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Abstract — Parkinson’s disease is caused by the disruption of 

the brain cells that produce substances to allow brain cells to 

communicate with each other, called dopamine. The brain's 

dopamine-producing cells are what give movements control, 

adaptability, and fluidity. Parkinson's motor symptoms begin 

when 60 to 80% of these cells are destroyed because not 

enough dopamine is created. Researchers are working to find 

a way to identify the non-motor symptoms that arise early in 

the disease as early as possible in order to stop the disease's 

progression because it is believed that the disease starts many 

years before the motor (movement-related) symptoms. This 

research presents a Parkinson's disease diagnosis based on 

machine learning. Processes for feature selection and 

classification make up the suggested diagnosis technique. For 

the feature selection task, the Feature Importance and 

Recursive Feature Elimination approaches were taken into 

consideration. Parkinson's patients in the tests were 

categorized using KNN, Decision Tree, Random Forest, 

Naive Bayes, Linear Regression, Support Vector Machine, 

Gradient Boosting Classifier, AdaBoosting Classifier, and 

Neural Network. It was determined that Random Forest with 

recursive feature elimination outperformed the other 

techniques. In order to diagnose Parkinson's disease, the 

fewest possible vocal features yielded an 86.34% accuracy 

rate. 

Keywords: Parkinson's disease, Machine Learning Models, 

KNN 

I. INTRODUCTION 

Parkinson's disease is a neurodegenerative brain illness that 

progresses slowly[1]. The term "neurodegenerative" refers to 

the loss of brain cells. Dopamine is normally produced by 

brain cells in specific areas of the human brain. These cells 

are clustered in a region of the brain known as the substantia 

nigra. Dopamine is a neurotransmitter that communicates 

between the substantia nigra and other brain areas that control 

movement [1]. Dopamine enables humans to move in a 

smooth and harmonious manner. When 60-80% of dopamine-

producing cells are destroyed, not enough dopamine is 

created, and Parkinson's disease (PD) motor symptoms occur. 

 Although Parkinson's disease is primarily a 

movement illness, other deficits, such as depression and 

dementia, frequently arise. Later, autonomic abnormalities 

and discomfort may occur, and the disorder progresses to 

cause considerable disability and handicap, as well as a lower 

quality of life for the affected person. Indirectly, family and 

caretakers may be affected.  

 The enteric nervous system, lower brain stem, and 

olfactory tracts are the first to show signs of Parkinson's 

disease. Parkinson's disease extends from these regions to the 

higher sections of the brain, specifically the substantia nigra 

and the brain shell [1]. Non-motor and motor symptoms are 

the two forms of Parkinson's disease symptoms. Many people 

are aware of motor symptoms since they can be seen with the 

naked eye. The disease is thought to develop several years 

before motor symptoms such as loss or decrease of sense of 

smell, sleep difficulties and constipation, tremor and slowing 

of movement. Furthermore, 90% of Parkinson's disease 

patients have voice difficulties [2]. As a result, researchers 

are seeking strategies to identify these non-motor symptoms 

that arise early in the disease as soon as possible, in order to 

limit the disease's progression. 

 In this study, we attempt to apply several machine 

learning methods that can aid in enhancing model 

performance and also play an important part in making early 

predictions of PD, which will allow us to commence 

neuroprotective medications at the appropriate time. 

II. LITERATURE REVIEW 

Various studies have used various traits and data to predict 

Parkinson's disease. Indira et al. [3] employed human 

biomedical voice as the key characteristic. The authors 

created an algorithm that analyses patients' voices to predict 

whether or not they have Parkinson's disease. On the dataset, 

they employed fuzzy c-means (FCM) clustering and pattern 

recognition methods, achieving an accuracy of 68.04%, 

75.34% sensitivity, and 45.83% specificity. 

 Amit et al. [4]used the L2 norm metric in 

conjunction with the support vector machine to provide a 

novel way to identify Parkinson's disease patients based on 

their postural instability. 

 The authors of [5] used the University of 

Pennsylvania 40-item smell identification test (UPSIT-40) 

and the Sniffins Sticks 16-item identification test. This 

investigation was carried out on the Brazilian population. The 

authors used logistic regression to account for each of the 

aforementioned characteristics separately. They discovered 

that the Sniffin Sticks had an 89.0% specificity and an 81.1% 

sensitivity. Similarly, they discovered that the UPSIT-40 

specificity was 83.5% and the sensitivity was 82.1%. 

Prashant et al. 

