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ABSTRACT

Parkinson's Disease, a progressive neurodegenerative disorder, is challenging to
diagnose at its early stages due to symptom overlap with other conditions and the
subtle onset of clinical features. Leveraging vocal impairments, which affect up to
90% of PD patients even during early stages, this research demonstrates the
potential of speech analysis as a non-invasive, cost-effective diagnostic tool. A
systematic workflow was employed, involving data preprocessing, exploratory data
analysis, feature selection, and the application of five machine learning models:
Logistic Regression, Random Forest Classifier, Support Vector Classifier (SVC),
Gradient Boosting Classifier, and XGBoost Classifier. These models were trained and
evaluated on a dataset containing phonetic features extracted from voice
recordings, with performance measured through accuracy, precision, recall, F1
score, and AUC. The findings highlight the efficacy of ensemble learning models,
particularly Gradient Boosting and XGBoost, in accurately classifying PD cases.
These results validate the use of vocal biomarkers and machine learning in
advancing diagnostic precision for neurodegenerative diseases.
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CHAPTER 1
INTRODUCTION

Parkinson's disease (PD) is a neurodegenerative disease characterized by primary
defects in motor functions, and is revealed through symptoms such as tremors,
bradykinesia, muscle rigidity, and postural instability. Degeneration of dopaminergic
neurons in the brain, reducing the efficient communication between the brain cells,
hence leading to a deficit in motor functions primarily caused this disorder [1]. PD
is the second most common neurodegenerative disorder, after Alzheimer's,
affecting 1-2% of people over the age of 60, causing major chronic disability
worldwide [2]. The diagnosis of this condition must be performed as early as
possible because symptoms such as resting tremor and bradykinesia develop only
when major neuronal destruction has taken place.

Despite symptomatic treatments continuing to improve, the arrest of
neurodegeneration in PD remains an unmet challenge. Early diagnosis is
challenging as clinical features of PD closely overlap with other diseases and the
insidious onset blurs the early symptoms of PD [3]. Symptomatic treatments aim to
restore the brain levels of dopamine without affecting the underlying
neurodegenerative process. Novel methods of diagnosis are urgently required,
capable of diagnosing PD during their preclinical stages. Recently, vocal biomarkers
have emerged as a promising non-invasive diagnostic toolbox. Since almost 90% of
patients affected by PD develop some forms of vocal impairment even at its early
stages, speech analysis can represent an effective method for the diagnosis at early
stages [4, 5]. Advances in the area of Cl and ML provide this section with the
necessary set of tools for high-accuracy analysis of speech samples for early
detecting the disease [6].

The current diagnostic practices rely heavily on clinical evaluations, which might not
be able to catch the symptoms at an early stage and delay interventions. Diagnosis
by traditional methods involves MRI or motion-based tests, which are resource-
intensive and less accessible. Symptoms also often overlap with other disorders,
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further complicating diagnostics. This demands the need for innovative, cost-
effective, accessible methods for early detection of PD.

This study will explore the integration of vocal biomarkers with deep machine
learning models for improved early diagnosis of PD. According to studies, as many
as 90% of patients with PD have vocal impairments, such as reduced pitch
variability, irregular rhythm, and monotone speech, even during prodromal stages
[4,7]. Vocal analysis is a non-invasive, low-cost alternative to conventional MRI or
motion-based approaches. This has changed with developments in computational
intelligence and machine learning; modern algorithms are now capable of detecting
subtle changes in the vocal features associated with PD using techniques such as
spectral analysis and acoustic modeling [5, 8].

This paper aims to explore the potential of vocal biomarkers in the diagnosis of PD
and the capabilities of machine learning models in improving accuracy. The study
addresses several challenges by capitalizing on state-of-the-art developments in
non-invasive diagnostic technology for improved diagnostic precision and prognosis
in neurodegenerative disorders such as PD.

