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Abstract

The use of medical datasets has attracted the attention of researchers worldwide. Data mining techniques have been widely used in
developing decision support systems for disease classification through a set of medical datasets. In this paper, we propose a predictive
method for diseases prediction using machine learning techniques. The proposed method is developed through clustering, noise removal,
and supervised data mining techniques. Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Neural Network (NN), Adaptive
Network-Based Fuzzy Inference System (ANFIS), Support Vector Regression (SVR) and Classification and Regression Trees (CART) are
used for diseases prediction task. We also use the Principal Component Analysis (PCA) for dimensionality reduction and to address multi-
collinearity problems in the experimental datasets. We test our proposed method on several public medical datasets. Experimental results
on Wisconsin Diagnostic Breast Cancer, StatLog, Cleveland and Parkinson’s telemonitoring datasets show that proposed method
remarkably improves diseases prediction accuracy. The predictive method can assist medical practitioners in the healthcare practice as an

analytical method.
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1. Introduction

The potential of data mining in solving the problems of
diseases classification was identified by World Health
Organization (WHO) (Gulbinat, 1997). The use of data
mining techniques in knowledge discovery for diseases
classification has been one of the interesting and important
topics addressed by the researchers (Bellazzi et al., 2008;
Cauchi et al., 2015; Chen et al., 2016). Data mining is the
unified name for all tools that can be used when searching
for relationships and trends in large amounts of data (Han
et al., 2011). Data mining is a process of discovering useful
knowledge from database to build a structure (i.e., model or
pattern) that can meaningfully interpret the data. Data
mining techniques are pattern recognition techniques can
be used to assist physicians in diagnosing and predicting
diseases so they can provide the necessary treatment and
prevent the impact, including the possibility of death.
Supervised learning techniques construct prediction models
for classifying future events in a way consistent with
historical information (Kotsiantis et al., 2007; Caruana and
Niculescu-Mizil, 2006). Supervised data mining techniques
have frequently appeared in various practical areas
especially in health care (Zadeh et al., 2010). Classification
and prediction problems have a vital role in medical

decision making (Pendharkar et al., 1999). Accordingly,
due to diseases diagnosis importance to mankind, several
studies have been conducted on modeling procedures for
their classification (Fida et al., 2011; Lahsasna et al., 2012;
Palaniappan and Awang, 2008; Cauchi et al., 2015; Chen et
al., 2016; Nilashi et al., 2017a; Nilashi et al., 2017b).

Using clinical data, data-driven predictive models are
increasingly being implemented. The main aim of using the
data mining techniques is to find best ways to construct
generalizable models using clinical data. There is a vast sea
of different techniques and algorithms used in data mining
especially for supervised machine learning techniques;
therefore, selecting the appropriate techniques has been a
challenge among researchers in developing the medical
diagnosis systems. In addition, these data mining methods
can be used to classify the diseases through a set of real-
world datasets (see Table 1). According to Frank et al.,
(2004), “no single algorithm is superior on all data mining
problems. The algorithm needs to match the structure of the
problem to obtain useful information or an accurate
model.” Accordingly, in order to improve accuracy of
diseases prediction, we propose a new method using
clustering, noise removal, and supervised data mining
techniques. We then evaluate the method on public medical
datasets and report the results.
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In this paper, we incorporate the data mining techniques
and propose a new predictive method using Principal
Component Analysis (PCA), Gaussian mixture model with
Expectation Maximization (EM) and supervised data
mining techniques. We then evaluate the proposed method
on real-world datasets. These datasets are taken from Data
Mining Repository of the University of California, Irvine
(UCI) (Newman et al., 1998). Thus, in comparison with
research efforts found in the literature, our work has the
following differences. In this research:

= a predictive method is proposed using EM, PCA,

supervised data mining techniques for increasing the
diseases prediction accuracy.

= Expectation Maximization (EM) (Mitra et al., 2003)

is used for data clustering.

= PCA is used for dimensionality reduction and dealing

with  the multi-collinearity problem in the

Table 1
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experimental data (Nilashi et al., 2016c; Nllashi et al.,
2016d).

= Support Vector Machine (SVM), K-Nearest Neighbor

(KNN) (Nilashi et al., 2014), Neural Network (NN),
Adaptive Network-Based Fuzzy Inference System
(ANFIS) (Nilashi et al., 2015; Nilashi et al., 2016¢),
Support Vector Regression (SVR) (Nilashi et al.,
2014), and Classification and Regression Trees
(CART) (Briollais et al., 2007) are used for diseases
prediction task.

Our study at hand is organized as follows: Section 2
provides the research methodology. Section 3 presents the
methods evaluations and discussion. In Section 4 we
present the research implications and finally, conclusions
and future work is provided in the Section 5.

List of previous work based on diseases and techniques used for their classification
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Nilashi et al. (2016a) *
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Ubeyli (2007) *
Marcano-Cedefio (2011)

Zheng et al. (2014) *
Chen et al. (2014) *
Chen (2014)

Bhardwaj and Tiwari (2015)

