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Machine Learning Approaches for Early Diagnosis
of Parkinson’s Disease: A Comparative Study and
Model Optimization

Tannu Yadav

ABSTRACT

Parkinson’s disease is the neurological illness that is comprises of both motor and non-motor
symptoms which affects the population worldwide. Symptoms like Bradykinesia, postural
instability, muscle stiffness, cognitive dysfunction and speech impairments are observed in
the patients having PD. As early diagnosis is important for disease management but it is quite
difficult to achieve when the PD symptoms are mild that causes a delay in clinical
surveillance.

This study offers a novel approach to improve diagnostic accuracy by using different ML
algorithms on these acoustic features, extracted from Parkinson’s dataset would help in the
early disease prediction. The ‘Clinical Parkinson’s dataset’ extracted from Kaggle, comprises
of various vocal parameters like jitter, shimmer, nhr etc. which is used to predict Parkinson’s
status by optimizing the UPDRS scores. Different Classification ML algorithms including
Naive Bayes, Logistic Regression, Random Forest, XG Boost, KNN and Deep Learning
model i.e. ANN are implemented on the Parkinson’s dataset for PD detection and progression.
Data preprocessing , feature selection and dataset splitting are crucial steps before the
application of ML models. Splitting of dataset into 80/20 ratio for the training and testing,
respectively, to check the model performance. This study reveals that the Deep Learning
Model, ANN, shows the highest accuracy up to 97%, followed by XG Boost with 96%. This
approach also helps in minimizing prediction errors. In addition to accuracy, there are certain
other metric parameters like precision, recall and F-1 score which are used for model
evaluation mainly in case of class imbalance.

Incorporating voice-based data with effective ML models will facilitate the non-intrusive, and
effective treatment of PD. This method holds the potential for remote precise and
interpretable outcomes, resulting in early detection and enhanced patient outcomes.




LIST OF CONTENTS

Title

Acknowledgement
Candidate’s declaration
Certificate by Supervisor
Abstract

List of Figures

List of Tables

List of Abbreviations

CHAPTER 1: INTRODUCTION

CHAPTER 2: LITERATURE REVIEW

2.1 Parkinson’s disease: An Overview

2.2 Traditional and Existing Diagnostic Techniques
2.3 Voice analysis using Acoustic features and the UPDRS dataset
2.4 Machine Learning

2.4.1 Supervised Learning:-

2.4.2 Unsupervised Learning

2.4.3 Reinforcement Learning

2.5 Applications of ML in Disease Diagnosis
CHAPTER 3: METHODOLOGY

3.1 Data Collection:

3.1.1 Description of Dataset

3.2 Data Preprocessing

3.2.1 Handling of missing data or Data Augmentation
3.2.2 Label Imbalance

3.3 Feature Selection

3.3.1 Correlation analysis

3.4 Train- Test splitting

3.5 Model Identification

3.6 Implementation of classification algorithms

Page no.
i
111
v
vi
X

X1

1-2
3-7
3-4
4-5

N 9 a0 o o

O O O o0 o©

10
10
10
11
12

Vii




3.6.1 Naive Bayes

3.6.2 Logistic Regression

3.6.3 Random Forest

3.6.4 XG Boost

3.6.5 K-Nearest Neighbour

3.6.6 Artificial Neural Network(ANN):
3.7 Model Optimization:

3.8 Model Evaluation

CHAPTER 4: RESULTS AND DISCUSSION
4 .1 Naive Bayes Algorithm

4.1.1 Naive Bayes Algorithm

4.1.2 Logistic Regression

4.1.3 Randon Forest Classifier

4.1.4 XG Boost

4.1.5 K-Nearest Neighbour

4.1.6 Artificial Neural Network (ANN):
CHAPTER 5: CONCLUSION

REFERENCES

12
13
13
14
14
15
16
16
17-24
17
17
18
19
20
21
22
25

viii




LIST OF FIGURES

.no. Title of Figure Page no.
1 Fig: Degeneration of neuron 3
2 Fig: Machine learning classification 6
3 Fig: Overview of dataset 9
4 Fig: Heat map- representing correlation between voice features 10
5 Fig; splitting of raw dataset 11
6 Fig; Proposed methodology for early diagnosis of PD 11
7 Fig; Workflow of Naive bayes Classifier 12
8 Fig: Logistic Regression- representing S-shaped curve 13
9 Fig; Workflow of Random Forest Classifier 13
10 Fig; KNN- Identifying nearest neighbors in feature space 14
11 Fig; Workflow of ANN 15
12 Fig ; Naive Bayes Result 17
13 Fig; Logistic Regression Result 18
14 Fig; Random Forest Result 19
15 FIG; XG Boost Result 20
16 Fig; Result of KNN 21
17 Fig; ANN Result 23
18 Fig; Comparison of Different ML models 24




LIST OF TABLES

S.no. Title of table Page no.
1 Table 1 : PD Dataset Description 7
2 Table: Comparison of different Classification ML algorithms 23




LIST OF ABBREVIATIONS

Xi

PD Parkinson’s Disease
AD Alzeihmer’s Disease
ML Machine Learning
Al Artificial Intelligence
UPDRS Unified Parkinson’s Disease Rating Scale

(MDS-)UPDRS

Movement Disorder Society- (MDS-
)UPDRS

NDD Neurodegenerative Disorder
NB Naive Bayes
RF Random Forest
XG Boost Extreme Gradient Boosting
KNN K-Nearest Neighbor
ANN Artificial Neural Network
HNR Harmonic to noise ratio
NHR Noise to harmonic ratio
LRRK2 Leucine-rich repeat kinase 2
SNCA a-synuclein
VPS35 Vacuolar protein sorting 35
PINK1 PTEN-induced kinase 1
PRKN Parkin
DJ1 Parkinsonism associated deglycase
GBA 1 Glucosylceramidase beta 1
GCase Glucocerebrosidase
GD Gaucher’s Disease

H-Y scale

Hoehn and Yahr scale




Xii

fMRI Functional Magnetic Resonance Imaging
fNIRS Functional near-infrared spectroscopy
SVM Support Vector Machine
DT Decision tree
BC Bayes Classifier
CNN Convolutional Neural Networks
LSTM Long Short-term Memory Network
RPDE Recurrence Period Density Entropy
DFA Detrended Fluctuation Analysis
DaTSCAN Dopamine Transporter Scan




Chapter 1
INTRODUCTION

Parkinson’s disease(PD) is known to be the most frequent neurodegenerative disorder(NDD)
amidst several others, including AD, Brain cancer, and Epilepsy[1]. It is a prominent
neurological condition that alters the movement of muscles in the body. It hampers speech,
posture, and flexibility, which causes muscle stiffness, tremors, and bradykinesia[2]This
comprises two types of symptoms: Motor and non-motor symptoms. Motor symptoms,
including speech disorders, are frequently experienced by PD patients. Also, imbalanced
postures, muscular stiffness, and slow movement are the major motor symptoms, whereas the
non-motor symptoms primarily include cognitive and sensory dysfunction, dysautonomia,
and mood-related disorders[3]. Even though PD is simply and precisely recognized at an
advanced stage, it is challenging to treat it effectively. As medications might be less
successful in regulating the progression of PD during the advanced stage[1]. Patients with
Parkinson’s disorder frequently exhibit motor speech problems. Over half of the patients have
speech abnormalities, especially silent and stuttered speech. This interpretation of linguistic
signals is recognized as a vital non-surgical approach for assessing Parkinson’s condition[3].
Observable alterations in the vocal tract include monotony, dysphonia, and a higher
frequency of speech disruptions, along with diminished speech clarity. Vocal fold closure
often appears partially weak in PD patients, which makes the modulation complicated[4].