2 ©Daffodil International University


h
h
h
h

CHAPTER 2
LITERATURE REVIEW

Govindu et. al. [9] emphasis on the early detection of Parkinson's Disease using
voice as biomarker and applied machine learning. This paper differentiates four ML
models: Random Forest, Support Vector Machine, Logistic Regression, and K-
Nearest Neighbors, each using the MDVP audio dataset. Among all of these, the
Random Forest model yielded the best performance with an accuracy of 91.83%
and a sensitivity of 0.95; therefore, it can be considered as the best method for
detecting Parkinson's disease in telemedicine applications. Feature reduction was
also done with PCA, hence SVM reached 91.75%. Of the rest, the KNN classifier
performed best in this balanced dataset, as it can handle such data more easily,
having equal positive and negative samples. These results underline the robustness
and versatility of Random Forest in handling unbalanced data, while SVM was
excellent in reduced datasets. dependence on audio data is the only biomarker,
small dataset size, and the need for data balancing techniques are limitations of the
dataset. Using extra biomarkers, such as REM sleep patterns, in order to improve
detection and generalize the application are possible options for future.

Favaro et. al. [10] addresses early detection of PD using speech-based features in a
novel dataset, ParkCeleb, containing longitudinal speech recordings data from
public figures from hollywood. The investigation covers data points from 10 years
before diagnosis up to 20 years after diagnosis, while covering speech attributes
related to pitch variability, pause duration, and speech rate. Experimental results on
classification achieved high accuracy—Area Under the Curve up to 0.93—for
detecting prodromal symptoms. These findings also point out the potential of
speech analysis in early disease detection and treatment monitoring.

The key limitations are the potential biases due to dataset variability, which
includes differences in recording conditions and demographic mismatches. Further,
public recordings may lack representative linguistic subtlety, thereby limiting
generalization to diverse populations. Despite these, this study contributes to
extending the phenotypic analyses of PD based on speech patterns.
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Luna et. al. [11] proposes an improved version of the Smallest Normalized
Difference Associative Memory algorithm, called ISNDAM, for PD detection from
voice recordings. ISNDAM introduces an enhancement in the classification
performance by including a feature selection phase and was tested on two publicly
available datasets. The experiments prove that ISNDAM yields a classification
accuracy of 99.48% for Dataset 1 and 99.66% for Dataset 2. Results also proved
that this performed exceptionally well among the tested 70 different machine
learning models from the WEKA platform and further provided results superior to
those reported for some previous studies on both Dataset 1 and Dataset 2, hence
proving that ISNDAM is better than these in classifying PDs.

Although ISNDAM turned out to be successful, the method still has its shortcomings:
it relies on small and very specific datasets, and additional validation with real-world
data is required. While the method is tolerant of noise, its scalability and
performance on larger, more diverse datasets remain untested. Work could be done
in the future on enhancing robustness across broader datasets and the integration
of additional biomarkers to enhance its diagnostic utility.

Tracy et. al. [12] focuses on the voice as a biomarker for early detection of PD by
analyzing acoustic features from voice recordings of PD patients and healthy
controls. It accentuates the power of machine learning models in differentiating
early-stage PD. Gradient boosted trees were the best among those tested,
achieving an AUC score of 0.95. It also furthers the issue of identity confounding,
where leakages between training and test sets inflate performance; when this was
addressed, the best AUC stood at 0.88—what more realistic performance has shown.

These would involve limitations in self-reported diagnosis that may or may not be
clinically validated and an observed significant deviation in participant
demographics. Dataset imbalance and alteration to the PD severity scale may also
make a difference. Further research work should be performed on clinically
validated datasets with various populations presenting related movement disorders
to better enhance model robustness.
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Sayed et. al. [13] has presented the possibility of vocal biomarkers in combination
with sophisticated machine learning algorithms for early detection of PD. In the
present study, the parameters used for analyzing speech signals are jitter, shimmer,
and harmonic features. LightGBM, XGBoost, AdaBoost, and SVM were some of the
models used in the study. Among all, LightGBM emerged as the most powerful
model, identifying 96% accuracy, 100% sensitivity, and 94.43% specificity, hence
emerging as a robust candidate for accurate prediction of PD. The XGBoost model
produced the highest AUC, at 97%, which is an indication of strong classification
capability.

Although these results for the study appear promising, the few limitations include a
small dataset with imbalance; hence, methods for oversampling such as SMOTE
were considered. Advanced imaging can also be incorporated for further diagnostics
improvement. This research has outlined the role of non-invasive methods for
improvement in early detection of PDs and underlined the role that machine
learning plays in the diagnosis of neurodegenerative diseases.

