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Parkinson's disease (PD) is a dynamic neurodegenerative disorder. To understand Parkinson's disease (PD), biomarkers obtained 

from human voice can provide knowledge into the sickness cycle itself. Because Parkinson's disease is difficult to diagnose, 

doctors have relied on abstract rating scales to focus on certain symptoms while ignoring others. Because Parkinson's disease 

causes a loss of engine control, the voice can be used to identify and analyse the disease. Considering technological advancements 

and the widespread use of sound gathering devices in everyday life, solid models that can convert sound data into a diagnostic 

tool for medical professionals may result in more affordable and precise analysis. This paper provides evidence based on a voice 

dataset collected from people with and without Parkinson's disease. Our precision on previously concealed information can be 

determined by fostering all calculations dependent on our precision. Using random woods and xgboost models, we could achieve 

a precision of nearly 95%. 
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INTRODUCTION 

In individuals more than 60 years old, Parkinson's 

sickness (PD) is perhaps the most widely recognized 

neurodegenerative disease.  It is estimated that nearly 

30% of the population is affected by this incurable 

disease. Parkinson's disease is primarily instigated by 

an accumulation of protein molecules in the neuron, 

which results in the misfolding of the protein and the 

development of Parkinson's disease. Parkinson's disease 

can be detected using an effective methodology, 

according to the findings of this research work. The 

results of different classification algorithms in machine 

learning are compared and contrasted. By using AI 

draws near, we might have the option to distinguish 

pertinent components that are not as of now utilized in 

the clinical conclusion of Parkinson's sickness and 

depend on these elective measures to recognize 

Parkinson's illness in its preclinical stages or abnormal 

indications[1]. 

This paper investigates the viability of utilising 

regulated arrangement calculations, for example, AI, to 

precisely analyse patients. Based on the client's 

information, we can probably predict the onset of 

Parkinson's disease[2]. To do this, we will use AI 
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calculations like KNN, Logistic Regression, Random 

Forest, and the XGBoost model. 

 

STRUCTURE OF PAPER 

Section 1 describes introduction,Section 2 provides 

Literature survey, Section 3 presentes methodology, 

Section 4 gives results and discussions,Section 5 

concluded paper 

 

LITERATURE SURVEY: 

Over the period 1990 to 2016, the assessed 

worldwide populace influenced by Parkinson's illness 

dramatically increased (from 2.5 million to 6.1 million), 

attributable to an increment in the quantity of older 

individuals and an increment in age-normalized 

commonness rates (Dorsey et al., 2018). It influences 1–2 

individuals for every 1,000 individuals and has a 

pervasiveness pace of 1% in the populace more than 60 

years old (Tysnes and Storstein, 2017). It influences all 

parts of development, including arranging, 

commencement, and execution, and influences various 

parts of development (Contreras-Vidal and Stelmach, 

1995).  

Engine manifestations have been utilized to make 

the determination of Parkinson's illness[19,20]. In 

opposition to the foundation of cardinal indications of 

Parkinsonism (PD) in clinical appraisals, most of rating 

scales utilized in the evaluation of infection seriousness 

have not been completely assessed and approved 

(Jankovic, 2008). 

Parkinson's disease is a common problem in the 

USA, with 4.5–19 cases per 100,000 people each year[21]. 

Since this is an ongoing issue with a delayed start, the 

issue's pervasiveness is more significant than the 

recurrence of events. Uncommonness varies between 18 

and 328 per 100 000 people in Shanghai, China, and 328 

per 100 000 people in Mumbai, India, according to two 

studies[22,23] 

 

PROPOSED METHODOLOGY: 

Parkinson’s diseases are a neurological disorder that 

affects the brain. It causes the body to shake, as well as 

the hands, and causes the body to become stiff. At this 

advanced stage, there is currently no effective cure or 

treatment available. Treatment is only possible if it is 

started as soon as the disease manifests itself or when it 

is in its early stages. It is possible that one of these will 

not only reduce the cost of the disease, but will also save 

a life. 

