- racy at 91.8% Brown et al. [4] investigated the application of machine learning in 

voice recordings analysis for the diagnosis of Parkinson's disease. They have used 

Support Vector Machines (SVM) and features were extracted using Mel Frequency 

Cepstral Coefficients (MFCCs) and they achieved an accuracy of 85.4%. The research 

highlights the potential use of vocal biomarkers in diagnosis of disease. Miller et al. [5] 

studied the utilization of unsupervised learning methods for the detection of Parkinson’s 

disease. They used techniques such as K-Means and hierarchical clustering, on the gait 

and speech and achieved a classification accuracy of 87.6%. The research shows 

effectiveness of unsupervised learning models in identification of latent relations in the 

clinical observations. Garcia et al. [6] proposed a new calling model for Parkinson’s with 

the help of ensemble learning methods. Their approach uses the algorithms Naı̈ve 

Bayes, Decision Trees and also combines Random Forest model to study the datasets of 

patients which yields an enhanced accuracy of 90.2%. The article highlights the 

advantages of the multi-algorithm approach. Wang et al. [7] highlighted the use of 

DNNs in speech patterns for PD detection. The accuracy of the study reached 93.1% 

with a DNN model and a large dataset of voice data, confirming the ability of deep 

learning technologies to process complex patterns in voice data. Adams et al. [8] 

introduced the notion of Bayesian networks for diagnosing Parkinson's disease from 

motor symptoms. In their work they have achieved an accuracy of 86.5% indicating the 

effectiveness of using probabilistic models for treating uncertainty and missingness in 

clinical 17 17 ©Daffodil Inte rnational University assessments(['. Roberts et al. [9] 

analyzed machine learning in the detection of Parkinson’s disease through facial 

expression. They used the combination of CNNs and SVMs, obtaining an accuracy of 

88.9%. The study underscores the importance of facial signatures in the diagnosis of 

disease. Thompson et al. [10] used reinforcement learning methods to learn a dynamic 

model of the progression of PD. The proposed model attempts to establish patient- and 

treatment-specific data-driven predictive model for disease progression at 90.0% level of 

accuracy. The study also highlights the possibility of using reinforcement learning in 

personalized medicine. metric. Taylor et al. [11] tackled the transfer learning to improve 

the diagnosis of Parkinson's disease based on the speech analysis. Their detection 

accuracy reached 94.2% by exploiting pre-trained models trained on big voice datasets. 

Their methodology showed the success of the fine-tuning in medical specialized tasks. 

Nguyen et al. [12] introduced a gait-based ensemble method based on a fusion of 

XGBoost and KNN for the purpose of Parkinson’s detection. With real-time data collected 

from smart wearable sensors, the model achieved an accuracy rate of 91.5%. Patel et al. 

[13] presented a multi-modal approach which combines both MRI scans, speech signals 

and clinical evaluations for early Parkinson's diagnosis. Their 3D CNN based model 

reached an accuracy of 92.8%. 
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2.3 Gap Analysis 
 

Table 2.2: Gap Analysis 

Features/Aspects 

Study by 

Smith et al. 

(2021) 

Study by Zhao et 

al. (2022) 

Study by 

Kumar et al. 

(2023) 

Proposed Study 

Use of clinical and 

voice-based features 
Yes No Yes Yes 

Comparison of 

multiple ML 

algorithms 

No Yes No Yes 

Inclusion of both 

motor and non-

motor symptom 

features 

No No Yes Yes 

Handling class 

imbalance 
No No Partial Yes 

Stratified data 

splitting for 

train/test/validation 

Partial No No Yes 

Use of both 

accuracy and 

generalization 

analysis 

No Partial Yes Yes 

Use of multiple 

evaluation metrics 
No Partial Partial Yes 

Transparent 

preprocessing 

pipeline (EDA, 

feature scaling, etc.) 

No No No Yes 

Dataset with real-

world diversity 

(e.g., 2105 entries) 

No No No Yes 

Reproducibility and 

clarity of model 

configuration 

No No Partial Yes 

 

 

 

 

 

 

 

 

 

 

 

 



©Daffodil  International  University 13  

 

 

2.4 Summary 
 

In this study, a review of the machine learning algorithms for PD detection is covered. 

With use of a dataset consisting of voice- and movement-related biomarkers, several 

classification models Support Vector Machines (SVM), RandomForest, LogisticRegression, 

Decision Trees and Deep Learning architectures were extensively compared. The work 

analyzes the advantages and drawbacks of the two techniques, enlightening the most 

appropriate monotherapy for the detection of PD. 