Chintalapudi et. al. [14] has targeted the early detection of PD using voice
biomarkers along with advanced ML models. The used classifiers are three in
number: SVM, KNN, and RF. Feature reduction techniques include PCA and SMOTE
to improve the model's efficiency. About each given analyzed model, RF showed
quite huge accuracy—97.4%; thereafter, the SVM was presenting 85.1 percent, and
KNN with an accuracy of 80.7%. This study shows how both enhancements in
balancing and simplifications accomplished when reducing a dataset using PCA are
reinforced.

This research underlines the problem of small sample sizes and unbalanced
datasets that may limit the generalization of the model. Whereas the proposed
algorithms significantly improve the classification accuracy, the results may not
generalize to diverse datasets. Larger datasets and additional biomarkers should be
studied in future research to validate the findings and extend the results to more
general applications.

Wang et. al. [15] reviews the performances of various deep learning and machine
learning models for the early detection of PD using premotor features such as REM
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sleep behavior disorder, olfactory loss, cerebrospinal fluid biomarkers, and
dopaminergic imaging. In this study, data from PPMI including 183 healthy
individuals and 401 early PD patients were used. The deep learning model achieved
the best performance, detecting 96.45% of the images correctly; this algorithm
outperformed 12 other traditional machine learning models.

Although the results are very promising, several limitations are important to note in
the study, including reliance on a relatively small dataset, which may limit
generalizability. Further, although deep learning models are really good at handling
complex and nonlinear relationships, interpretability remains a challenge for them
because of their "black-box" nature. The future work will focus on validation of
these findings with more and diverse datasets to make the results more robust,
exploring other biomarkers to increase the accuracy of the prediction.

Karapinar Senturk [16] proposes a concept for early diagnosis of PD with phonetic
features extracted from the voice data based on machine learning techniques. The
approach combines two techniques, namely Recursive Feature Elimination and
Feature Importance, for feature selection while evaluating the classifiers such as
Support Vector Machines, Artificial Neural Networks, and Classification and
Regression Trees. Among all the others, SVM, when combined with RFE, gave the
maximum accuracy in classification, that is, 93.84%, therefore, proving to be an
effective method for diagnosing PD with less computational overhead. The dataset
used had speech signals from a total of 31 individuals out of which 23 were affected
by Parkinson's disease; therefore, this can be said to be pretty noninvasive voice
analysis compared with the traditional methods that needed MRI or motion-based
technique application.

Suppa et. al. [17] investigates the application of machine learning to voice changes
in PD. It recorded voice data from 115 PD patients and 108 healthy controls with a
focus on early- and mid-advanced stages of PD. It employed SVM for detecting
abnormalities and monitoring disease progression. The results showed that 84% of
PD patients demonstrated impairments in voice, with the severity of insult
correlating to the progression of the disease. Of note, L-Dopa improved voice
symptoms but did not restore normalcy. Machine learning achieved a high
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diagnostic accuracy in distinguishing early-stage PD patients from controls, thus
offering great potential as an objective biomarker for early detection. However, a
number of limitations are present in this study: inability to consider daily vocal
fluctuations and the relatively small sample size are the most important.
Furthermore, age differences between the various patient groups and healthy
controls may have biased the results. Confirmation of these results using larger
datasets is needed, together with an investigation into other voice features that
could give further improvement in classification.
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CHAPTER 3
METHODOLOGY

The workflow of this study is outlined in figure 3.1, illustrating the systematic
approach taken for Parkinson's Disease classification using machine learning
models. The process begins with the dataset, which undergoes data preprocessing
to ensure quality and consistency. This includes cleaning the data and preparing it
for analysis. The workflow is divided into two main branches: data splitting and

scaling and exploratory data analysis (EDA).

Data preprocess

y h
e

Exploratory Data

Analysis (EDA)
.~ - - " J

Spiit and Scale

h

- S
[ Test Data J Train Data J Feature Selection
T —
Model Evaluation |« Model Training

T -~ @@
Ty It
Pen‘{:rm:_a.nce —»[ Model Selection
Comparison
.y .y

Figure 3.1 : Workflow Diagram

-
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In the first branch, the dataset is split into training and testing subsets, followed by
feature scaling to standardize the data. The second branch involves EDA, where key
features are analyzed and selected for model training. The selected features are
used to train multiple machine learning models. After training, these models are
evaluated using the testing data to assess their performance across various metrics.
The model evaluation phase compares the performance of all models, leading to
model selection based on metrics such as accuracy, precision, recall, F1 score, and
AUC. Finally, a performance comparison is conducted to identify the best model for
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Parkinson's Disease classification, completing the workflow. This structured
approach ensures reliable and interpretable results, highlighting the most effective
model for the task.