 [6] employed the 40-item UPSIT olfactory loss 

feature loss and the Rapid eye movement sleep Behaviour 

Disorder Screening Questionnaire (RBDSQ) to assess sleep 

behaviour disorder. To train their approaches, they used 

support vector machine and classification tree methods. They 

reported an accuracy of 85.48% and a sensitivity of 90.55%. 

The same authors expanded on this work in [7]. CSF 

measurements and SPECT imaging markers were added as 

novel elements in this paper. They reported 96.40% accuracy 

and 97.03% sensitivity. This publication has inspired us to 

continue our research. The current paper tries to improve 

accuracy by employing advanced machine-learning models. 

Some modern machine learning algorithms were chosen for 

prediction, and their performance was compared using 

accuracy, area under the ROC curve, and other metrics. 
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III. RESEARCH METHODOLOGY 

A. Database 

This dataset is collected from UCI Machine Learning 

Repository through the following link[5]: 

https://archive.ics.uci.edu/ml/datasets/Parkinson%27s+Disea

se+Classification# 

 The data[5] for this study were acquired from 188 

individuals with Parkinson's disease (107 men and 81 

women) ranging in age from 33 to 87 (65.110.9) at the 

Department of Neurology at Istanbul University's Cerrahpaa 

Faculty of Medicine. The control group comprises of 64 

healthy people (23 males and 41 women) ranging in age from 

41 to 82 (61.18). The microphone was adjusted to 44.1 KHz 

during the data collection process, and after the physician's 

examination, the sustained phonation of the vowel /a/ was 

gathered from each participant three times.   

B. Machine Learning Methods 

1) k-Nearest Neighbour Classifier (K-NN) 

k-Nearest neighbour classification [8] is based on learning 

analogy, which involves comparing a given test tuple with 

comparable training tuples. Each tuple represents an n-

dimensional point. An n-dimensional pattern space is used to 

store any training tuples. It is a tuple-based classifier that can 

simply find the closest neighbour in tuple space and label the 

unknown tuple with the same class label as the known 

neighbour. The k-nearest neighbour classifier traverses the 

pattern space in search of the k-training tuple that is closest 

to the unknown tuple. These training tuples represent the 

unknown tuple's k-nearest neighbour classifier. Any distance 

metric, such as Euclidean distance, can be used to determine 

closeness.  

 Distance-based comparisons, such as nearest 

neighbour classifiers, assign equal weight to each attribute. 

As a result, if there is a noisy or irrelevant property, they may 

suffer from poor accuracy. 

2) Decision tree 

A Decision Tree is a machine-learning model that uses a tree-

like structure to make decisions. It breaks down a dataset into 

subsets based on features and predicts outcomes for new data 

points by following a path from the root node to a leaf node, 

where each node represents a decision based on a specific 

feature. Decision Trees are used for both classification and 

regression tasks, offering interpretability and ease of 

visualization. 

3) Random Forest 

Leo Breiman's (2001) random forest classifier [8]is an 

ensemble of decision tree-based classifiers. Each tree is built 

using a bootstrap sample from the data and a candidate set of 

features chosen at random. It builds trees using both bagging 

and random variable selection. 

 Once the forest has been constructed, test examples 

are percolated down each tree, and the trees forecast their 

appropriate class. A random forest's error rate is determined 

by the strength of each tree and the correlation between any 

two trees. It can be used to naturally order the relevance of 

variables in a regression or classification task. 

4) Naive Bayes 

Naive Bayesian classification is so named because it 

presupposes class condition independence. That is, the effect 

of an attribute value of a given class is independent of the 

values of the other attributes. This assumption is made to 

decrease computational costs and is hence deemed naive.A 

Naive Bayesian model is simple to construct, with no 

expensive iterative parameter estimates, making it 

particularly effective for very big datasets.  

5) Logistic Regression 

Logistic Regression is a machine learning algorithm used for 

predicting a continuous outcome based on one or more input 

features. It assumes a linear relationship between the features 

and the target variable, finding the best-fitting line to 

minimize the difference between predicted and actual values. 

The model's simplicity and interpretability make it widely 

applied in tasks like predicting sales, housing prices, and 

more. 

6) Support Vector Machine (SVM) 

Based on recent breakthroughs in statistical learning theory, 

the Support Vector Machine [8]is a new-generation learning 

system. It is a linear and non-linear data algorithm. 