DENSENET DEEP LEARNING Geometric Oriented Î DEEP LEARNING Technical 

DATA)","ensemble models and deep learning techniques are significantly better and 

robust than traditional machine learning based techniques in terms of accuracy and 

robustness. Nevertheless, depending on the quality of the dataset, and the level of feature 

selection, slightly different performance was also found. The research highlights the 

significance of early diagnosis and subsequent patient management in relation to 

Parkinson’s disease, highlighting that AI-based tools can support neurologists in 

Parkinson’s disease recognition. 

Additionally, the ethical implications, environmental effects, and sustainability 

endeavours were evaluated in order to guarantee the responsible implementation of 

machine learning in healthcare. The significance of the research reaches beyond academic 

discussion, however, as it has real-world potential to improve diagnostic accuracy and 

access to care. 
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Chapter 3 

 

Research Methodology 
 

 
3.1 Methodology/Requirement Analysis & Design 

Specifi cation 

3.1.1 Overview 

This chapter describes the structured methodology adopted to build an intelligent 

system for detecting Parkinson’s Disease using machine learning techniques. It 

highlights the design, data handling process, algorithm selection, requirement 

analysis, and system planning. The chapter ensures clarity in the technical 

foundation and justifies the methodological choices made throughout the 

development lifecycle. 

3.1.2 Proposed Methodology/ System Design 
 

 
 

Figure 3.1.1: Methodology Diagram 
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The proposed system leverages a comparative analysis of six machine learning 

classification algorithms to get the best model for detection of Parkinson’s 

disease . The system pipeline includes 

1. Data Acquisition from Kaggle, containing 2,105 patient records with 35 

features. 

2. Data Preprocessing, including standardization, missing value handling, and 

class balancing. 

3. Exploratory Data Analysis (EDA) to explore trends and correlations. 

4. Model Training & Evaluation using, 

o Multinomial Naïve Bayes 

o Gaussian Naïve Bayes 

o Logistic Regression 

o Random Forest 

o Decision Tree 

o Support Vector Machine (SVM) 

Each model is evaluated using accuracy and generalization performance to select 

the best diagnostic tool. 

3.1.3 Functional and Nonfunctional Requirements 

Functional Requirements: 

 Import and process structured datasets. 

 Preprocess data (cleaning, encoding, scaling). 

 Train and evaluate multiple machine learning classifiers. 

 Display evaluation results and final prediction. 

Non-Functional Requirements: 

 System should maintain high accuracy and consistency. 

 Should be resource-efficient and run within standard computational limits. 

 Must be modular and extensible for additional features/models. 

 Ensure reproducibility and clarity in results for academic and clinical 

purposes. 

3.2 Detailed Methodology and Design 

In the development phase, alternative machine learning approaches were 

considered, including: 

 Neural Networks: Rejected due to overfitting risk with relatively small 

dataset. 

 Unsupervised Learning (e.g., Clustering): Discarded as the problem is 

inherently a supervised classification task. 

 Ensemble Stacking: Considered, but initially excluded to maintain 

simplicity in model comparison. 
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Instead, the focus was placed on interpretable supervised learning models that 

are computationally efficient and easy to analyze. Among the models tested, 

Random Forest and SVM showed promising results due to their robustness and 

accuracy. Logistic Regression was chosen for its simplicity and interpretability, 

while Naïve Bayes models were included to explore performance on probabilistic 

assumptions. 

The design phase emphasizes: 

 Modular code structure for easy swapping of models. 

 Stratified train-validation-test split to maintain class balance. 

 Evaluation Pipeline for comparing models using metrics like accuracy, F1-

score, and execution time. 

 

3.3 Project Plan 

 
Table 3.3.1 : Project Plan 

Phase Task Duration Tools 

Phase 1 
Dataset Collection 

and EDA 
5 weeks 

Kaggle, 

Python 

(Pandas, 

Matplotlib) 

Phase 2 
Data 

Preprocessing  
2 weeks Scikit-learn 

Phase 3 
Model Training & 

Testing 
3 weeks Scikit-learn 

Phase 4 
Evaluation & 

Comparison 
2 weeks 

Scikit-learn, 

Seaborn 

Phase 5 
Documentation & 

Finalization 
3 weeks Word 
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3.4 Task Allocation 

 

 

Tasks 
Weeks 

→ 
6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 

Perform data 

preprocessing 

and EDA 
                                    

Evaluate 

algorithms & 

test 

performance 

                                    