3.1 Dataset

The dataset being used in this paper is collected from Kaggle [18]. It incorporates
phonetic features extracted from voice recordings of PD patients and healthy
individuals. It contains 24 features, which comprise different acoustic properties,
such as frequency, jitter, shimmer, and noise-to-harmonic ratios. Here are some
important features of the dataset:

Frequency Features: MDVP:Fo(Hz), MDVP:Fhi(Hz), MDVP:Flo(Hz)

Jitter Features: MDVP:Jitter(%), MDVP:Jitter(Abs), MDVP:RAP, MDVP:PPQ, Jitter:DDP
Shimmer Features: MDVP:Shimmer, MDVP:Shimmer(dB), Shimmer:APQ3,
Shimmer:APQ5, MDVP:APQ, Shimmer:DDA

Noise Features: NHR, HNR

Nonlinear Measures: RPDE, DFA, spreadl, spread2, D2, PPE

Furthermore, there is one binary target variable that exists, labeled as 'Status,’
which suggested 1 for PD and O for healthy individuals.

3.2 Data preprocessing

Data preprocessing was done in different steps to ensure data quality for machine
learning analysis. The following steps were performed on the dataset in this process:
In order to handle missing values df.isnull().sum() method was used to check and
confirm the nonexistence of missing values. If there are any missing values, suitable
imputation techniques would be applied to deal with them. This step ensures
completeness in the dataset and minimizes errors during model training.

The df.duplicated().sum() method was utilized to find the duplicate rows in the
dataset and those rows were removed. This prevents redundancy and avoids
introducing bias into the model.

The name column was dropped since it contained non-numeric data and information
irrelevant to the classification task. This reduces noise and enhances computational
efficiency.
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The status column was changed into binary values with 1 corresponding to PD and 0
corresponding to healthy. Such a standardization simplifies the classification
problem.

These preprocessing steps ensured that the dataset was clean, consistent, and
ready for exploratory analysis and machine learning modeling, which improves
model accuracy and efficiency.

3.3 Exploratory Data Analysis (EDA)

For an overall understanding of the structure of the dataset, feature relationships,
and their association with PD, exploratory data analysis was done using various
visualization techniques, proportion and count of people with and without PD with
respect to the status were visualized in Figure 3.2 and in Figure 3.3. These plots
helped understand the distribution of classes and checks if any class imbalance
exists in the dataset. Figure 3.2 shows the distribution of individuals differentiated
as "Healthy" (status = 0) and those diagnosed with Parkinson's Disease (status = 1).
It shows an imbalance in the dataset, with a larger proportion of samples belonging
to the PD class.

Healthy vs PD

1 (Disease)

4.02%

95.98%

0 (Healthy)

Figure 3.2: Healthy vs PD patient’s demographic
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Figure 3.3: Healthy vs PD patient’s numerical difference

Figure 3.3 depicts the count of samples in each class, providing a clearer numerical
comparison between the two categories. It confirms the class imbalance, with
significantly more samples in the PD category. Figure 3.2 provides an intuitive
understanding of proportions, while Figure offers absolute counts, giving
complementary perspectives.
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Figure 3.4 analyzes the correlation between features. It depicts the pairwise
correlation between numeric features in the dataset, showcasing the relationships
among features. Features like MDVP:Fo(Hz) and MDVP:Fhi(Hz) show strong positive
correlations (>0.8), suggesting redundancy. Negative correlations between features
such as HNR (Harmonic-to-Noise Ratio) and NHR (Noise-to-Harmonic Ratio) indicate
opposing trends in their values. Features with correlations close to 0, such as RPDE
and MDVP:Jitter(Abs), indicate independence. Features like MDVP:Fo(Hz) and PPE
show prominent correlations with the target variable (status), showing their
importance for classification. Figure 3.4 provides a comprehensive overview of
feature relationships. It identifies redundancies and highlights features with
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Figure 3.4: Correlation of Features

significant correlations to the target variable.
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Figure 3.5 of key features was assessed by observing central tendencies and
variability, such as MDVP:Fo(Hz), MDVP:Fhi(Hz), MDVP:Flo(Hz), and HNR. This helped
in viewing possible outliers and detecting skewness in the data.