Machine Learning(ML) is a branch of Al that trains from previously collected data samples
and formulates predictions about novel data employing computational algorithms to complete
a given task without any explicit programming. Prediction models based on ML are being
constructed to monitor the outcome of rehabilitation and boost decision-making, along with
advanced disease indications[5]. Integration of ML into healthcare has significantly improved
early disease detection, overcoming the delays and limitations of traditional diagnostic
methods. ML could shift healthcare into a more customize, preventive field via enhancing the
patient outcomes, permitting more potent use of medical resources[6]

A prevalent diagnostic approach named Unified Parkinson’s Disease Rating Scale(UPDRS)
is employed to examine the combination of motor and sensory symptoms linked to
Parkinson’s illness. This helps neuroscience experts by providing a uniform method to
estimate the degree of severity and progression of PD with time.

UPDRS came into existence in 1987 for examining numerous aspects of PD, comprising
mental failure, motor dysfunction, and non-motor implications. In 2008, UPDRS was further
updated and modified into the Movement Disorder Society- (MDS-)UPDRS[7] It comprises
various key characteristics, among which the important ones are Motor and Total UPDRS,
which involve major symptoms such as language, tremors, and motor abilities, along with the
degree of severity. These assessment scores are used as diagnostic criteria for identifying the
progression of Parkinson’s illness. Apart from this, there are certain acoustic parameters like
jitter, shimmer, HNR, etc. can assist in the early identification of PD by assessing the voice
impairments, which makes it a feasible non-intrusive approach.




Traditional diagnostic approaches in PD diagnosis are often time-consuming and tedious to
perform, because of the obscure and progressive nature of disease. Enhancing the accuracy of
prevailing ML and Deep learning models, via using the different voice and speech features,
retrieved from the UPDRS dataset.

The employment of the classification ML algorithm provides discrete binary classification of
the Parkinson’s status or severity by using the motor or total UPDRS values, present inside
the corresponding dataset. These Classification ML models like Logistic regression, Naive
Bayes, etc, along with a Deep Learning network named ANN help in classifying PD by
extracting the complex, undefined designs and patterns from the unprocessed data.

In the provided thesis and Literature review, we’ve mainly talked about different kinds of
Classification Machine Learning Algorithms like Naive Bayes, Logistic regression, Random
Forest, XG Boost, KNN, and ANN that can aid in categorizing the severity of Parkinson’s
status using voice parameters. This study emphasizes the remodelling of continuous UPDRS
scores into distinct values to accommodate the classification model because continuous
values are used for regression analysis.

The implementation of an advanced classification technique into a specific dataset of voice
recordings would overcome the limitations of the traditional diagnosis approach by boosting
medical outcomes. This ensures the robustness of the ML algorithm by comparing and
evaluating each model using various parameters like accuracy, F-1 score, precision, recall,
and confusing matrix. It not only examines the accuracy but also assists in analyzing which
voice trait accurately demonstrates the severity of Parkinson’s diagnosis.




Chapter 2

LITERATURE REVIEW

2.1 Parkinson’s disease: An Overview

PD is a degenerative neurological condition that adversely hampered movement. Symptoms
of this disease emerge slowly, persist, and worsen over time. Over a million people globally
suffer from Parkinson’s disorder, although its precise cause is rarely acknowledged[8]. One
of the main causes of PD is the gradual loss of dopaminergic neurons in the mid-brain region
named substantia nigra, which is considered as “movement control area of the brain”. This
dopamine loss results in the unregulated release of neurons called a Hyperkinetic
neurological condition[1]. This decrease in dopaminergic nerve cells along with
accumulation of Lewy bodies(proteinaceous particles i.e. alpha-synuclein), present in
remaining survived neurons acts as a biological hallmark for the disease[9]As a result of this,
when about 80% of the nerve cells get destroyed in the substantia nigra, it may start showing
indications of Parkinson’s disease. Men with symptoms of PD may suffer from mating and
uttering or speech-related problems[10]
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There are certain well known autosomal dominant and autosomal recessive genes(LRRK2,
SNCA, and VPS35; and PINK1, PRKN, and DJ1), causes Parkinson’s disease along with a
number of genes which have been detected in few cases. Moreover, the GBA1 gene codes for
glucocerebrosidase which causes Gaucher’s disease, and has both prominent and unusual
variations that are linked to PD, yet they frequently do not distribute in autosomal dominant
families[11]




Apart from genetic factors, there are certain environmental factors comprises air pollutants
like ozone, CO, NO2, NOx etc. that mainly results in brain inflammation and oxidative
degradation. This will acts as a risk factor and contributes to progression of Parkinson’s
disease[12]

Other possible symptoms include limb stiffness, Bradykinesia, tremor, and difficulty in
mobility and coordination. This diverse nature of disease makes the symptoms frequently
vary from person to person. Shoulder and hip stiffness can serve as a potential indicator of
the disorder. Along with this, non-motor symptoms are also linked to Parkinson’s disease like
anxiety, anosmia, and dementia[13]. A majority of PD cases are seen in adults above 60,
among which some are caused by several underlying reasons like neural inflammation,
oxidative damage, genetic mutation, protein degradation and accumulation, and adverse
environmental conditions[14]. About ~90% of the PD population is assumed to be affected by
vocal impairments which are usually referred to as dysarthria and dysphonia. This speech
analysis is considered an effective method to support healthcare professionals because of its
high prevalence, and the possibility of quick, non-intrusive, and affordable collection of voice
signals[15]

The acoustic analysis comprises various parameters like jitter, shimmer, fundamental
frequency, etc. which have been frequently used to detect voice peculiarities. These sound
parameters have demonstrated potential for determining the voice traits across a variety of
circumstances, by assessing the vocal quality in patients with speech disorders[16] According
to study findings, PD could potentially be identified by cognitive signs earlier than the
emergence of motor symptoms. In order to diagnose PD and ensure early diagnosis, certain
clinical examinations and evaluations are needed[17]

Pathophysiological causes underlying PD are different in the preliminary and acute phases
from those of later stages, so the sort of treatment must be precisely planned and
implemented for the underlying disorders. The possibility of apparent Parkinsonism rises
with the severity of prodromal symptoms. This phase may begin as early as age 20, before
emerging motor symptoms in Parkinson’s disease[ 18]