 It transforms the original data into a higher 

dimension, from which it can create a hyperplane for data 

separation using support vectors, which are crucial training 

tuples. A SVM is a discriminative classifier that is officially 

described by a separating hyperplane. In other words, given 

labelled training data, a Support vector machine builds a 

hyperplane or group of hyperplanes in a high or infinite-

dimensional space that can be used for classification, 

regression, or other tasks. Intuitively, a successful separation 

is obtained by the hyperplane with the greatest distance to the 

nearest training data point of any class, known as the 

functional margin, because the wider the margin, the smaller 

the classifier's generalisation error.  

7) Gradient Boosting Classifier 

Gradient Boosting Classifier is a machine learning model that 

belongs to the ensemble learning family. It combines the 

predictions of multiple weak learners, usually decision trees, 

to create a strong predictive model. It builds trees 

sequentially, with each new tree correcting the errors of the 

previous ones. The model minimizes the loss function by 

adjusting the weights of the individual trees. Gradient 

Boosting is known for its high predictive accuracy and is used 

in various classification tasks. 

8) AdaBoost Classifier 

AdaBoost (Adaptive Boosting) Classifier is a machine 

learning model that belongs to the ensemble learning family. 

It combines the predictions of multiple weak learners (often 

decision trees) to create a robust and accurate model. 

AdaBoost assigns weights to each data point, emphasising the 

misclassified points in subsequent iterations. Weak learners 

are trained sequentially, and each learner focuses on the 

mistakes made by the previous ones. The final prediction is a 

weighted combination of the weak learners' outputs. 

AdaBoost is effective in improving model performance and 

is commonly used for classification tasks. 

9) Neural Network 

A neural network is a machine-learning model inspired by the 

human brain's structure and functioning. It consists of 

interconnected nodes organised into layers, including an 

input layer, one or more hidden layers, and an output layer. 

Neural networks learn by adjusting the weights on 

connections between nodes during training, enabling them to 

https://archive.ics.uci.edu/ml/datasets/Parkinson%27s+Disease+Classification
https://archive.ics.uci.edu/ml/datasets/Parkinson%27s+Disease+Classification
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capture complex patterns and relationships in data. They are 

versatile and used for various tasks, including classification, 

regression, and pattern recognition. Deep neural networks, 

with multiple hidden layers, are known as deep learning 

models. 

IV. RESULT 

Here we present the results achieved by the 9 different 

machine learning methods. Based on the data, we select the 

best configuration of each classifier. 

 Below each figure shows the confusion matrix of 

different machine-learning models. 

A. Confusion Matrix of 9 Classifiers 

1) k-Nearest neighbour classifier Confusion Matrix 

 
Fig. 1: k-Nearest neighbour classifier Confusion Matrix 

2) Decision tree Confusion Matrix 

 
Fig. 2: Decision Tree Confusion Matrix 

3) Random Forest 

 
Fig. 3: Random Forest confusion Matrix 

4) Navie Bayes Confusion matrix 

 
Fig. 4: Navie Bayes Confusion matrix 
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5) Linear regression Confusion Matrix 

 
Fig. 5: Linear regression Confusion Matrix 

6) Support Vector Machine (SVM) Confusion Matrix 

 
Fig. 6: Support Vector Machine (SVM) Confusion Matrix 

7) Gradient Boosting Classifier Confusion Matrix 

 
Fig. 7: Gradient Boosting Classifier Confusion Matrix 

8) AdaBoost Classifier Confusion Matrix 

 
Fig. 8: AdaBoost Classifier Confusion Matrix 

9) Neural Network Confusion Matrix 

 
Fig. 9: Neural Network Confusion Matrix 

B. Accuracy 

As mentioned before after setting up the experiments and 

training the models on the dataset the following are the 

results: 
Model Accuracy Precision Recall F1 score 

KNN 0.806167 0.704282 0.656017 0.676017 

Decision Tree 0.792952 0.690495 0.693378 0.691906 

Random Forest 0.863436 0.809602 0.753317 0.775642 

Naïve Bayes 0.823789 0.735457 0.712931 0.722833 

LR 0.823789 0.749809 0.651944 0.677098 

SVM 0.779736 0.643333 0.494413 0.438119 

Gradient 

boosting 
classifier 

0.841410 0.762731 0.754597 0.758511 

AdaBoosting 

Classifier 
0.838109 0.742308 0.730971 0.736306 

ANN 0.770925 0.594341 0.519320 0.500677 

Table 1: Classification Report 

 Table 1 shows the classification report of all the 

models, the table displays the Accuracy, Precision, and 
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Recall, F1 Score of all the models, calculated using the test 

data that was split at the beginning of the experiment. 

