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Abstract- Nowadays, many methods and algorithms have been developed that may influence the decision-making process 
and are used to extract meaningful information. One of the well know methods or approaches in information extraction is 
data mining. Data mining tries to establish the best model to support decision system, to extract information and to 
categorize, to summarize and etc. according to given data set. The Parkinson’s disease-related data obtained from UCI 
Machine Learning Database is used to try several data mining techniques and methods to see the successes of techniques 
regarding to diagnosis accuracy ratio to support the expert. So far, Parkinson’s disease can actually be diagnosed after 
medical examinations. However, diagnosis with computer has been the subject of many researches due to demand to help 
physician. In this study, a research is conducted using 16 different data mining techniques and methods to support the 
doctors in the decision-making process. The results of the applied methods for the study regarding to diagnosis accuracy 
ratesare as follows; IB1 (96.4103%), RotationForest (92.3077%) RandomForest (91.7949%), MultilayerPerceptron 
(90.7692%), ClassificationViaRegression (88.2051%), Bagging (87.6923%), JRip (87.6923%) SMO (87.1795%), OneR 
(86.1538%), NBTree (86.1538%), Dagging (85.6410%), DTNB (85.1282%), DecisionTable (81.0256%), J48 (80.5128%), 
BayesNet (80.0000%) and Naïve Bayes (69.2308%). 
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I. INTRODUCTION 
 
Parkinson's disease has been defined as "shaking 
palsy" with the alias name shaky stroke by British 
physician James Parkinson for the first time in 1817 
[1, 2]. Today, Parkinson’s disease, which is known by 
the name of the researcher and without its known 
paralysis characteristic in today’s sense, is the most 
important and most common type of Parkinsonism 
that should be recognized. The word “Parkinsonism” 
evokes a state known for its symptoms emerging with 
different reasons rather than a specific disease [2, 3]. 
 
Parkinson’s disease is a neurological disorder that 
causes the motor reflexes affecting the nervous 
system and behavioral and other vital functions such 
as speaking and thinking to partially or wholly lost. 
Nowadays, many studies about computer-aided 
diagnosis of Parkinson’s disease using artificial 
intelligence techniques are carried out due to the 
increasing technological advances. It has recently 
been seen in studies that specifically “dysphonia” 
removed from the audio recordings, which means the 
deterioration in the vocal cords caused by the disease, 
plays an important role in the diagnosis and the 
monitoring of the disease [2].  
Data mining is used as an information source to find 
unities, make classification, clustering and 
estimations by using information discovery systems 
which are the combination of data warehouses, 
artificial intelligence techniques and statistical 
methods [4]. 
Classification is a function or a model derived for 
determining the class of a data based on its features. 
To establish the model, a data set of states of which 

the results are known previously and values of factors 
related to these states are used as the training data. 
Also, a set of data outside the training data is defined 
as the testing data to be used to determine the 
accuracy of the model. A classification function or 
model is established by analyzing the relationship 
between the features and the classes of the training 
data. Such a classification function or model can be 
used to develop a better understanding the classes of 
the data in the database and to classify new data 
added to the cluster.  For instance, a classification 
model can be established which can determine a 
patient’s disease from the diagnosis data acting as the 
training data obtained from patients previously [5]. 
Numerous data mining techniques and methods are 
used on the Parkinson’s disease data obtained from 
UCI Machine Learning Database. In this study, 16 
different data mining techniques and methods have 
been tested on Parkinson’s disease data. 
 
II. LITERATURE SURVEY 
 
Previous studies including upper mentioned on the 
related dataset are summarized with the accuracy 
ratios in Table 1. 
 