2.2 Traditional and Existing Diagnostic Techniques:

The prognosis of the disease is the primary stage in the treatment process. Physicians need to
gain insight into the diagnosis of PD which is quite challenging for patients. It is beneficial to
have a thorough and beneficial approach to diagnosis foundation along with the overall
therapy. The quality of life associated with health is determined by diagnosis approval, even
years after an accurate diagnosis is made[19] At the late stage of PD, the use of a particular
biomarker would not create a great impact on the patient’s life, even while biomarkers aid in
the clinical assessment of the disease. Longevity of the disease is one of the factors that is
used as a traditional method, but not considered as a reliable indicator to check PD
severity [20] During Early stage PD, Clinical experts suggests that patients perform various
aerobic exercises and make them familiar with the PD-specific workout initiatives available
in their localities. Some medication therapies that came into existence for treating motor
symptoms include dopaminergic and Levodopa therapy but during the initial stage, when it is
used as a monotherapy, doesn’t succeed in resulting in dementia modifying effect[21]




To determine the severity of Parkinson’s disease and its associated neuron loss, distinct stages
of PD have been formulated. Each exhibits a different range and severity of PD symptoms.
There are majorly two rating scales namely UPDRS and Hoehn and Yahr(H-Y) scale which
are used to evaluate the PD progression. During the first stage, the individual is affected with
Parkinson’s symptoms on one side of the body, whereas in the second stage, it spreads to both
sides. Movement is mainly affected in the third stage of Parkinson’s disease. Patients with the
final two stages are not capable of managing routine tasks without any assistance[22]

As Traditional diagnostic approaches may have certain limitations such as late-stage
prognosis, use of various Neuroimaging techniques like DaTscan, and Functional Magnetic
Resonance Imaging (fMRI) which are expensive in nature.

Functional near-infrared spectroscopy (fNIRS) tracks and records deviations in cerebral
blood circulation along with fluctuation in neuron activity. It is a robust approach which
provides higher spatial resolution and provide resistance to movement artifacts over fMRI in
determining early cognitive disorders in PD patients[23]

2.3 Voice analysis using Acoustic features and the UPDRS dataset:

The acoustic analysis of voice signals has drawn an extra attention to diagnose PD by
emerging as a non- invasive approach. One kind of speech disorder named Dysarthritis arises
due to disruption in central and peripheral nervous system along with affecting muscles of
speech mechanism. This condition may impact production, speech, amplification and
breathing, that leads to monotonous and unbearable voice[24]

The UPDRS(Unified Parkinson’s Disease Rating Scale) was initially employed in the 1980’s
and widely utilized as a diagnostic tool for identifying and assessing the progression of PD.
The updated version for speech signals is referred as (MDS-) UPDRS scale which examines
the modulation, volume and clarity of voice[25] A group of experts examined and revised the
scale, which comprised of four parts (Part I: Mood, Mentation and behavior; Part II: Daily
routine activities; Part III: Motor; Part IV: Implications)[26]

The phonation comprises of various parameters like jitter, shimmer, harmonic to noise
ratio(HNR) and noise to harmonic ratio(NHR) which results in vibration of speech sounds.
An examination of fundamental frequency between periodic cycles is considered as jitter.
Whereas shimmer is a variation in amplitude of sound waves [27] The periodic and non-
periodic features of voice signals named as HNR, that is used to identify varying types of
dysarthria and basic voice. These measurements are relying on the concept that oscillating
signal and its mean remains uniform over time[28]

UPDRS is used in in the identification of motor and non-motor indications by determining
the severity of PD by allotting UPDRS scores. Extracting UPDRS dataset from the platform
named Kaggle and employing ML algorithms on acoustic parameters extracted from the
voice recordings helps in discriminating the healthy individuals from the ones having
Parkinson’s disorder.

It is important to first determine the dataset quality to promote feature selection. However
this is not feasible, because of background noise, resulting in acoustic features that fail to




accurately present the actual condition. This noise can be eliminated by computing a
threshold below the predefined frequency level[29]

2.4 Machine Learning:

ML is an Al subset which analyses the use of computers to mimic human intelligence by
detecting patterns in the given data, to boost learning tasks[30] ML models are applied to
multiple datasets like voice patterns and helps in recognizing appropriate features that are not
employed clinical evaluation of PD [31].

ML based prediction models are being constructed to monitor rehabilitation efficacy,
facilitate decision making, and to detect early symptoms. These models are capable of
producing deeper knowledge about patients from massive, pre-existing datasets and provides
more accessibility of databases along with code libraries[32]

In Healthcare sector, ML is used to evaluate information from several sources, and helps in
assisting disease management, monitoring and results prediction. This assess the disease
severity and record patient’s response to medication[33]

Machine learning is further classified into:

Machine Learning

Supervised Learning Unsupervised Learning Reinforcement Learning

N

Classification Regression Clustering

Dynamic Programming

Fig: Machine learning classification

2.4.1 Supervised Learning:-

This Learning model generally require a dataset for training to train the model using already
existing data. For training purpose, labelled dataset is considered which comprise raw input
data and intended output. This approach is sometimes not feasible due to unavailability of
database i.e. no public access[34]. Several types of Supervised ML algorithms are employed
for motion analysis to estimate the extent of PD progression. Examples under this Learning
are- Support Vector Machine(SVM), Decision tree(DT), Bayes Classifier(BC) etc. These




algorithms are used to demonstrate the precise ranking to categorize level of severity for PD
using Hohen and Yahr (H-Y) scale[35].

2.4.2 Unsupervised Learning:-

The primary objective of this method is to grouping the data according to their similarity and
it does not require any training data[34].

This approach is used to reduce data dimensionality by enhancing disease detection. This
method also helps in noise reduction, similarity estimation and data splitting[36] This method
is based on clustering approach to organize multidimensional data according to similarity or
correlation metrices[37].

2.4.3 Reinforcement Learning:-

This Learning approach usually makes the decision based on the current situation after
receiving response from the surroundings for the new condition. It’s main objective is to
establish the best path that maximize the aggregate benefit, and accumulates it over the time.
This discovers which actions are best by relying on trial and error method instead of
providing specific instructions[38].

2.5 Applications of ML in Disease Diagnosis:

Utilizing the ideal ML practices would assist experts to predict more accurate and accessible
PD algorithms, which in turn would enhance their effect on the quality of life and patient
outcomes. Incorporating voice-based data with effective ML models will facilitate non-
intrusive, effective treatment of PD. This method holds the potential for remote precise and
interpretable outcomes, resulting in early detection and enhanced outcomes for patients.

By utilizing deeper topologies, DL models extend the potential of ANN and making it
feasible to recognize abstract designs from the unprocessed data. By employing
Convolutional Neural Networks (CNN) with Long Short-term Memory(LSTM) networks
obtained a high accuracy score in determining voice recordings[39].

Al is utilized to diagnose the disease by employing various ML models which allow
healthcare organizations to develop medical treatments for patient outcomes[40].

Machine learning is playing an increasingly vital role in medical science, especially in
analyzing visual, audio, and language data. ML evaluates the weight of given feature and
enhances its final prediction[41].