   The Knn Method was utilised in the data 

classification process to detect the disease. KNN is a 

classification method that is used when there are 

insufficient facts for data distribution. This method is 

divided into two parts: To determine class type, you 

must first identify K close neighbours, and then 

determine the classes type using these near 

neighbor’s*3,4,5+. 

Using a variety of classifiers, et al conducted a 

comparative analysis to detect Parkinson's disease in 

patients. Support Vector Machine (SVM), Feedforward 

Back-Propagation Based Artificial Neural Network 

(FBANN), and Random Tree (RT) Classifiers Were Used 

To Differentiate Between Patients With Parkinson's 

Disease (PD) and Healthy Patients, and A Comparison 

Between Them Was Made. The UCI Machine Learning 

Repository  has been used in this research[10,11,12].  

  The following clinical methods are commonly used 

to diagnose Parkinson's disease. Magnetic resonance 

imaging (MRI) or computed tomography (CT) scan - 

Conventional MRI cannot detect early signs of 

Parkinson's disease. Using a PET scan, it is possible to 

determine the activity and function of brain regions that 

are involved in movement. It is possible to detect 

changes in brain chemistry, such as a decrease in 

dopamine, using a SPECT scan[8]. 

 

RESULTS AND DISCUSSIONS: 

Following the previous stage's determination of the 

best deep learning method and dataset, we use a variety 

of measurements to evaluate the models delivered by 

the 10-crease cross approval within the victor analysis. 

It is critical to grasp the disarray grid before moving on 

to the measurements[9,18]. 

A disarray framework is a network of disarray. A 

disarray framework is a table used to group issues for 

easier resolution. This table contains four numbers: the 

number of True up-sides (TP), True negatives (TN), 

False up-sides (FP), and False negatives (FN) (FN).           
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Fig 4: Confusion Matrix block diagram 

● In the case of an objective class where there are a 

significant number of instances of the objective class 

that are effectively named as being associated with 

the objective class, this is known as a genuine 

positive (TP). 

● In statistics, the number of occurrences that are 

effectively labelled as not belonging to the objective 

class and do not belong to the objective class in 

question is referred to as a genuine negative (TN). 

● If there are more occurrences of something that does 

not belong to the objective class but is mistakenly 

assigned to belong to the objective class, this is 

referred to as a bogus positive, and it is defined as 

follows: (FP). 

● The number of examples that belong to the objective 

class but are incorrectly delegated to a class that is 

unrelated to the objective class is referred to as the 

true negative (TN). 

Using the KNN model, we were able to achieve 94% 

accuracy, but this was not satisfactory. In second part 

we tried logistic regression in this case we got 93% but 

training time complexity is less compared to KNN. Next 

step we build Random forest model with best hyper 

parameter we got 95.8% accuracy. In final step we tried 

boosting concept XGBoost model in this model its 

almost gave same results there is no much differ[13]. 

We endeavored to choose the most significant and least 

number of components utilizing distinctive AI methods 

like KNN, Logistic Regression, and XGboost, with 

fluctuating levels of achievement. Irregular woodland 

outflanks any remaining calculations when contrasted 

with their exhibition[14,15,16]. 

 

 

   

Fig 5: Proposed system architecture 

 

Fig 6: KNN model confusion matrix 
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Fig 6: Logistic regression confusion matrix 

 

 

Fig 7: Random forest model confusion matrix 

 

 

 

Fig 8: XGBOOST model confusion matrix  

 

 

Fig 9: Results comparison table 

 

CONCLUSION AND FUTURE WORK:  

It is possible that the scope of the work will be expanded 

in the future to include the use of auto encoders to 

reduce the number of elements and concentrate the 

most important ones from the remaining components]. 

Furthermore, because the dataset used in this study is 

not particularly complex, the auto encoder did not 

perform particularly well on it; however, a more 

complex dataset would almost certainly produce better 

results. 
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