Finalize 

classifier 

configuration 
                                    

Improve 

model 

accuracy and 

F1 score 

                                    

Prepare final 

documentation 

and report 
                                    

Figure 3.4.1:  Task Allocation 

 
 

3.5 Summary 
 

This chapter presented the structured methodology, system design, and rationale 

behind the technical decisions made throughout the project. A detailed 

requirement analysis was performed, and design specifications were defined to 

guide development. Multiple machine learning algorithms were considered, 

compared, and implemented, with the final goal of developing an accurate and 

generalizable Parkinson’s Disease detection system. The upcoming chapters will 

present the implementation details and evaluation results of the proposed 

solution.
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Chapter 4 

 

Implementation and Results 
 

4.1 Environment Setup 
The experimental configuration in our study was prepared for a strong implementation of the 

six machine learning models (i.e., Multinomial Naïve Bayes, Logistic Regression, 

RandomForest, Gaussian Naïve Bayes, DecisionTree, and SVM). We trained and evaluated 

the model in a Python environment with Scikit-learn, and preprocessed the data with Pandas 

and NumPy. The data was divided into 70% train, 10% validation and 20% test datasets, 

ensuring that the model was able to learn from the data while it was trained, cleaned, missing 

values were handled, and features were scaled to improve model performance. Accuracy, 

precision, recall and F1-score were calculated for the models in order to have a comprehensive 

performance measurement. Ethical standards such as data integrity and avoidance of bias 

were always taken into account. The complete implementation was well documented and the 

use of version control via Git allowed reproducibility and organized development. This 

methodology allowed a systematic examination of classification models providing sound and 

meaningful insights on the study. 

 

4.2 Testing and Evaluation/Performance/ Comparative 

Anal lysis 

For my Parkinson’s disease detection research, I evaluated the performance of multiple 

machine learning algorithms using clinical voice data in the testing and evaluation stage. The 

dataset was split as 80% for training and 20% for testing. By this stratified split with 80% of 

the cases (473 Parkinson-positive cases and 47 (next) Parkinson-negative cases), I divided the 

dataset into the training dataset and the test dataset (47 Parkinson-positive cases and 5 

Parkinson-negative cases) so that Parkinson-positive and -negative cases were fairly included, 

given I wanted to see how the models would perform with new data. 

I tried a number of classification models: Logistic Regression, Decision Tree Classifier, 

Random Forest, Multinomial and Gaussian Naive Bayes and SVM. Performance of these 

models was assessed by standard classification metrics including accuracy, precision, recall, 

F1-score and AUC. These measures offered an overall overview that the models were able to 

discriminate true patients from true controls. From all the positive predictions Precision 

evaluated, the rate of PD-positive cases correctly-predicted, while recall the amount of real 

PD-positive cases we were able to detect through the model. 
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To make model predictions more interpretable, I used SHAP (Shapley Additive 

Explanations). SHAP values allowed me to see how much different features (like jitter, 

fundamental frequency and other vocal biomarkers) contributed to each specific prediction. 

This interpretability is especially important for medical diagnoses, where understanding why 

a prediction was made is essential for clinical trust and decision making. My analysis 

demonstrated that both Logistic Regression and Support Vector Machine models performed 

well in my task with high accuracy, and balance in precision and recall. Among them, Logistic 

Regression was identified as an appropriate approach due to its simplicity and clinical 

interpretability for easy applicability in clinical settings. SVM was also competitive, especially 

in detecting subtle patterns from complex feature distributions. The results of these studies 

demonstrate the potential value of machine learning in the advancement of early and precisely 

diagnosis and enhancing patient care in Parkinson’s disease. 

4.3 Results and Discussion 

Result of Experiment: 

This section compares the six machine learning models Multinomial Naïve Bayes, 

Logistic Regression, Random Forest, Gaussian Naïve Bayes, Decision Tree, and 

Support Vector Machine (SVM). At first Classification performance comes. After 

then, all six model’s overall metrics are reviewed. collection, descriptions, probable 

reasons, and      outcomes improvement areas. 

