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Abstract—Parkinson disease is one of the dangerous disease
that causes mortality at advanced stage. It is estimated that
9.6 million people are affected through out the world. These
statistics dictate that this disease requires urgent attention which
causes failure of motor system in humans causing the mental and
physical disabilities. Therefore, In this work, machine learning
algorithms are employed to aid the practitioner in medical
diagnosis.

Index Terms—Parkinson Disease, Feature extraction, Machine
learning algorithms, Accuracy, Receiver operating character-
estics.

I. INTRODUCTION

Parkinson’s disease (PD) [1], or simply Parkinson’s is one
of the dangerous diseases affects the central nervous system
thereby affecting the patients’ movements. The people suffer-
ing with the disease increasing day by day. There are 9 million
Parkinson patients today compared with the 6 million in the
year 2016. The early symptoms of the disease are tremor,
rigidity, slowness of the movement, depression. In latter stages
the patients suffered with sleep and other related diseases. The
main problem with this disease is that the disease is not curable
at the advanced stage. Medical diagnosis at the early stage is
required to curb this dangerous disease.Machine learning is
a discipline of artificial intelligence that develops algorithms
with the capacity to generalize behaviors and recognize hidden
patterns in a large amount of data. Machine learning tech-
niques [2]- [4] widely used by the medical practitioners in the
diagnosis, assessment and treatment. Machine learning can aid
motor disorders medical practitioner to enhance the diagnostic
accuracy using non-invasive and inexpensive recordings. There
is also increase in demand of telemedicine applications. The
e-health system explores communication and internet facilities
that enable video consultation reducing the price of the outpa-
tient cost. Machine Algorithms recently used based on feature
extraction. After the feature extraction, the machine learning
algorithms are applied for the classification. In this we have
used OpenCV, Pandas and Scikit Learn for the classification
purpose in Anaconda IDE.

II. LITERATURE STUDY

There are many works on parkinson disease by analyzing
the speech [5]. It has been observed in the work of [6],

vocal disorders are found more in the early stage of Parkinson
disease. Therefore, the authors reduced the dimensional from
745 features to 8 to 20 features using Wrappers feature subset
selection. The accuracy of the method is around 94.7%. Ref.
[7] has proposed two neural network based models namely,
VGFR Spectrogram Detector and Voice Impairment Classifier
that help the doctors and people in diagnosing the disease
at the incipient stage. An extensive empirical evaluation of
Convolution Neural Networks (CNN) has been implemented
on large-scale image classification of gait signals converted to
spectrogram images and deep dense ANNs (Artificial Neural
Networks) on the voice recordings, to predict the disease.
The experimental results indicate that the proposed models
outperformed the existing state of the art methods in terms
of accuracy. The classification accuracy on VGFR Spectro-
gram Detector is recorded as 88.1Impairment Classifier has
shown 89.15 %. However changes in speech and articulation
is potentially the most significant bio-marker and shivering,
involuntary actions in the body, to much muscular pains and
many other. But in Ref. [8] extracted is focused on PD
diagnosis classification based on their speech signals using pat-
tern recognition methods -AdaBoost, Bagged trees, Quadratic
SVM and k-NN. The dataset investigated in the article consists
of 30 PD and 30 HC individuals’ voice measurements, with
each individual being represented with 2 recordings within the
dataset.

III. PROPOSED METHODOLOGIES

• Dataset : We have used in the proposed algorithm sound
voice recordings of Parkinsons dataset [13] available
in kaggle. The Dataset comprises of biomedical voice
measurements of 31 people, 23 suffering with the PD
and the remaining eight are the normal patients. All
these sound recordings are in .csv format where the
column represents a particular voice measure and each
row corresponds to 195 voice recording from the indi-
vidual(”name,”column”). The healthy is assigned ’0’ and
unhealthy suffering with PD assigned with ’1’. Some of
the parameters taken in the sound recording are Average
vocal fundamental frequency, Maximum vocal funda-
mental frequency, Maximum vocal frequency, jitter.This
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Fig. 1. Confusion matrix of Parkinson disease using XGBOOST
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Fig. 2. ROC curve of parkinson disease using XGBOOST

dataset is a balanced dataset contains almost same number
of positive and negative samples.

A. XGboost Algorithm

XGBoost Algorithm is a supervisor classification prob-
lem. The advantage of the XGBoost algorithm is that
it adds a regularization term to the objective function,
which prevents model over fitting during the training pro-
cess; XGBoost defines the loss function more accurately.
Based on these improvements. The core idea of XGBoost
algorithm is to form a split tree by continuously adding
decision trees and performing feature splitting. Each time
a new decision tree is added, a new function is learned
to fit the residuals of the previous round of predictions.
As the ensemble model of the decision tree, the predicted

Fig. 3. Confusion matrix of Parkinson disease using Bagging classifier
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Fig. 4. ROC of Parkinson disease using Bagging classifier

value of each of the t trees in the total number of trees
on the sample is used as the prediction of the sample in
the XGBoost system.

B. Bagging Classifier

Bagging classifiers are ensemble meta-estimators that fit
base classifiers to random subsets of the original dataset
and then aggregate their individual predictions (either
by voting or average) to generate a final prediction. By
integrating randomness into the construction technique
of a black-box estimator (e.g., a decision tree), such a
meta-estimator may often be used to lower the variance
of a black-box estimator (e.g., a decision tree). Each base
classifier is trained in parallel with a training set that
is formed by randomly selecting N examples (or data)



Fig. 5. Confusion matrix of Parkinson disease using Random Forest
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Fig. 6. ROC of Parkinson disease using Random Forest

from the original training dataset, with replacement –
where N is the size of the original training dataset. Each
base classifier’s training set is distinct from the others.
Many of the original data points will likely be repeated
in the resultant training set, while others will likely be
omitted.This classifier is proposed in the work of [14].