Their integration into healthcare has significantly improved early disease detection,
overcoming the delays and limitations of traditional diagnostic methods. Research highlights
how ML is transforming diagnostics across various medical fields[42].




CHAPTER 3:
METHODOLOGY

3.1 Data Collection:

Data gathering is one of the primary steps in order to build a Machine Learning based
identification framework. The dataset used here for model training and evaluation is obtained
from the source named Kaggle, which is a widely used platform that organizes various
competitions using freely available datasets. The “Clinical Parkinson's Dataset” is taken into
consideration, which contains voice measurements and clinical information from individuals
who have Parkinson’s disease or not. Researchers and data experts implementing machine
learning algorithms to aid in early detection of Parkinson's symptoms and progression
surveillance may gain insight from the dataset.

3.1.1 Description of Dataset-

This dataset uses voice features for categorizing the Parkinson’s illness and UPDRS Scores
for the disease progression. It contains cleaned and processed data related to PD. Comprising
an aggregate of 23,841 records and 30 columns, which consist mainly of 10 features, i.e.,
voice measures, clinical evaluations, and statistical information from multiple individuals.

Table 1 :PD Dataset Description

recording_id Unique identifier assigned to each voice sample.
fundamental freq hz, max_freq_hz, Frequency-related speech features.
min_freq hz
jitter (various types) Measures changes in fundamental frequency
shimmer (various types) amplitude perturbation indicators
NHR, HNR Noise-to-harmonics and harmonics-to-noise
ratios, determining speech quality.
parkinson_status Binary indicator (1 = Parkinson’s, 0 = Healthy).
rpde, dfa, spread_1, spread_2, Nonlinear and dynamic voice signals.
detrended fluctuation, ppe
subject _id, age, gender Demographic attributes of the subject.
test_time Time elapsed since the first recording test for a
subject.
motor_updrs_score, total updrs_score Clinical severity scores based on motor and
total UPDRS
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16 phon RO1 ¢ 119992 157302  74.997 000784 7e-05 0.0037 0.00554 0.01109 0.04374 0426 0.02182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
17 phon_ROL‘ 119992 157302  74.997 0.00784 7-05 0.0037 0.00554 0.01109 0.04374 0426 002182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
18 phon_RO1¢ 119.992  157.302 74.997 D.DD784’75705 0.0037  0.00554 0.01109  0.04374 0426 0.02182 0.0313 002971 0.06545 0.02211 21.033 1 0414783 0.81528
19 phon ROL ' 119.992 157302  74.997 0.00784'75-05 0.0037  0.00554 0.01109 0.04374 0426 0.02182 00313 002971 0.06545 002211 21033 1 0414783 0.81528
20 phon RO1 ! 119.992 157.302  74.997 000784 7e-05 0.0037 0.00554 0.01109 0.04374 0426 0.02182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
21 phon RO1_! 119.992  157.302 74.997 D.DD784’75705 0.0037  0.00554 0.01109 0.04374 0426 0.02182 0.0313 0.02971 0.06545 0.02211 21.033 1 0414783 0.81528
22 phon RO 119.992  157.302 74.997 D.DD784’75705 0.0037  0.00554 0.01109  0.04374 0426 0.02182 0.0313 002971 0.06545 0.02211 21.033 1 0414783 0.81528
23 phon RO1 ! 119.992 157.302  74.997 000784 7¢-05 0.0037  0.00554 0.01109 0.04374 0426 002182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
24 phon RO1_! 119.992 157.302  74.997 000784 7e-05 0.0037 0.00554 0.01109 0.04374 0426 002182 00313 002971 0.06545 002211 21033 1 0414783 0.81528
25 phon RO1_! 119.992  157.302 74.997 D.DD784’75705 0.0037  0.00554 0.01109 0.04374 0426 0.02182 0.0313 0.02971 0.06545 0.02211 21.033 1 0414783 0.81528
26 phon ROL ! 119.992 157.302  74.997 0.00784'76-05 0.0037 0.00554  0.01109  0.04374 0426 0.02182 00313 002971 0.06545 002211 21033 1 0414783 0.81528
27 phon RO1 ! 119.992 157.302  74.997 000784 7¢-05 0.0037  0.00554 0.01109 0.04374 0426 002182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
28 phon RO1! 119992 157.302  74.997 000784 7¢-05 0.0037  0.00554  0.01109 0.04374 0426 0.02182 00313 002971 0.06545 002211  21.033 1 0414783 0.81528
29 phon ROL ! 119.992  157.302 74.997 D.DD784’75705 0.0037  0.00554 0.01109  0.04374 0426  0.02182 0.0313 002971 0.06545 0.02211 21.033 10414783 08158 "

Fig: Overview of dataset

3.2 Data Preprocessing:
3.2.1 Handling of missing data or Data Augmentation-

To make the model generalized, there is need to add the data at the place of missing values,
by which it helps in reducing biasedness, and prevents overfitting during model training.

If there is no missing data available- no need of imputing is required.

While if there is presence of missing data- imputing is done or elimination of affected rows or
outliers is performed.

3.2.2 Label Imbalance-

As original UPDRS scores (including motor and total UPDRS) present in continuous manner,
usually for regression tasks, so there is need to convert it into discrete labels to accommodate
classification models. This can be achieved by establishing a threshold for each level of
severity.

In this dataset, when an Individual has Parkinson’s disease, the dataset displays instances
with the label ‘1°, whereas the person without Parkinson’s address the instances as label ‘0’.
This imbalance is because of uneven distribution of these labels, which results in biased
prediction by misleading the ML algorithm. To resolve this imbalance, certain python
libraries like Seaborn and Matplotlib are introduced.
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3.3 Feature Selection:

Selection of feature is a kind of approach use to remove redundant, irrelevant or noisy
characteristics from the dataset of original features. Under Parkinson’s dataset several
features like jitter, shimmer, nhr or hnr and certain non-linear signal characteristics derived
from audio recordings. This may carry some useful data that need to be selected and
processed to reduce risk of overfitting and redundancy, and further results in feature
extraction.