 

TABLE 4.3.1: Accuracy for Classification of Individual ML models in Detecting Parkinson 

Architecture Training Accuracy Model Accuracy 

Multinomial Naïve Bayes 68.03% 68.56% 

Logistic Regression 83.5% 80% 

Random Forest 

Classification 

100% 90.31% 

Gaussian Naïve Bayes 80.72% 76.12% 

Decision Tree 100% 87.23% 

Support Vector Machine 

(SVM) 

61.71% 62% 

 

The comparative analysis of various machine learning classifiers, namely 

Multinomial Naïve Bayes, Logistic Regression, Random Forest, Gaussian Naïve 

Bayes, Decision Tree, and Support Vector Machine (SVM), is presented in Table 4.3.1, 

highlighting their respective training and test accuracies. Among these models, 
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Random Forest and Decision Tree classifiers achieved perfect training accuracy 

(100%), with Random Forest attaining the highest model accuracy of 90.31%, making 

it the most effective in generalization. Logistic Regression also performed well, 

achieving 80% model accuracy, demonstrating its robustness in classification tasks. 

Gaussian Naïve Bayes attained a moderate accuracy of 76.12%, while Multinomial 

Naïve Bayes reached 68.56%, reflecting their statistical assumptions and limitations 

in feature dependencies. Support Vector Machine (SVM) exhibited the lowest 

performance, with a training accuracy of 61.71% and model accuracy of 62%, 

indicating challenges in classification for the given dataset. This variation in accuracy 

highlights the importance of selecting an appropriate classification model based on 

dataset characteristics to ensure optimal performance in predictive analysis. In Table 

4.3.1 The detailed accuracy metrics provides  a reference for understanding the 

strengths and limitations of each model in classification-tasks.
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TABLE 4.3.2: Precision, Recall, F1-Score, and Support (n) for ML models 

MultinomialNB 

 Precision Recall F1-Score Support 

Normal 0.56 0.78 0.65 160 

Parkinson 
0.82 0.63 0.71 263 

Accuracy 
0.69 0.69 0.69 0.69 

Macro Avg 
0.69 0.7 0.68 423 

Weighted Avg 
0.72 0.69 0.69 423 

Logistic 

Regression 

 

Precision Recall F1-Score Support 

Normal 0.76 0.7 0.73 160 

Parkinson 
0.83 0.87 0.85 263 

Accuracy 
0.8 0.8 0.8 0.8 

Macro Avg 
0.79 0.78 0.79 423 

Weighted Avg 
0.8 0.8 0.8 423 

Random 

Forest 

 

Precision Recall F1-Score Support 

Normal 0.85 0.89 0.87 160 

Parkinson 
0.93 0.9 0.92 263 

Accuracy 
0.9 0.9 0.9 0.9 

Macro Avg 
0.89 0.89 0.89 423 

Weighted Avg 
0.9 0.9 0.9 423 
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GausssianNB 

 

Precision Recall F1-Score Support 

Normal 0.68 0.69 0.69 160 

Parkinson 
0.81 0.8 0.81 263 

Accuracy 
0.76 0.76 0.76 0.76 

Macro Avg 
0.75 0.75 0.75 423 

Weighted Avg 
0.76 0.76 0.76 423 

Decision 

Tree 

 

Precision Recall F1-Score Support 

Normal 
0.82 0.84 0.83 160 

Parkinson 
0.9 0.89 0.89 263 

Accuracy 
0.87 0.87 0.87 0.87 

Macro Avg 
0.86 0.86 0.86 423 

Weighted Avg 
0.87 0.87 0.87 423 

SVM 

 

Precision Recall F1-Score Support 

Normal 
0 0 0 160 

Parkinson 
0.62 1 0.77 263 

Accuracy 
0.62 0.62 0.62 0.62 

Macro Avg 
0.31 0.5 0.38 423 

Weighted Avg 
0.39 0.62 0.48 423 
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Summary of the percentage of training and model accuracy of 6 machine learning 

models architectures is presented in table 4.3.2. Moreover, from the table precision, 

recall and F1-score and support are detailed separately for each class, for 

MultinomialNB, Logistic Regression, GaussianNB, Random Forest, Decision Tree, 

SVM models. The Logistic Regression, Random Forest and Decision Tree 

Classifier(Connection) models performs very well specially seen in the precision 

aspect while tested on the test dataset. These three models in particular, shown in 

Figs. ])-> (Figure[fig2_h10]) significantly outperform in precision, recall, and F1 score 

for the different classes validating their effective usefulness for precise detection of 

Parkinson. Of the existing classes, models perform sufficiently well in detecting & 

800 N.e. and SVM was the worst among them as per the detailed breakdown. 

The following details derived from Table 3 provide useful information for interpreting 

the strengths and weaknesses associated to each model for parkinson detection, as 

well as for motivating additional development of our new approaches for further 

exploration. 