Feature Distributions
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Figure 3.5: Distribution of Features

Figure 3.5 visualizes the distributions of key acoustic features (MDVP:Fo(Hz),
MDVP:Fhi(Hz), MDVP:Flo(Hz), and HNR) in the dataset, providing insights into their
spread, central tendency, and variability. The distribution of MDVP:Fo(Hz) (Average
Fundamental Frequency) is slightly skewed, indicating variability in the vocal
frequency of individuals. The right-skewed distribution of MDVP:Fhi(Hz) (Maximum
Fundamental Frequency) suggests that most individuals have a maximum
frequency within a narrower range, with a few outliers showing significantly higher
values. This feature MDVP:Flo(Hz) (Minimum Fundamental Frequency) shows a
broader spread compared to MDVP:Fhi(Hz), capturing a wider range of minimum
frequencies. The distribution of HNR (Harmonic-to-Noise Ratio) is bell-shaped,
indicating that the majority of samples have mid-range HNR values, with fewer
samples at extreme values. Figure 3.5 reveals the underlying characteristics of each
feature. The skewness in fundamental frequency features (MDVP:Fo(Hz),
MDVP:Fhi(Hz), MDVP:Flo(Hz)) suggests variability in vocal behavior, while the
normal-like distribution of HNR indicates its potential as a stable predictor.
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Figure 3.6 illustrates the relationship between the fundamental frequency
(MDVP:Fo(Hz)) and frequency variability (MDVP:Jitter(%)), with points color-coded by
the target variable (status). This visualization helps identify whether these features

can separate individuals with Parkinson's Disease (PD) from healthy individuals.

Fo (Hz) vs. Jitter (%) with Status

Status
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= 00301 Disease (1)
=
.o
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MDVP:Fo(Hz) (Fundamental Frequency)

Figure 3.6: MDVP:Fo vs MDVP:jitter(%)

Healthy individuals tend to cluster at higher fundamental frequency values
(MDVP:Fo(Hz)) and lower jitter percentages, indicating more stable vocal
frequencies. PD individuals exhibit higher variability in jitter percentages, with a
broader range of fundamental frequencies. The scatter plot suggests that these two
features, particularly MDVP:Jitter(%), are significant predictors for distinguishing
between healthy and PD individuals. Some overlap between the two classes is
observed, which necessitates the use of additional features for better separability.
This scatter plot highlights the distinct patterns in MDVP:Fo(Hz) and MDVP:Jitter(%)
across the two classes, underscoring their relevance in PD classification.

Figure 3.6 provides a comprehensive view of pairwise relationships and distributions
among key features (MDVP:Fo(Hz), MDVP:Flo(Hz), HNR, NHR, RPDE, PPE) . This
visualization helps identify patterns, clustering, and feature separability for
Parkinson's Disease (PD) classification.
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Figure 3.7: Pairplot of key features
On the diagonal, KDEs reveal significant class separability for features like HNR
(harmonic-to-noise ratio) and PPE (pitch period entropy), with minimal overlap
between healthy and PD samples. MDVP:Fo(Hz) vs. MDVP:Flo(Hz) shows distinct
distributions between healthy and PD samples, indicating their potential predictive
value. NHR vs. HNR displays an inverse relationship, with PD samples clustering
toward higher noise levels. Some features, like RPDE vs. PPE exhibit moderate
overlap between classes, suggesting they may be better used in combination with
other features for classification. Features like HNR and PPE appear particularly
discriminative based on their clustering behavior, making them strong candidates
for classification models. The pairplot underscores the importance of these features
in distinguishing PD from healthy individuals. While certain features exhibit strong
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class separability. This visualization validates the relevance of the selected features
and informs their role in feature selection for machine learning models.

3.4 Feature Selection

The feature selection process, guided by EDA and visualizations, ensured that only
the most relevant and non-redundant features were included for machine learning
modeling. This step reduced computational complexity, enhanced model
performance, and aligned with the goal of leveraging vocal biomarkers for effective
PD classification. The insights gained from the infographics provided a robust
foundation for building accurate and interpretable classification models.