3.3.1 Correlation analysis

Correlation is performed to generate heat maps which determines that how a particular
dataset affects other set. It is utilized to find the robust relationship among dependent(output)
and independent variables, by eliminating high redundancy between independent dataset.

fundamental_freq_hz 0.49 T3 0.22 XA 0.17 021 0.17 0.19 0.17 0.18 0.15 0.16 0.18 0.1 0.16 EIFUEEEEEIETN 0.32 0.091 T 0.053 0.031 0.013 0.15 0.15 100
max_freq_hz - 1 g 0
min_freq_hz LN 0.1 1
jtter_percent --0.22 0,089 0.19 9 077 081 075 073 076 075 09 071 .15 [RFR 0.4 02 00270017 016 016 015
jitter_abs -KiL1A-0.061-0.33 kL 0 ) 1 0.7 083 -0.65 08 ¥E] 0. 0.12 -0.0120.015 0.039 0.037 -
jitter rap --0.17 0.09 -0.14 JUREROEY] 0.95 ) . 074 092 0.7 . 0235.4e-050.02 016 0.16
jitter_ppg -<0.21 0.081 0.14 JUEY 79 08 077 084 0.71 ) 013 00850018 02 021
jitter_ddp --0.17 009 0.14 JURE 0237.4e-050.02 016 016 - 0,50
shimmer -0.19 0.011 -0.22 i) 014 018 0014 028 024
shimmer_db --0.17 0.051 -0.19 i} 016 018 0012 028 026
shimmer_apq3 --0.180.0088-0.22 ') 015 014 0017 021 017
shimmer_apq5 --0.15-0.0023-0.18 KA 0089 021 0.017 033 029 -0.25
shimmer_apq --0,16 0,011 -0.19 R[N 1 .68 K0 014 02200066035 033
shimmer_dda --0,180.0088-0,22 JURERN R ANVEZRNK 96 113 0.8 . ! LN 015 014 0017 021 017
0.73 [0 1 4 0.095 056 0. (024 00150023 014 014
83 4 .34 -0.086-0.015 0.29 0.23 -0.00
parkinson_status .18 [IGE] 0.31 039 028 032 028 037 035 0.34 035 037 034 0. .11 -0.0520.0110.096 0.09
X 048 047 042 048 047 04 025 -0.0160.00620.092 0.017
023 0.1 025 01 019 02 018 018 0.8 0.09 4037 022 0.025-0.0630.032
¥ 048 072 0.76 066 0.73 066 067 0.67 0.63 066 0.68 063 ' |0 014 0.032 0.004 019 017 -0.25
0.22
detrended _fluctuation -0.091 0.19 0.17 042 029 041 039 041 052 051 0.48 0. ! , 031
[V 0.46 Zirp. 0.43 0.74 076 068 0.78 068 071 0.71 0.66 0. X 1 i 0.96 104 0.16 050
subject_id -0.053 0.076-0.037 02 012 023 013 023 014 016 015 0089 014 015 024 0.34 011 1 02 '
age -0.031-0.051 0,032 0.027-0.015.4e-050,0857.4e-05018 0.18 0.14 021 022 014 0.015-0.086-0.052-0.016 0.22 0,032 0.03-0,00380,091 -0.33 M -0.01 037 042
test_time -0,013 0,0270,00440.017 0,015 002 0018 0.02 0,014 0.012 0,017 0.0170.00660.017 0.023-0,0150.0110,00620.025 0,004 -0.010,0067.0059-0.036 -0.01 [JM 0.085 0.066
motor_updrs_score - 0.150,0007D.028 0.16 0039 016 02 016 028 028 021 033 035 021 0.4 .29 0096 0092-0.063 019 02 034 017 021 037 0.085]F ~0.75
fotal_updrs_score - 0.15 0,013 0066 016 0037 016 021 016 024 026 017 029 033 017 014 023 009 0017-0.032 017 022 031 016 02 (042 0066
N N N o [ -9 o a H a m n o o 1] ] " L o L) ™~ £ o T v v L] E
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Fig: Heat map- representing correlation between voice features

3.4 Train- Test splitting:

In machine learning, Train- testing on data is a key step to ensure efficacy of model by
assessing the non-reviewed data. It means that model is constructed on the previous data and
later applied to perform the estimation on new data.

Thus, in order to assessing the effectiveness of selected classification algorithms, the
Parkinson’s dataset is split into subset for train and test. The training subset is employed to
train the ML models and conducts cross-validation on the existing data, whereas training
subset is used for final estimation to gauge the algorithm’s reliability on undefined variables.
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The 80% of data subset is utilized for training part, while 20% of the data is employed for
testing purpose. By implementing train test split in python, splitting is performed.

< Dataset >

Training dataset Testing dataset

Train model Model evaluation

Fig; splitting of raw dataset

3.5 Model Identification:

It is one of the important steps which is followed by feature selection and correlation analysis.
Here, various Classification ML algorithms like Naive Bayes, Logistic regression, Random
Forest, XG Boost, K-Nearest Neighbor (KNN) and Artificial Neural Network (ANN) are
executed on the given dataset to estimate the severity level of Parkinson’s disease.

The selection of ML based algorithm is depend on its capacity to manage multi-dimensional
information along with managing non-linear signal characteristics.

Data collection Naive Bayes

Logistic
regression

Data pre-
processing

Feature selection

Model evaluation

1
|
|
|
|
|
|
1
I
|
|
Random forest ||—>
|
I
|
1
I
|
1
|
|
|
|
I
|
]

1
1
|
1
|
|
I
I XG Boost
1
1
1
I
1
|
1
I
1

Splitting of dataset KNN
(xs 0

Fig; Proposed methodology for early diagnosis of PD




12

3.6 Implementation of classification algorithms:

3.6.1 Naive Bayes:

Naive Bayes predicts the possibility of an occurrence based on its circumstances. It provides
the framework for calculating probability of target event in a simple manner[43]. This is one
of the widely used classification method that play an essential role in probabilistic
classification. It reveals remarkable accuracy when applied to enormous datasets. It can also
be used as statistical technique for categorization and Supervised ML approach[44]. NB
classifiers under Bayes’ theorem state that every component contributes equally and
independently to the target class. While meeting the independent criteria is often challenging,
the NB classifier works well in practical situations[45].

Baye’s Hypothesis given below:

P(X/Y) x P(Y)
PX)

P(Y/X) =

where,

P(Y/X): represents the posterior likelihood of class Y based on attributes X
P(X/Y): Conditional probability of attributes X given class Y

P(Y): prior Likelihood of class Y

P(X): Likelihood of evidence(features)

There are different types of NB classifier present, among which we used Gaussian NB
classifier to apply this ML algorithm. This classifier distributes the continuous values of each
voice features such as jitter, shimmer, nhr etc. according to normal distribution.

PX/Y) x P(Y) /

— e KT A

Fig: Workflow of Naive bayes Classifier
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3.6.2 Logistic Regression:

It is a classification approach which is used to estimate the probability of categorical
dependent labels. The target value in dataset is binary variable which consists of two
alternative values 1 and 0. The likelihood of target value 1 in dataset is predicted as function
of independent variable. These both binary dependent and independent variables are either
unrelated to one another or have very low correlation[46].

It utilizes the sigmoid function to estimate the chances, that a given input variable lying in
which class by converting it between the value 0 and 1.

By predicting the classification probabilities of given voice features as input, it sets a
boundary between different classes.

%o
. ® @ 2
E @) s . | .
| o® e B e
OO O :.: shape curve range
=
@ Y=0
X-axis Independent variable X-axis
Fig: Logistic Regression- representing S-shaped curve
3.6.3 Random Forest:

Random forest classifier is a supervised ML algorithm that is applicable to both classification
and regression. It educate multiple decision trees on a subset of dataset and concluding the
outputs to improve the predictive accuracy of the outcomes. An average output prediction is
obtained by considering the majority vote of predictions from all the models. This indicates
that it does not treat any single decision tree model as superior[47]. RF classifier is used in
several fields because of its adaptability, and its ability to manage complex datasets[48]. It
built many decision trees based on various data subsets, instead of relying on a single one.