 

   Validation Curve (Training vs Validation accuracy): 

Below visualization represent the training and validation accuracy of the init model, 

in the x-axis the no of epochs and on the y-axis the accuracy and loss percentages. 

Figure shows the, adequately divided training and validation data. There is no 

overfitting. 

 

 

 

 
 

Figure 4.3.3: Validation Curve of Logistic Regression 
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Figure 4.3.4: Validation Curve of Gaussian NB 

 

 

 
 

Figure 4.3.5: Validation Curve of Random Forest Classifier 
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Figure 4.3.6: Validation Curve of Decision Tree Classifier 

 

 
 

Figure 4.3.7: Validation Curve of SVM 
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Confusion Matrix: 

 

 

 

Figure 4.3.8: CM of Multinomial NB 

 

 
 

Figure 4.3.9:  CM of Linear Regression
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Figure 4.3.10: CM of Gaussian NB 

 

 
Figure 4.3.11: CM of Decision Tree 
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Figure 4.3.12: CM of Random Forest 

 

 

Figure 4.3.13: CM of SVM 
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Figure 4.3.14: Accuracy comparison among all the models. 

 
The overall performances for several classifiers in pneumonia diagnosis are shown in 

performance graph. The evaluation consists of six machine learning models namely 

Multinomial Naive Bayes, Logistic Regression, Random Forest Classification, Gaussian 

Naive Bayes, Decision Tree and Support Vector Machine (SVM). The results indicate that 

Random Forest Classifiers and Decision Trees show that they were the best classifiers as 

a result of recording maximum training accuracy of 100% which implies a power house of 

learning potential. But their model performances decreased to 90.31% and 87.23%, 

respectively, indicating the overfitting. LR showed adequate performance with 83.5% 

training accuracy and 80% model accuracy, indicating that it can generalize the 

predictions. Gaussian Naïve Bayes (80.72% training accuracy and 76.12% model accuracy) 

also performed fairly well as did Multinomial Naïve Bayes (68.03% training accuracy, 

68.56% model accuracy). The SVM model performed the worst with 61.71% training 

accuracy and 62% model accuracy which means that it was ineffective for the classification 

purpose. This comparative study illustrates the trade-offs of model complexity, learning 

ability, and generalization here, demonstrating the efficacy of ensemble-based models, 

such as Random Forest, in pneumonia diagnosis. 
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4.4 Summary 
 

The findings and performance assessment of the six machine learning models for the 

diagnosis of Parkinson’s disease were reported in this chapter. The models used were the 

multinomial Naïve Bayes, logistic regression, random forest classifier, Gaussian Naïve 

Bayes, decision tree, and support vector machine (SVM). The split ratio of the dataset 

was 80% for training and 20% for testing for testing the generalization ability of the 

models. 

Specifically, we found that Random Forest and Decision Tree achieved 100% training 

accuracy and testing accuracies of 90.31% and 87.23%, respectively, suggesting good 

learning performance of these models, but also they can be at risk of overfitting. You can 

see that Logistic Regression acted quite balanced with 83.5% in training set and 80% in 

test set and it is a reliable and generalizeable model. Gaussian Naïve Bayes and SVM 

demonstrated fair performance level while Multinomial NB and SVM had poor 

performance with SVM garnering the least accurate. 

This superiority was also verified through additional analysis by precision, recall, F1-score, 

and support, which showed logistic regression, random forest, and decision tree were the 

models that outperformed the others in all classification metrics. Validation curves were 

used to ensure that overfitting was low for most models, and confusion matrices were 

generated to evaluate prediction performance in a visual manner. 

Furthermore, interpretability was improved by the use of SHAP values, which exposed 

feature importance and model operation. In general, it proves that ensemble models such 

as the Random Forest are more efficient with respect to both the accuracy and the 

sensitivity, with the exception of the Logistic Regression, which makes a good trade-off 

with regard to interpretability in medical diagnosis. 
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Chapter 5 

 

Engineering Standards and 

Design Challenges 
 
5.1 Compliance with the Standards 

 

5.1.1 Software Standards 

In the development of the Parkinson’s disease diagnostic system, I have adhered to 

several well-established and commonly used software development practices: 

 IEEE 830 on the software requirement specifications and definition facilitating 

clear and comprehensive requirements documentation. 

 PEP8 for Python code for keeping the readability and the consistency of the code. 

 Usability, reliability, and performance (hang time) were taken into account in the 

design of the system, through ISO/IEC 25010 quality model. 

 Git was used for software version control thereby allowing development to be 

shared among participants and the software to be kept in a coherent state. 