Table 1: The Result Obtained In The Literature 
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III. MATERIAL AND METHOD 
 
3.1. Dataset 
The data for this study consist of 195 sustained vowel 
phonations from 31 male and female subjects, of 
which 23 were diagnosed with Parkinson's Disease 
(PD). The time since diagnoses ranged from 0 to 28 
years, and the ages of the subjects ranged from 46 to 
85 years (mean 65.8, standard deviation 9.8). 
Averages of six phonations were recorded from each 
subject, ranging from 1 to 36 s in length. See Table I 
for subject details. Fig. 1 [16] shows plots of two of 
these speech signals. The phonations were recorded 
in an Industrial Acoustics Company (IAC) sound-
treated booth using a head-mounted microphone 
(AKG C420) positioned at 8 cm from the lips. The 
microphone was calibrated as described in [17] using 
a class 1 sound-level meter (B&K 2238) placed 30 
cm from the speaker. The voice signals were recorded 
directly on computer using Computerized Speech 
Laboratory (CSL) 4300B hardware (Kay Elemetrics), 
sampled at 44.1 kHz, with 16-bit resolution. Although 
amplitude normalization affects the calibration of the 
samples, the study is focused on measures insensitive 
to changes in absolute speech pressure level. Thus, to 
ensure robustness of the algorithms, all samples were 
digitally normalized in amplitude prior to calculation 
of the measures. [16] 
 

 
Fig. 1. Two selected examples of speech signals: (a) healthy, (b) 

subject with PD. The horizontal axis is time in seconds, the 
vertical axis is signal amplitude (no units) 
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Matrix column entries (attributes): 
 Name - ASCII subject name and recording 

number 
 MDVP:Fo(Hz) - Average vocal fundamental 

frequency 
 MDVP:Fhi(Hz) - Maximum vocal 

fundamental frequency 
 MDVP:Flo(Hz) - Minimum vocal 

fundamental frequency 
 MDVP:Jitter - Several measures of variation 

in fundamental frequency 
 MDVP:Shimmer - Several measures of 

variation in amplitude 
 NHR, HNR - Two measures of ratio of noise 

to tonal components in the voice 
 Status - Health status of the subject (one) - 

Parkinson's, (zero) - healthy 
 RPDE, D2 - Two nonlinear dynamical 

complexity measures 
 DFA - Signal fractal scaling exponent 
 Spread1, spread2, PPE - Three nonlinear 

measures of fundamental frequency 
variation 

 
The data is in ASCII CSV format. The rows of the 
CSV file contain an instance corresponding to one 
voice recording. There are around six recordings per 
patient, the name of the patient is identified in the 
first column [18, 19]. 

Table 2: List Of Subjects With Sex, Age, 
Parkinson’s Stage And Number Of Years Since 

Diagnosis 

 
 
3.2. Software – WEKA 
Weka (Waikato Environment for Knowledge 
Analysis) written in Java was developed at the 

University of Waikato, New Zealand [20]. Weka 
supports several standard data mining tasks, more 
specifically, data preprocessing, clustering, 
classification, regression, visualization, and feature 
selection. All techniques of Weka's software are 
predicated on the assumption that the data is available 
as a single flat file or relation, where each data point 
is described by a fixed number of attributes 
(normally, numeric or nominal attributes, but some 
other attribute types are also supported) [21]. 
 
3.3. Methods 
IB1:Uses normalized Euclidean distance to find the 
training instance closest to the given test instance, 
and predicts the same class as this training instance. If 
multiple instances have the same (smallest) distance 
to the test instance, the first one found is used [22, 
23]. 

RotationForest:Generates an ensemble 
classifier by training a base learner on a randomly 
selected subspace of the input data that has been 
rotated using principal component analysis. [24].  

Random Forest (RF): RF is an algorithm 
based on ensemble techniques for classification and 
regression analysis [25]. The main principle in RF is 
the combination of various decision trees using 
several bootstrap samples and selecting a subset of 
explanatory variables at every node. [26]. 

MultilayerPerceptron: A multilayer 
perceptron (MLP) is a feedforward artificial neural 
network model that maps sets of input data onto a set 
of appropriate outputs. A MLP consists of multiple 
layers of nodes in a directed graph, with each layer 
fully connected to the next one. Except for the input 
nodes, each node is a neuron (or processing element) 
with a nonlinear activation function. [27]. 