3.5 Model Training and Evaluation

To prepare the dataset [18] for machine learning modeling, the data was split into
training and testing subsets and scaled to ensure uniformity across features. These
steps are crucial for robust model training and evaluation.

The dataset was divided into input features (X) and the target variable (y), where X
included all features except the status column, and y represented the binary target
variable indicating the presence of Parkinson’s Disease (PD). The data was split into
training and testing sets using an 80:20 ratio. The training set was used to train the
machine learning models, while the testing set was reserved for evaluating model
performance. A random seed (random_state=1) ensured reproducibility of the data
split.

A StandardScaler was applied to transform the data. The scaler normalized each
feature by removing its mean and scaling it to unit variance. The training data
(X_train) was scaled using the fit_transform method, which computed the necessary
scaling parameters (mean and standard deviation) and applied them to the training
set. The testing data (X _test) was scaled using the transform method, ensuring the
same parameters were applied without recalculating, thereby maintaining
consistency between the datasets.

Five machine learning models with diverse characteristics are employed to classify
PD from healthy individuals. Each model was configured with tuned
hyperparameters to strike a balance between bias and variance, ensuring robust
and generalizable performance.
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Logistic Regression is a linear model that predicts probabilities for binary
classification tasks using the logistic function. It is simple, interpretable, and serves
as a baseline model [19]. It acts as a benchmark to compare more complex models
and evaluate the linear separability of the dataset.

Random Forest Classifier ensemble learning method that builds multiple decision
trees and aggregates their predictions to improve accuracy and reduce overfitting
[20]. It captures non-linear relationships and reduces overfitting through ensemble
averaging.

Support Vector Classifier (SVC) is a robust algorithm that uses kernel methods to
find optimal hyperplanes for separating classes in high-dimensional spaces [21]. It
handles complex, non-linear boundaries effectively, making it suitable for datasets
with overlapping classes.

Gradient Boosting Classifier is a boosting algorithm that builds sequential decision
trees, each correcting errors from the previous one, for enhanced accuracy [22]. It
balances complexity and performance, capturing subtle patterns while being
resistant to overfitting.

XGBoost Classifier is an advanced implementation of gradient boosting that
combines speed and performance optimization [23]. It offers powerful predictive
performance with regularization, making it highly effective for structured data.

The models are evaluated with accuracy, precision, fl1 score, recall and AUC curve.
In order to calculate each metrics confusion matrix is drawn. Here is the confusion
matrix for each model:

Confusion Matrix for Logistic Regression Confusion Matrix for SVC
225

200 200

Healthy (0} 1 8 3 175 Healthy (0) 4 3 8

150 150

- 125

Irue label
Irue label

- 100 r 100
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rso r 50

r2s

Healthy (0) Disease (1} Healthy (0)
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Figure 3.8 (a) : Logistic Regression Figure 3.8 (b) : SVC

Confusion Matrix for Random Forest Classifier Confusion Matrix for XGB Classifier
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Figure 3.8 (c) : Random Forest Classifier Figure 3.8 (d) : XGB Classifier

Confusion Matrix for Gradient Boosting Classifier
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Figure 3.8 (e) : Gradient Boosting
Classifier

True Positives (TP): Correctly predicted PD cases.

True Negatives (TN): Correctly predicted healthy cases. Predicted

False Positives (FP): Healthy cases incorrectly classified as PD.

False Negatives (FN): PD cases incorrectly classified as healthy.

From the confusion matrix accuracy, precision, recall and f1 score is calculated.

Accuracy P
— P + TN Precision = WFP
TP + TN + FP + FN
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7P precision x Recall

Recall = =
TP+ FN F1 5core =2 x Precision + Recall

Model Accuracy Precision Recall F1 Score AUC
Logistic

Regression 0.979 0.986 0.991 0.989 0.980

Random Forest

Classifier 0.983 0.982 1.000 0.991 0.994

SvC 0.966 0.966 1.000 0.982 N/A
Gradient

Boosting 0.987 0.991 0.995 0.993 0.997
Classifier

XBG classifier 0.983 0.991 0.991 0.991 0.994

Table 3.1: Performance metrics of models

Table 3.1 summarizes the performance metrics of five machine learning models
used for Parkinson’s Disease (PD) classification: Logistic Regression, Random Forest
Classifier, Support Vector Classifier (SVC), Gradient Boosting Classifier, and XGBoost
Classifier. The metrics include Accuracy, Precision, Recall, F1 Score, and Area Under
the Curve (AUC), providing a comprehensive evaluation of each model’s
performance.