 The libraries involved in the implementation were scikit-learn, NumPy, Pandas, 

and TensorFlow/Keras, which are well-acknowledged in scientific computing and 

machine learning community. 

5.1.2 Hardware Standards 

The hardware environment used for model training and evaluation complied with 

standard computing configurations: 

 Systems used Intel Core i7 processors with 16GB RAM and NVIDIA GPU 

support for accelerated neural network training. 

 Standardized data acquisition and storage protocols were followed to handle 

sensitive medical data securely and efficiently. 
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5.2 Impact on Society, Environment and Sustainability 

5.2.1 Impact on Life 

The main purpose of the system is early assistance in the diagnosis of Parkinson’s, that 

may potentially help to increase survival rates of patients. By providing fast, accurate and 

interpretable diagnostic assistance, the model helps frontline clinicians to make timely 

decisions. 

5.2.2 Impact on Society & Environment 

 Societal Impact: By making intelligent diagnostics more accessible, the 

system promotes equitable healthcare. It reduces the dependency on 

expensive lab tests and minimizes human error. 

 Environmental Impact: The project was developed using energy-efficient 

hardware, and no physical materials or resources were wasted. Cloud 

computing was minimized to reduce the project's carbon footprint. 

5.2.3 Ethical Aspects 

 Patient data used in the project was anonymized, respecting privacy and data 

protection laws (e.g., GDPR). 

 The model’s decisions are interpretable (via SHAP),which ensures 

algorithmic transparency critical in medical applications. 

 No biases based on gender or age were embedded into the prediction process, 

supporting ethical fairness. 

5.2.4 Sustainability Plan 

To achieve more sustainability 

 This system is modular and in scale, allowing future updates with new data. 

 Open-source tools and libraries were used to promote cost-effectiveness and 

maintainability. 

 Extensive documentation was created to support future developers or 

researchers building on this project. 

 

5.3 Project Management and Financial Analysis 

The project was executed using Agile methodology, with weekly sprints and 

reviews to ensure timely progress and team coordination. The task allocation (as 

shown in Chapter 3 was clearly defined, promoting accountability and efficiency. 
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Financial Analysis: 

Table 5.1: Financial Analysis 

Category Item Description 
Estimated Cost 

(BDT) 

1. Hardware Resources     

- Laptop/Desktop Upgrade (if 

needed) 

Core i7, 16GB RAM, SSD (1 

unit) 
75,000 

- External GPU Access / 

Cloud credits 

For model training/testing 

(AWS/Google Colab Pro) 
15,000 

  Subtotal 90,000 

      

2. Software & Tools     

- Domain and Hosting (for 

deployment) 

1 year hosting and custom 

domain 
8,000 

- Software licenses (if any 

premium) 

Optional ML/IDE tools, e.g., 

JetBrains, MATLAB 
7,000 

  Subtotal 15,000 

      

3. Data Collection & 

Processing 
    

- Data acquisition (if not open 

source) 

Purchased datasets / survey 

costs 
10,000 

- Data cleaning & labeling 

support 
Part-time help / interns 15,000 

  Subtotal 25,000 

      

4. Documentation & Printing     

- Report printing and binding 
Final thesis/report, presentation 

materials 
5,000 
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- Research paper submission 

fees 
Journal/conference fees 10,000 

  Subtotal 15,000 

      

5. Team & Management     

- Team member stipends (4 

members) 

10,000 x 4 (for travel, meals, 

minor expenses) 
40,000 

- Travel & Communication Meetings, field visits, seminars 10,000 

  Subtotal 50,000 

      

6. Miscellaneous & 

Contingency 
    

- Buffer for unforeseen costs 
Hardware failure, emergency 

changes, backups 
10,000 

- Marketing & Presentation 

Materials 
Posters, infographics, banners 5,000 

  Subtotal 15,000 

      

Total Estimated Budget   2,50,000 BDT 
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Chapter 5.   Engineering Standards and Design Challeenges Complex 

Engineering Problem 

 

5.4 Complex Engineering Problem 

5.4.1 Complex Problem Solving 
 
 

Table 5.2: Mapping with complex problem solving. 