C. ROC Curve 

The Receiver Operating Characteristic curve, or ROC curve, 

is a graphic depiction of how well a classification model 

performs at different categorization criteria. The True 

Positive Rate (TPR) and False Positive Rate (FPR) are two 

crucial characteristics that are highlighted in this graph. The 

ROC curve illustrates the trade-off between correctly 

identified positive examples and incorrectly identified 

negative instances as the classification threshold is changed. 

In essence, it gives a thorough picture of the model's ability 

to distinguish between classes, showing how threshold 

tweaks affect both True Positives and False Positives. In 

plainer terms, it's a useful technique for assessing a 

classification model's performance across a range of decision 

criteria. 

 
Fig. 4: ROC curve of Top 9 Classifiers 

V. DISCUSSION 

A. Advantage of Using Machine Learning Models for 

Parkinson's disease 

Using machine learning models for Parkinson's disease 

provides advantages such as early detection of subtle 

changes, precise and personalized insights, and improved 

diagnostic accuracy by integrating diverse datasets. 

Continuous monitoring through wearable devices allows a 

dynamic understanding of disease progression, and predictive 

analytics enable proactive intervention planning. These 

models efficiently process large datasets, uncover hidden 

patterns, and offer objective decision support to clinicians. In 

research, machine learning contributes to the identification of 

novel biomarkers and insights. Overall, these models 

optimize resource allocation and enhance the management of 

Parkinson's disease by providing a nuanced and effective 

approach. 

B. Limitation: 

Machine learning models in Parkinson's disease research face 

challenges due to limited access to diverse datasets, small 

sample sizes, and ethical concerns regarding privacy and 

consent. The complexity of these models often results in 

interpretability issues for clinicians. The scarcity of 

longitudinal data, the imbalance in class distribution, and the 

heterogeneity of symptoms pose additional limitations. 

Clinical variability and the difficulty in achieving validation 

and generalization across diverse populations further 

constrain the reliability of these models. Additionally, 

capturing the temporal dynamics of Parkinson's disease 

remains a challenge, impacting the accuracy of predictions. 

Addressing these limitations requires concerted efforts in data 

collection, model refinement, and ethical considerations. 

C. Future Study: 

When dealing with a limited amount of data, it can be helpful 

to use pre-trained models on datasets to improve model 

performance. Future studies in Parkinson's disease with 

machine learning can focus on predictive models for early 

detection using diverse data sources. Integrating multi-modal 

data, including genetic, imaging, and clinical information, 

can enhance model accuracy. Longitudinal studies and 

models tracking symptom changes over time can aid in 

predicting disease progression. Research on ethical 

considerations ensures the responsible deployment of 

machine learning models in Parkinson's disease diagnosis and 

management. To create safe and effective diagnostic tools, 

researchers, healthcare professionals, and regulatory bodies 

must collaborate and ensure compliance with medical 

standards and guidelines. We also aim to train our models on 

datasets with more sample of voice notes, to increase their 

efficiency and accuracy. 

VI. CONCLUSION 

The diagnosis of Parkinson's Disease is not straightforward, 

which means that a single test, such as a blood test or an ECG, 

cannot identify whether or not a person has the disease. 

 Doctors review a patient's medical history before 

doing a complete neurological examination. They identify at 

least two cardinal symptoms in the participants and then 

determine if the subject has Parkinson's disease. Because 

there is no conclusive test for Parkinson's disease, the 

misdiagnosis rate is high. In such a circumstance, we can 

support the doctor by offering a machine-learning model. 

 Based on these relevant traits, prediction models are 

created using machine learning techniques such as boosted 

logistic regression, classification trees, Bayes Net, and 

multilayer perceptron. It has been seen that the performance 

has improved. 

 These findings urge us to experiment with additional 

ensemble learning strategies. This research is critical for 

doing a comparative examination of various machine learning 

methods. Finally, these models can give nuclear professionals 

support in making better and more accurate decisions and 

clinical diagnoses. It is also discovered that the proposed 

method is totally automated and provides increased 

performance, making it suitable for real-world applications 

selecting models tailored to the nature of the sentiment 

analysis task, with LSTM standing out as a robust contender 

for tasks demanding a fine-grained comprehension of 

language nuances and sentiment subtleties. As we navigate 

the ever-evolving landscape of sentiment analysis, our 

research underscores the significance of leveraging both 

traditional and advanced techniques, fostering a harmonious 

synergy between the strengths of Machine Learning and the 

nuanced capabilities of Deep Learning models. 
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