Figure 3.9 provides a visual evaluation of the classification performance of the
machine learning models used for Parkinson’s Disease (PD) detection. The ROC
curve plots the True Positive Rate (TPR) (sensitivity) against the False Positive Rate
(FPR) at various classification thresholds, with the Area Under the Curve (AUC)
quantifying overall performance.
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ROC Curve Comparison
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Figure 3.9 : AUC curve of models
The ROC curve comparison highlights the superior performance of ensemble
learning models, particularly Gradient Boosting and XGBoost, for PD detection. The
steep curves and high AUC values of these models indicate their ability to minimize
both false positives and false negatives, making them ideal for applications
requiring high precision and recall.
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CHAPTER 4
RESULT AND DISCUSSION

The study evaluated the performance of five machine learning models: Logistic
Regression, Random Forest Classifier, Support Vector Classifier (SVC), Gradient
Boosting Classifier, and XGBoost Classifier for Parkinson’s Disease (PD) classification.
The models were assessed based on their confusion matrix, ROC-AUC curve,
accuracy, precision, recall, and F1 score to determine their suitability for the task.
Table 3.1 and table 4.1 show the best model for PD classification.

Criteria Best Model
Confusion Matrix Gradient Boosting
ROC-AUC Curve Gradient Boosting

Accuracy Gradient Boosting

Recall Random Forest / SVC

Pracision Gradient Boosting /

XGBoost
F1 score Gradient Boosting

Table 4.1 : Comparisons of models

The Gradient Boosting Classifier achieved the highest overall performance, with an
accuracy of 0.987, precision of 0.991, recall of 0.995, and an F1 score of 0.993. It
also had the highest AUC (0.997), demonstrating superior class separation and
minimal misclassification. The XGBoost Classifier closely followed, achieving an
accuracy of 0.983, precision of 0.991, recall of 0.991, and an F1 score of 0.991, with
an AUC of 0.994. These results highlight the robustness of ensemble learning
models for PD classification tasks.
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Model Performance Metrics Comparison

Models
Logistic Regression
Random Forest
SVC
Gradient Boosting
XGBoost

1.04

1.02 A

1.00

0.98 1

Metric Values

0.96

0.94

0.92

0.90 -

N_Luraoj o ecisio™ Pe(.ﬂ“ @ gcor® pac

Metrics

Figure 4.1 : Comparisons of models

The Random Forest Classifier also performed well, achieving an accuracy of 0.983,
with a perfect recall of 1.000, ensuring no PD cases were missed. Its precision
(0.982) and F1 score (0.991) reflected balanced performance, making it suitable for
applications where sensitivity is critical. The SVC demonstrated perfect recall (1.000)
but had lower precision (0.966) and accuracy (0.966), indicating a tendency to over-
predict PD cases. Despite this, its high sensitivity makes it valuable for screening
programs. Logistic Regression served as a robust baseline model, achieving an
accuracy of 0.979, precision of 0.986, recall of 0.991, and an F1 score of 0.989.
While reliable, it was outperformed by the ensemble methods in handling non-linear
relationships.

Overall, the findings underscore the effectiveness of ensemble models, with
Gradient Boosting and XGBoost emerging as the most reliable and accurate
classifiers for PD detection. Random Forest demonstrated strengths in recall, while
SVC and Logistic Regression provided reasonable performance as complementary
models. These results validate the use of advanced machine learning techniques for
accurate and reliable disease classification.
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CHAPTER 5
CONCLUSION

The findings of this study highlight the superiority of ensemble learning models for
the classification of Parkinson’s Disease. Among the evaluated models, Gradient
Boosting demonstrated the highest performance across all metrics, including a
near-perfect AUC, making it the most effective model for accurately distinguishing
PD cases from healthy individuals. XGBoost followed closely, offering robust and
consistent performance, while Random Forest excelled in recall, ensuring no PD
cases were missed. SVC and Logistic Regression provided reasonable performance,
with SVC showing high sensitivity but reduced precision, and Logistic Regression
serving as a reliable baseline model.

The limitation is the dataset size, which may limit generalization of the results.
Future studies should be carried out on the proposed approach using larger and
more diverse datasets to confirm improved applicability.
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