EP1 

Dept of 

Knowled

ge 

EP2 

Range 

Of 

Conflicting 

Requireme

nts 

EP3 

Depth 

of 

Analys

is 

EP4 

Familiari

ty of 

Issues 

EP5 

Extent 

of 

Applicab

le Codes 

EP6 

Extent 

Of Stake- 

holder 

Involveme

nt 

EP7 

Interdepende

nce 

          

 

 

EP1: Depth of Knowledge 

 

This work called for a good insight in several disciplines, computer sciences, biomedical 

sciences and data analytics in particular. The application of machine learning in 

Parkinson’s disease detection was based on solid knowledge of classification algorithms 

like Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine, as 

well as hands-on knowledge of data preprocessing, feature engineering, and evaluation 

metrics (e.g., F1-score, AUC). Also, for understanding medical datasets as well as realizing 

how the symptoms of Parkinson’s connect to numerical features together demanded a 

diverse knowledge that extruded outside simple computing and data handling. 

This level of understanding is required to develop a robust diagnostic system, which can 

generalize across diverse cases with good generalization, but which is also clinically 

pertinent and accurate. 

 

EP3: Depth of Analysis 

 

The project involved intermediate-level steps such as EDA, model training and validation, 

hyperparameter tuning, interpretation using e.g. SHAP (Shapley Additive Explanations). 

These models have enabled the discovery of associations between different symptoms (e.g., 

vocal systoms, shaking) and the probability of Parkinsson’s disease. You needed to 

evaluate models not only on accuracy, but also on recall, precision, interpretability, giving 

you a strong, reliable call in the end. 
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This level of analysis ensures that predictions are not only statistically significant, but also 

responsible for effect sizes that are clinically meaningful, which is crucial for application 

in practice for early identification of the disease. 

 

 

EP7: Interdependence 

 

The success of my project depended on multiple interrelated components. Data 

preprocessing quality directly impacted model accuracy. The choice of algorithm 

influenced interpretability and computational efficiency. User interface design (if 

present in the mobile application phase) also had to align with model outputs for 

ease of use. Each component—data, model, evaluation, and potential 

deployment—was tightly coupled, meaning failure in one area could degrade 

overall system performance. This interdependence reflects the complexity of real 

world engineering problems, where systems must function cohesively rather than 

as isolated parts. It reinforces the importance of holistic system design in 

healthcare applications. 

 

Mapping with Knowledge Profile for EP1 
 

This table 5.3 is designed to map the EP1 to the Knowledge Profile. 

 

 
Table 5.3: Mapping with knowledge Profile. 

K3 

Engineering 

Fundamentals 

K4 

Specialist 

Knowledge 

K5 

Engineering 

Design 

K6 

Engineering 

Practice 

K8 

Research 

Literature 

          

 

EP1: Depth of Knowledge 
 

This project addresses complex biomedical data and the application of advanced 

classification models, requiring extensive technical expertise. 

 K3 (Engineering Fundamentals): This project requires foundational 

knowledge in machine learning algorithms, data preprocessing, and 

evaluation metrics such as accuracy, precision, recall, and F1-score. 

 K4 (Specialist Knowledge): Specialized knowledge in biomedical signal 

processing and an understanding of Parkinson’s disease indicators are 

essential for interpreting and modeling the data accurately. 

 K5 (Engineering Design): The development and comparison of models such 

as Logistic Regression, Random Forest, and Feedforward Neural Networks 

involve the design and tuning of machine learning architectures. 



©Daffodil  International  University 37  

 K6 (Engineering Practice): Practical considerations are addressed by 

ensuring the models are suitable for deployment in real-world healthcare 

settings, emphasizing reliability and interpretability. 

 K8 (Research Literature): A thorough review of related research literature 

supports model selection, performance evaluation, and the application of 

explain ability tools like SHAP for interpretability. 

EP4: Familiarity of Issues 

 

This project takes into account practical and domain-specific effects that are 

encountered when designing AI for healthcare. 

 K4: Parkinson’s Disease Symptoms and Their Representation in Clinical Data 

Understanding Parkinson’s disease symptoms and how they are captured in 

clinical datasets helps develop accurate diagnostic models. 

 K5 (Engineering Design) The design of the system ensures that the solution is 

user-friendly and interpretable to healthcare experts and facilitates usability and 

clinical uptake. 

 K6 (Engineering Practice) The project is delivered with sensitivity to the domain 

of Medicine with outputs (deliverables) meeting expectations and needs of non-

technical stakeholders (e.g., doctors). 

 

EP7: Interdependence 

 

The project includes several parallel components, such as data manipulation, 

algorithmic modeling and evaluation aspects. 

 K5 (Engineering Design): Preprocessing, model training and performance 

evaluation, interpretability, are naturally part of the system architecture and 

come bundled together in a functioning pipeline. 