- - T
» @ 4@ {/N 1 = > @
<:_>/ <<> cé %v Q} f-'-'-'J(- )C{ k= € {C % fff _ %;

Decision tree 1 Decision tree 2 Decision tree ™N

Result 1 Result 2 Result ™
: 0
_‘——| Mujority vote of prediction |

Fig: Workflow of Random Forest Classifier
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For the Classification ML algorithm, a majority vote of the predicted trees was considered.
This RF classifier helps to reduce the overfitting problem which can be seen under decision
trees.

3.6.4 XG Boost:

XG Boost ML algorithm is well suited for different classification and regression tasks.Tianqi
Chen, a data scientist, introduced the extreme Gradient Boosting method in 2014. It is a
decision tree-based technique that stands for extreme Gradient Boosting. This algorithm
generates billions of outcomes very quickly[49]. This approach counts the instances a feature
is required for splitting the data among all the model’s trees to determine its relevance. All
relevant features are thus found, and eliminating the less significant features of the dataset
further helps the model boost its efficiency and is computationally simpler[50].

It is widely used gradient boosting algorithm which provides high accuracy and scalability. It
reduces the overfitting problems by improving model predictions.

3.6.5 K-Nearest Neighbor:

It is known to be the most simplified algorithms among various ML models which is used to
perform classification tasks. This made the predictions by relying on outcomes of k-
neighbors, present nearest to that data point[51].

By altering KNN with numerous modifications, it results in different KNN variants. These
KNN variants vary in a number of algorithmic ways, including truncating training datasets,
assigning weight to different datapoints, k-value optimization, and enhancing distance
calculations [52]

After applying KNN é ® 2
°%0 ] %
@ 0 e o
Iz e o @ Class 2
« .\ ® Class 2 E "
> g ] < T
® 0 Newdata pan ~ ° New data point
® ... ® o assigned to class 1
® 0 (st ® e =
® _ .. @ Class1
X-axis X-axis

Fig; KNN- Identifying nearest neighbors in feature space
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In feature space, it easily predicts the common data point under the class that is close to it. It
shows greater importance in solving classification and regression problems of noise levels
and performs computation of training data set during prediction.

3.6.6 Artificial Neural Network(ANN):

ANN is a branch of Deep Neural Network(Deep Learning algorithm) which makes the
prediction about functioning of human brain. ANN and human brain significantally differ
from one another as machine only have certain number of processors, whereas brain possess
‘n’ number of parallel neurons[43]. ANN predicts a function coupled to multiple outputs,
inspired by biological neural networks that are made up of a vast network of interconnected
neurons. These connections are weighted according to knowledge of prior experience,
making it an adaptable network along with learning ability[53].

It represents a parallel design which is influenced by the functioning of biological neural network.
Despite the presence of many of numerous ANN design variants, the widely used architecture
is MLP(Multilayer feed-forward neural network)[51]. This neural network is made up of
three distinct layers: input, hidden and output. A significant number of input nodes
contributes to individual layer. Typically, the elements in the dataset are used to define these
values. A neuron is integrated into the input layer for every value of dataset. Output layer is
used to illustrate the disease classification, by applying trial and error method to the hidden
layer’s neuronal count[54].

Input layer Output layer

Hidden layer

Fig; Workflow of ANN
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3.7 Model Optimization:

Hyperparameters are assigned through training to determine the model construction and are
adjusted to obtain the best performance among all the models. There are two ways namely
grid search or random search that are used for tuning followed by parameter selection to

reduce the model error. This method is quite expensive as it involves computational power
and the use of complex dataset[55].

There is another way to evalute model’s performance by performing cross-validation that
helps to reduce the overfitting problems produced by an imbalance in dataset.

3.8 Model Evaluation:

Machine learning algorithm usually works in two main steps when dealing with data. First,
we split the dataset— about 80% is employed for model training so it can recognizes the
patterns, and remaining 20% is saved for testing how well a model performs on new, unseen
data.

To assess how well the model performed, several commonly used evaluation metrics were
optimized i.e. accuracy, precision, recall, and Fl-score. In this context, TP stands for true
positives, FP examines false positives, TN stands for true negatives, and FN refers to false
negatives.

i) Accuracy: reflects the model’s overall correctness by estimating the proportion of total
predictions it got right:

TP + TN
TP + TN + FP + FN

ii) Precision: shows the number of the instances the model identified as being positive were
actually accurate:

TP
TP + FP

iii) Recall (or sensitivity): focuses on the algorithm’s ability to recognize actual positive

cases, showing how many true positives it captured:
TP

TP + FN
iv) F1 Score: offers an optimal value between precision and recall, especially valuable when

both types of classification errors — false positives and false negatives — are important to
minimize.

2 X Precision x Recall

Precision + Recall
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CHAPTER 4:
RESULTS AND DISCUSSION

4.1 Results and Evaluation of Machine Learning Algorithms

Before the Implementation of ML models, Exploratory Data Analysis(EDA) is performed to
recognize the patterns and variations in the voice dataset. Correlation analysis among the
dependent and independent variables is performed to find the strong correlation among them
and by recognizing the feature distribution to estimate the severity of disease.

This section examines the results of various ML models by comparing them with one another
by using various performance metrics. The optimization of each model is done by using
accuracy, precision, recall, and F1 score, along with a confusion matrix that helps in
determining variation between classification values.

Using various Classification ML models on the voice dataset provides actual healthcare

solutions. The result of each model is shown below along with the corresponding confusion
matrix.

4.1.1 Naive Bayes Algorithm:

from sklearn.naive_bayes import GaussianNB

nb = GaussianNB()
nb.fit(X_train_scaled, y_train)
y_pred_nb = nb.predict(X_test_scaled)

print("Naive Bayes Accuracy:", accuracy_score(y_test, y_pred nb))
print("Classification Report:\n", classification_report(y_test, y_pred_nb))
confusionMatrixDisplay.from_estimator(nb, X_test_scaled, y_test)
plt.title("Naive Bayes Confusion Matrix")

plt.shou()

Naive Bayes Accuracy: ©.8366686170598911
Classification Report:

precision recall fl-score  support

e 8.55 0.96 e.7e 441

1 e.99 9.80 ©.89 1763

accuracy 6.84 2204
macro avg e.77 9.88 8.79 2204
weighted avg 8.90 0.84 0.85 2204

Naive Bayes Confusion Matrix

1400

1200

1000

800

True label

600

400

200

Predicted label

Fig: Naive Bayes Result




4.1.2 Logistic Regression:
from sklearn.linear_model import LogisticRegression

Ir = LogisticRegression()
lr.fit(X_train_scaled, y_train)
y_pred 1lr = lr.predict(X test scaled)

print("Logistic Regression Accuracy:", accuracy score(y test, y pred 1lr))
print("Classification Report:\n", classification_report(y test, y pred lr))
ConfusionMatrixDisplay.from_estimator(lr, X_test_scaled, y_test)
plt.title("Logistic Regression Confusion Matrix")

plt.show()