C. Random Forest

The RF classifier is the most commonly used approach
for bagging, which involves training many decision trees,
bootstrapping, and aggregation. Using different subsets of
accessible characteristics, numerous independent decision
trees are trained in parallel on various portions of the
training dataset. Bootstrapping ensures that each decision
tree in the random forest is unique, lowering the RF clas-
sifier’s total variance. RF classifier aggregates individual
tree decisions for the final decision; as an outcome, RF
classifier has strong generalisation. In terms of accuracy,
the RF classifier tends to beat most other classification
algorithms without the risk of overfitting. Feature scaling
is not needed for the RF classifier. It is more resistant

Fig. 7. Confusion matrix of parkinson disease using Adaboost classifier
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Fig. 8. ROC of Parkinson disease using Adaboost classifier

to sample selection and noise in the training dataset. In
comparison to the DT classifier, the RF classifier is more
difficult to read but easier to tweak the hyperparame-
ter.Ref. [12] has proposed Random Forest for genetic
association studies in ecology and evolution.

D. Adaboost Classifier

Ada-boost, or Adaptive Boosting, was introduced by
Yoav Freund and Robert Schapire in 1996 as an ensemble
boosting classifier. To improve classifier accuracy, it
combines multiple classifiers. AdaBoost is an iterative en-
semble creation methodology. By combining several low-
performing classifiers, the AdaBoost classifier builds a
powerful classifier with high accuracy. The main premise
of Adaboost is to train the data sample and establish the
weights of classifiers in each iteration so that accurate



Fig. 9. Confusion matrix of Parkinson disease using K-Nearest Neighbour
classifier
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Fig. 10. ROC of Parkinson disease using K-Nearest Neighbour classifier

predictions of unusual observations may be made. Ref.
[14] proposed the advance and prospects of Adaboost
algorithm.AdaBoost, in other words, can turn a weak
learning algorithm with somewhat higher accuracy than
random guessing into a strong learning algorithm with
arbitrarily high accuracy, offering a new method and
design idea to learning algorithm development.

E. K-Nearest Neighbours

The k-Nearest-Neighbors (kNN) approach is a basic but
useful classification method. The main disadvantages of
kNN are its low efficiency (being a lazy learning method
precludes it from being used in many applications like
dynamic web mining for a huge repository) and its
reliance on the selection of a ”good value” for k. In this

paper, we introduce a kNN-style classification algorithm
that aims to address these issues. Our method creates a
kNN model for the data, which then replaces the data as
the classification foundation. The value of k is determined
automatically, and it varies based on the data. It is best
in term of accuracy. The model’s structure eliminates
the model’s reliance on k and speeds up classification.To
evaluate our strategy, we ran experiments on some data
sets from the kaggle repository.

IV. SIMULATION RESULTS

The parkinson disease classification is performed by evalu-
ating the methods by using different classifiers by using XG-
Boost algorithm, Bagging Classifier, Random Forest, Adaboost
Classifier and K-Nearest Neighbours Classifier using receiver
operating curve and confusion matrix. As shown in Fig.1,we
got the AUC value is 0.9893617021276595 in the confusion
matrix and ROC for the XGboost classifier is depicted in the
Fig. 2 Compared to this as shown in Fig. 3 and Fig.4 the ROC
curve and confusion matrix is drawn for the Bagging classifier.
This classifier has obtained an accuracy of 0.90 which is lesser
than the xgboost classifier, we got ROC which drops from 0.18
and AUC is 0.9051418439716312.Relative to this as shown in
Fig. 5 and Fig.6 the ROC curve and confusion matrix is drawn
for the Random Forest classifier. Random forest has given
the accuracy of 0.95 which is quite lesser than the XGboost
classifier and higher than the bagging classifier, we got ROC
drops from 0.5 and AUC is 0.9370567375886525.Now,coming
to the Adaboost it has given the accuracy of 0.97 which is
higher than both Bagging and Random Forest classifiers but
slightly lesser than the XGboost classifier and we got the AUC
value 0.9476950354609928 and ROC which drops from 0.18.
This is observed from Fig. 7 and Fig.8. K-Nearest neighbour
classifier has the accuracy of 0.97 which is also highest but
quite lesser than the XGboost classifier we got AUC value is
0.9476950354609928 and ROC drops from 0.1 as shown in
Fig.9 and Fig.10.This algorithm is proposed in the following
Ref. [15]

V. CONCLUSIONS

Parkinson’s disease, one of the most serious diseases, must
be predicted and detected early in order for patients to be cured
of their suffering. In this paper, a model is proposed to analyse
diseases such as Parkinson’s disease using five classifiers that
are assessed using various Accuracy Measures. Simulations on
the Parkinson Dataset employing a variety of classifiers show
that XGboost outperforms the other classifiers. In the future,
the created simulation model could be extended to additional
conditions, allowing for the automation of work in chronic
diseases. Deep learning methods with transfer learning, such
as VGG-16, Inception, and Alex Net, will be available in the
near future, using weights on ImageNet 1000 classes.
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