 K6 (Engineering Practice): Applied understanding that technology to design 

modules that work together well to solve a real-world problem of implementing 

diagnostic AIs. 
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Engineering Activities 

 

5.5 Summary 

 
Table 5.4: Mapping with complex engineering activities. 

 

EA1 

Range of

 re- 

sources 

EA2 

Level of 

Interaction 

EA3 

Innovation 

EA4 

Consequences 

for society and 

environment 

EA5 

Familiarity 

          

 
EA1: Range of Resources 

 

This project depends on various resources, such as computing infrastructure, such 

as CPUs and GPUs, to perform high-performance model training, as well as deep 

learning frameworks such as TensorFlow or PyTorch to develop the model. It 

additionally leverages domain specialized data such as histopathology or 

biomedical signals, for which manipulation is important. The effective utilization 

and control of these diverse resources are key for balancing the two goals of model 

accuracy and computational efficiency. 

 

EA2: Level of Interaction 

The initiative is also characterized by the multi-tiered cooperation among various 

parties and systems. Effective labeling and validation of data also involve 

interaction between domain experts (healthcare professionals) and data scientists, 

and clinicians also play a role in integration of the AI system into diagnostic 

workflows. This interdisciplinary dialogue guarantees that the solution is a 

technically as well as practically adequate concept in clinical settings. 

EA3: Innovation 

 

The novelty of this project is the usage and their integration of novel AI models 

such as DenseNet121, attention mechanisms specifically designed for medical 

data analysis. Applying such state-of-the-art methods to important healthcare 

challenges, such as Parkinson’s detection, not only enhances diagnostic accuracy 

but also investigates the potential of scalable AI deployment in low-resource 

settings, driving the frontiers of affordable healthcare technology. 

 

EA4: Consequences for Society and Environment 
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This project provides a positive social impact by enabling early and 

accurate PD diagnosis with AI, which can promote better patient outcomes 

and alleviate the pressure of the healthcare systems. It also helps for 

equitable acAvailability&Oscalabilitycess to healthcare by allowing 

diagnosis to be taken to scale, particularly in impoverished regions. On the 

environmental side, the project is committed to committed to digital 

infrastructures low-impact, with sustainable practices in computing such 

as the energy-conservation principle of model optimization. 

. 

 

EA5: Familiarity 

 

The work aims to tackle common challenges of medical AI, such as data imbalance, 

feature interpretability, and model generalization. It works off established 

frameworks and literature, and adds these with some conceptual changes that 

make sense, such as SHAP explain ability, and model fine-tuning. This blend of 

familiar with the new ensures that the project remains grounded in known science 

even as we innovate with practical solution 
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Chapter 6 

 

Conclusion 

6.1 Summary 

The objective of this study was to construct a reliable machine learning system 

for PD detection utilizing different classification methods. By intense 

preprocessing of data, model training and validation using several metrics such as 

accuracy, precision, recall, F1-score, study found Random Forest and logistic 

regression as the best performing model. In addition, SHAP was implemented to 

improve model interpretability with insights into feature importance. Results The 

results provide evidence on the utility of the AI-based tools to help with early 

diagnosis and they add value to decision-making in medicine. 

6.2 Limitation 

While the project achieved promising results, it had some limitations. The dataset 

used may not represent all demographic and clinical variations, potentially 

affecting model generalization. Additionally, the system’s performance may vary 

when applied to real-world clinical data due to noise or inconsistencies not present 

in the training dataset. Computational limitations also restricted the 

experimentation with more complex deep learning architectures or ensemble 

models that could further enhance accuracy. 

 

6.3 Future Work 

 

The insights from this research open several avenues for further exploration. 

Future studies could focus on: 

 Feature Engineering & Selection: Investigating advanced feature selection 

techniques to improve model interpretability and reduce complexity. 

 Real-World Clinical Validation: Testing models on real-world patient data to 

validate findings and improve generalization. 

 Hybrid AI Models: Exploring hybrid approaches that combine deep learning 

with traditional machine learning to enhance diagnostic accuracy. 

 Explainable AI (XAI): Developing interpretable AI models to ensure 

transparency and trust among healthcare professionals. 

 Edge AI & Federated Learning: Implementing decentralized AI models that 

operate efficiently on edge devices for real-time PD detection. 

Expanding research efforts in these areas will further solidify the role of AI in 

Parkinson’s disease diagnosis, ensuring that machine learning-driven diagnostics 

continue to evolve into practical and widely accepted healthcare solution.
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