Logistic Regression Accuracy: ©.9972776769589982
Classification Report:

precision recall fl-score support

%] 1.80 8.99 @.99 441

1 1.090 1.60 1.00 1763

accuracy 1.80 2204
macro avg 1.00 8.99 1.80 2204
weighted avg 1.88 1.68 1.66 2204

Logistic Regression Confusion Matrix
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1400

1200
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800

True label

600

400

200

Predicted label

Fig; Logistic Regression Result
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4.1.3 Randon Forest Classifier:

from sklearn.ensemble import RandomForestClassifier

rf = RandomForestClassifier()
rf.fit(X_train_scaled, y_train)
y_pred_rf = rf.predict(X_test_scaled)

print("Random Forest Accuracy:", accuracy score(y test, y pred rf))
print("Classification Report:\n", classification report(y test, y pred rf))
ConfusionMatrixDisplay.from estimator{rf, X test scaled, y test)
plt.title("Random Forest Confusion Matrix")

plt.show()

Random Forest Accuracy: 1.8
Classification Report:

precision recall fl-score support

a 1.e0 1.00 1.ee 849

1 1.e8 1.088 1.80 3928

accuracy 1.00 4769
macro avg 1.e0 1.00 1.e0 4769
weighted avg 1.08 1.088 1.ee 4769

Random Forest Confusion Matrix
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True label
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1000

500

Predicted label

Fig Random Forest Result
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4.1.4 XG Boost:

from xgboost import XGBClassifier

xgb = XGBClassifier(use label encoder=False, eval metric='logloss')
xgb.fit(X train_scaled, y train)
y_pred xgb = xgb.predict(X test scaled)

print("XGBoost Accuracy:", accuracy_score(y test, y pred xgb))
print("Classification Report:\n", classification_report(y_test, y_pred_xgb))
ConfusionMatrixDisplay.from_estimator(xgh, X_test_scaled, y_test)
plt.title("XGBoost Confusion Matrix")

plt.show()

XGBoost Accuracy: 1.0
Classification Report:

precision recall fl-score support

e 1.00 1.80 1.0 441

1 1.00 1.00 1.e0 1763

accuracy 1.0 2204
macro avg 1.00 1.0 1.ee 2284
weighted avg 1.00 1.00 1.00 2204

XGBoost Confusion Matrix
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Predicted label

FIG : XG Boost Result
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4.1.5 K-Nearest Neighbor:

from sklearn.neighbors import KNeighborsClassifier

knn = KNeighborsClassifier()
knn.fit(X train_scaled, y_train)
y_pred knn = knn.predict(X test scaled)

print("KNN Accuracy:", accuracy score(y test, y pred knn))
print("Classification Report:\n", classification report(y test, y pred knn))
ConfusionMatrixDisplay.from estimator(knn, X test scaled, y test)
plt.title("KNN Confusion Matrix")

plt.show()

KNN Accuracy: 1.8
Classification Report:

precision recall fl-score support

%] 1.00 1.00 1.8 441

1 1.00 1.00 1.0 1763

accuracy 1.0 2204
macro avg 1.08 1.60 1.0 2204
weighted avg 1.608 1.66 1.60 2284
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Fig; Result of KNN
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4.1.6 Artificial Neural Network (ANN):

# Import libraries

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import accuracy score, classification_report, confusion_matrix
import matplotlib.pyplot as plt

import seaborn as sns

# Tensorflow / Keras
from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

X_train, X _test, y_train, y_test = train_test_split(X, y, test_size=6.2, random_state=42)

# Scale features

scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)

# Build ANN model

model = Sequential()

model .add(Dense(units=64, activation='relu', input_dim=X_train_scaled.shape[1]))
model.add(Dense(units=32, activation='relu'))

model .add(Dense(units=1, activationz'sigmoid')}) # Use softmax for multi-class

# Compile model

model .compile{optimizer='adam', loss='binary crossentropy', metrics=['accuracy']}

# Train model

history = model.fit(X train_scaled, y_train, epochs=58, batch_size=32, validation_split=0.2, verbose=z1)

# Predict
v_pred_prob = model.predict{(X test_ scaled)
v _pred = (v _pred_prob > B8.5).astype(int).flatten()

# Evaluate

print("Accuracy:", accuracy_score(y_test, vy pred))

print("Classification Report:\n", classification_report(y test, ¥y pred))
print("Confusion Matrix:\n", confusion_matrix{y test, y_pred))

# Plot confusion matrix

sns.heatmap(confusion_matrix(y test, v pred), annot=True, fmt='d', cmap="Blues')
plt_title("ANN Confusion Matrix"™)

plt _xlabel{"Predicted"™)

plt _ylabel{"Actual™)

plt.show()

Epoch 1/50

2217221 —————————————— 2= 3ms/step - accuracy: ©.8532 - loss: ©.3351 - val_accuracy: ©.9875 - val_loss: ©.8514

Epoch 2/50

221/221 ———————————— 1s 2ms/step - accuracy: 8.9959 - loss: 0.0389 - val_accuracy: 1.0008 - val loss: ©.0082

Epoch 3/50

221221 — 1= 2ms/step - accuracy: 1.0080 - loss: ©.8859 - val _accuracy: 1.0000 - val_loss: ©.8826

Epoch 4/50

2217221 —————————————— 1= 3ms/step - accuracy: 1.8080 - loss: 0.8821 - val _accuracy: 1.0000 - val_loss: ©.8012

Epoch 5/50

221/221 ———————————— 1s 2ms/step - accuracy: 1.0000 - loss: 9.6201e-04 - val_accuracy: 1.0000 - val loss: 7.0183e-04
Epoch 6/50

2217221 ———————————— 1s 3ms/step - accuracy: 1.8080 - loss: 5.9557e-84 - val_accuracy: 1.0008 - val_loss: 4.4634e-04
Epoch 7/50

2217221 —————————————— 1s 2ms/step - accuracy: 1.8080 - loss: 3.9763e-84 - val_accuracy: 1.0008 - val_loss: 3.8357e-04
Epoch 8/50

221/221 —————————————— 1s 2ms/step - accuracy: 1.8080 - loss: 2.9830e-84 - val_accuracy: 1.0800 - val loss: 2.1909e-04
Epoch 9/50

2217221 ———————————— 1s 3ms/step - accuracy: 1.8080 - loss: 1.8590e-84 - val_accuracy: 1.0008 - val loss: 1.6682e-04
Epoch 10/5@

221/221 ————————————— 1= 3ms/step - accuracy: 1.8080 - loss: 1.5013e-84 - val_accuracy: 1.0808 - val_loss: 1.2442e-04
Epoch 11/50@

221/221 ——————————————— 1s 2ms/step - accuracy: 1.8000 - loss: 1.1573e-84 - val_accuracy: 1.0800 - val loss: 9.7921e-85
Epoch 12/5@

221/221 ——————————————— 1s 3ms/step - accuracy: 1.0000 - loss: 8.3584e-85 - val_accuracy: 1.8800 - val_loss: 7.7994e-85