ClassificationViaRegression: It is possible 
to use regression methods to solve classification 
tasks. In order to apply the continuous prediction 
technique of regression models to discrete 
classification problems, an approximation of the 
conditional class probability function can be 
considered. [28].  

 
Bagging: The Bagging (Bootstrap 

Aggregating) algorithm uses bootstrapping 
(equiprobable selection with replacement) on the 
training set to create many varied but overlapping 
new sets. The base algorithm is used to create a 
different base model instance for each bootstrap 
sample, and the ensemble output is the average of all 
base model outputs for a given input [29, 30]. 

Java Repeated Incremental Pruning 
(JRip): JRIP is a prepositional rule learner, i.e. 
Repeated Incremental Pruning to Produce Error 
Reduction (RIPPER). Initial rule set for each class is 
generated using IREP [31]. 

SMO: Sequential Minimal Optimization 
(SMO) is a new algorithm for training Support Vector 
Machines (SVMs). Training a support vector machine 
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requires the solution of a very large quadratic 
programming (QP) optimization problem. [27]. 

 
OneR: Class for building and using a 1R 

classifier; in other words, uses the minimum-error 
attribute for prediction, discretization numeric 
attributes [32]. 

Naive Bayes Tree (NBTree): The NBTree 
algorithm is a hybrid between decision-tree classifiers 
and Naive Bayes classifiers. It represents the learned 
knowledge in the form of a tree which is constructed 
recursively [33].  

 
Dagging: This meta classifier creates a 

number of disjoint, stratified folds out of the data and 
feeds each chunk of data to a copy of the supplied 
base classifier. Predictions are made via majority 
vote. [34] 

 
Decision Table/Naive Bayes (DTNB): 

Class for building and using a decision table/naive 
Bayes hybrid classifier. At each point in the search, 
the algorithm evaluates the merit of dividing the 
attributes into two disjoint subsets: one for the 
decision table, the other for naive Bayes. [35]. 

 
DecisionTable: Decision Table is an 

accurate method for numeric prediction from decision 
trees and it is an ordered set of If-Then rules that have 
the potential to be more compact and therefore more 
understandable than the decision trees [36]. 

 
J48: J48 algorithm is a modified version of 

c4.5 and ID3 algorithm which is used to construct the 
decision trees. The decision tree uses tree like graph 
and acts as decision support system. [37]. 

 
BayesNet: It is probabilistic graphical 

model (a type of statistical model) that represents a 
set of random variables and their conditional 
dependencies via a directed acyclic graph. For 
example, a Bayesian network could represent the 
probabilistic relationships between diseases and 
symptoms. [27]. 

 
NaïveBayes: Naive Bayes classifiers are 

highly scalable, requiring a number of parameters 
linear in the number of variables (features/predictors) 
in a learning problem. [27]. 
 
IV. EXPERIMENTAL STUDY 
 
Following classifier techniques of WEKA have been 
applied to Parkinson's Disease Datasets: IB1, 
RotationForest, RandomForest, Multilayer 
Perceptron, ClassificationViaRegression, Bagging, 
JRip, SMO, OneR, NBTree, Dagging, DTNB, 
DecisionTable, J48, BayesNet, NaïveBayes. The 
results obtained from related classification techniques 
were presented in Table 3 according to each dataset. 

Table 3: Ratio OfEach Classification Technique 
On Each Parkinson's Disease Dataset 

 
 
V. RESULTS AND DISCUSSION 
 
In this study the performances of 16 different 
classification methods were evaluated in terms of 
classification accuracy on Parkinson's Disease 
dataset. When comparing the performances of 
algorithms it’s been found that IB1 (96,4103%) have 
highest accuracy whereas NaiveBayes (69,2308%) 
had the worst accuracy. For the future work, more 
classification algorithms should be applied to more 
datasets to see impacts of the different performance 
of algorithms on different datasets. Additionally, one 
can also study one classification technique to adapt it 
to have best results on different datasets. This can be 
done by studying hard on the parameters to related 
classification technique to adapt them according to 
the structures of different datasets. 
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