Epoch 13/5@




Epoch 13/50
2217221
Epoch 14/50
2217221
Epoch 15/5@
2217221
Epoch 16/5@
2217221
Epoch 17/5@
2217221
Epoch 18/5@
2217221

Epoch 13/5@
221/221
Epoch 20/50
2217221
Epoch 21/50
221/221
Epoch 22/50
2217221
Epoch 23/50
221/221
Epoch 24/50
2217221
Epoch 25/50
2217221
Epoch 26/50
221/221
Epoch 27/5@
2217221
Epoch 28/58
2217221
Epoch 29/50
221/221
Epoch 30/5@
221/221

1s 3ms/step - accuracy: 1.0000 - loss: 7.1389e-05 - val_accuracy: 1.0
1s 2ms/step - accuracy: 1.0000 - loss: 5.6629e-05 - val_accuracy: 1.08e@
1s 2ms/step - accuracy: 1.0000 - loss: 4.6448e-05 - val_accuracy: 1.0000
1s 3ms/step - accuracy: 1.8000 - loss: 3.8496e-05 - val_accuracy: 1.0800
1s 3ms/step - accuracy: 1.0000 - loss: 3.2390e-05 - val_accuracy: 1.0000

1s 3ms/step - accuracy: 1.0000 - loss: 2.6440e-05 - val_accuracy: 1.0000

1s 3ms/step - accuracy: 1.880@ - loss: 2.8979e-85 - val_accuracy: 1.000@
@s 2ms/step - accuracy: 1.0800 - loss: 1.8998e-85 - val_accuracy: 1.0000
@s 2ms/step - accuracy: 1.888@ - loss: 1.5885e-85 - val accuracy: 1.000@
1s 3ms/step - accuracy: 1.0808 - loss: 1.3146e-85 - val accuracy: 1.0000
1s 2ms/step - accuracy: 1.000@ - loss: 1.1998e-85 - val accuracy: 1.000@
1s 2ms/step - accuracy: 1.8000 - loss: 1.8008e-85 - val_accuracy: 1.0000

@s 2ms/step - accuracy: 1.0880 - loss: 8.3208e-86 - val_accuracy: 1.0000
1s 3ms/step - accuracy: 1.8000 - loss: 7.5947e-86 - val_accuracy: 1.0000
1s 3ms/step - accuracy: 1.00008 - loss: 6.5025e-86 - val accuracy: 1.0000
1s 2ms/step - accuracy: 1.880@ - loss: 5.6250e-86 - val_accuracy: 1.0000
©@s 2ms/step - accuracy: 1.0000 - loss: 5.1478e-86 - val_accuracy: 1.0000

1s 2ms/step - accuracy: 1.880@ - loss: 3.9204e-86 - val_accuracy: 1.000@

Accuracy: 1.8
Classification Report:

precision recall fl-score

e 1.9 1.9 1.2

i 1.9 1.9 1.2

accuracy 1.2
macro avg 1.9a 1.9 1.2
weighted awvg 1.9 1.9 1.ee

Confusion Matrix:
[[ aa1 e]
L e 176371

ANN Confusion Matrix

1600
1400
1200

1000

Actual

- 800

- 600

- 400

- 200

Predicted

Fig ANN Result

val_loss: 6.4124e-85
val_loss: 5.173%e-@5
val_loss: 4.1958e-05
val_loss: 3.4738e-85
val_loss: 2.9067e-05

val_loss: 2.4556e-05

]

val_loss: 2.1188e-85

=

val_loss: 1.7978e-05

[

val loss: 1.4983e-85

=

val_loss: 1.2881le-05

=

val loss: 1.188@e-85

w0

val_loss: 9.4824e-06

©0

val_loss: 8.2317e-06

~

val_loss: 7.18@3e-06

o

val_loss: 6.1833e-06

v

val_loss: 5.38@0e-06

IS

val_loss: 4.7876e-06

IS

val_loss: 4.1265e-06

support

a4
1763

2204
2204
2204

Table : Comparison of different Classification ML algorithms
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Metric | Naive Bayes Logisitc Random Forest XG KNN | ANN
Regression boost
Accuracy 83.67% 92% 95% 96% 95% | 97%
Precision 0.98 0.99 1.0 1.0 1.0 1.0
Recall 0.80 1.0 1.0 1.0 1.0 1.0
F1 score 0.88 0.99 1.0 1.0 1.0 1.0

import matplotlib.pyplot as plt

models = ['Logistic', 'RF",
accuracies = [0.92, 0.95, 98.96, B.97]

"XGBoost', 'ANN']

plt.bar(models, accuracies, colorz='skyblue')
plt.ylabel("Accuracy")
plt.title("Model Comparison™)

plt.show()

Model Comparison

1.0 1

0.8

0.6

Accuracy

0.4

0.2

0.0 -

Among the different ML model tested, ANN achieved the highest accuracy on the UPDRS

Logistic

XGBoost

Fig; Comparison of Different ML models
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dataset, around 97%, followed by XG Boost with 96%. These results suggests that advanced

ML models under classification algorithm are particularly effective in determining distinct

patterns within complex datasets, and are used to predict PD detection and progression.
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CHAPTER 5:
CONCLUSION

Voice features are one of the parameters that help in the diagnosis of PD by determining the

disease severity. In this given study, we have applied several ML algorithms on the acoustic
features extracted from the Clinical Parkinson’s Dataset, to evaluate their performance in the
identification of Parkinson’s disorder.

Among all the tested model, ANN emerged as the most effective algorithm, with an accuracy
of 97%, followed by the XG Boost performance of around 96%. This determines that the
ANN model which is a deep learning approach is highly effective in handling the complex
PD dataset. The comparative results of different ML models revealed that the both KNN and
Random-forest classifier achieved an accuracy of 95%. This exhibits closely related metric
values among tested algorithms that shows the reliability of acoustic features in detection of
PD. A specialized architecture is followed in order to implement the classification models that
requires a proper processing of raw data followed by feature selection. As a result, speech
recordings are considered as robust and non-invasive diagnostic approach in monitoring
neurodegenerative disorders.

This study emphasizes the future scope by integration of various data attributes such as gait
and handwritten pattern in order to examine the accurate prediction of the Parkinson’s disease.
This multimodal solution improves the patient monitoring in healthcare sectors.

Although there are certain challenges of existing clinical methods like diagnosis at advanced
level, data privacy, and limited scalability etc, that need to be addressed by implementing
these ML algorithms to result in a cost-effective treatment.
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Our model only processes qualifying text in the form of long-form writing. Long-form writing means individual sentences contained in paragraphs thatmake upa
longer piece of written work, such as an essay, adissertation, or an article, etc. Qualifying text that has been determined to be likely Al-generated will be
highlighted in cyan in the submission, and likely Al-generated and then likely Al-paraphrased will be highlighted purple.

Mon-qualifying text, such as bullet points, annotated bibliographies, ete., will not be processed and can create disparity between the submission highlights and the
percentage shown.
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