Onan (2015) *
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Parkinson Guo et al. (2010) * *
Das (2010) *
Bhattacharya and Bhatia (2010) *
Astrém and Koker (2011) *
Li etal. (2011) *
Ozcift (2012) *
Polat (2012) * * *
Eskidere et al. (2012) * *
Chen etal. (2013) * * * *
Babu and Suresh (2013) *
Peterek et al. (2013) *
Hariharan et al. (2014) * * * *
Froelich et al. (2015) *
Khan et al. (2016) * *
Buza and Varga (2016) *
Naranjo et al. (2016) *
Al-Fatlawi et al. (2016) *
Jain and Shetty (2016) * * *
Behroozi and Sami (2016) * * *
Avci etal. (2016) *
Nilashi et al. (2016a) * * * *
Heart Bhatia et al. (2008) *
Allahverdi (2008) * * *
Das et al. (2009) *
Adeli et al. (2010) *
Soni et al. (2011) *
Gudadhe et al. (2010) * *
Ghumbre et al. (2011) * *
Anooj (2012) *
Rout (2012) *
Nahar et al. (2013) *
Shilaskar and Ghatol (2013) *
Shao et al. (2014) *
Long et al. (2015) *
Nguyen et al. (2015a) * *
Nguyen et al. (2015b) *
Kausar et al. (2016) * * *
2. Methodology of research In this framework, clustering techniques can be used as
an unsupervised classification method to cluster the data of
Focusing on the diseases prediction problem, the present experimental datasets into similar groups. We suggest that
study uses PCA, EM, and supervised data mining before the classification task patients’ data be clustered in
techniques. The general framework of proposed method is similar groups. This way will improve the readability and
shown in Fig. 1. handling the data. In addition, for big datasets the

clustering of data will improve the complexity issue of data
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processing. As a dimensionality reduction technique, the
clustering techniques need to be incorpporated into the
diseases classification methods to reflect its broad appeal
and usefulness as one of the steps in exploratory health data
analysis. Several clustering techniques have been proposed
and the selection of these techniques also is important.
Note, as we suggest clustering approach in the framework,
linearly dependent between the variables may effect on the
clustering results. To overcome this issue, we need to pre-
process the data to remove correlated features or reduce the
correlations between the variables. Accordingly, in the
preprocessing step, we can examine the datasets for
correlation coefficients between the input variables. In this
framework, we also suggest for dimensionality reduction
because the greatest source of difficulties in using
classification methods is the existence of multi-collinearity
in many sets of data. Multi-collinearity can significantly
effect on the classification results. For multivariate analysis
and solving this issue, it has been suggested to use as a
dimensionality reduction technique for data compression to
retain the essential information. The central idea of using
dimensionality reduction techniques is to reduce the
number of dimensions of the data while preserving as much
as possible of the variations in the original dataset. In the
final step of our proposed framework, we propose to rely
on supervised classification techniques to learn the
classification models.

The datasets for the evaluation of method are taken from
Data Mining Repository of the University of California,
Irvine (UCI) (Newman et al., 1998). The datasets are
WDBC, StatLog Heart Disease, Cleveland Heart Disease,
and Parkinson’s Telemonitoring.

Medical Datasets

|

Data Pre-Processing

|

Clustering Using EM

|

PCA

\ 4

Supervised Data Mining Techniques

\ 4

Prediction Models

Fig. 1. Proposed model for the diseases diagnosis

To experimentally show the effectiveness of clustering,
prediction techniques (SVR and ANFIS) and PCA, we
perform the experiments and compare with the techniques

11
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ANFIS, Neural Network (NN) and SVR without using
clustering and PCA. It should be noted that, for ANFIS
models, we selected the best configurations in terms of
MFs type, type of trainings and number of training. The
Gaussian MF type showed the best performance in relation
to the Triangular one. In addition, we selected hybrid
learning (training) algorithm in ANFIS. This type of
learning algorithm combines the least squares estimator and
the gradient descent method. Using the hybrid method, the
ANFIS models generated rules by enumerating all possible
combinations of MFs of all original inputs and PCs.
Compared with the ANFIS for prediction of outputs, the
models that used ANFIS with incorporating PCA obtained
lower computation time in all models as the computation
time for ANFIS is moderately large when the number of
inputs is increased (curse of dimensionality) (Brown et al.,
1995). Hence, this problem was solved with incorporating
the PCA before applying ANFIS. This incorporation of
PCA caused the reduction in number of inputs and
accordingly hidden layers, number of MFs and rules.
Evidently, the training time of prediction models was
significantly reduced.

For error estimation in the clusters of EM, after 200
epochs, the averages MAE and R? were calculated as
presented in Table 2. The MAE and R? were calculated
based on output (Motor-UPDRS and Total-UPDRS)
prediction. It should be noted that we used 10-fold cross
validation and average test accuracy for each cluster.

Table 2

MAE and R? for predicting Motor-UPDRS and Total-
UPDRS in Parkinson’s telemonitoring dataset

Method Output MAE R’
Motor-UPDRS
PCA-NN 0.861 —
Total-UPDRS 0.841 0.745
Motor-UPDRS
PCA-ANFIS 0.662 oI5
Total-UPDRS 0.634 0.812
Motor-UPDRS
PCA-SVR e 062
Total-UPDRS 0.599 0.831
EM-PCA.- Motor-UPDRS 0.585 0.887
ANFIS Total-UPDRS 0532 0.923
Motor-UPDRS 0.4721 0.977
EM-PCA-SVR '
Total-UPDRS 0.4431 0.991
Motor-UPDRS
PCA-CART 2.069 oo
Total-UPDRS 0.641 0.803

The results demonstrate that the accuracy of SVR using
RBF kernel are the best on Total-UPDRS and Motor-
UPDRS in relation to other methods. Comparison of
performance in predicting Motor-UPDRS and Total-
UPDRS for PCA-SVR, PCA-NN, PCA-ANFIS and PCA-
CART on experimental dataset show that the proposed
PCA-ANFIS method is more accurate. However, when
compared with EM-PCA-SVR, it can found that prediction
errors for PCA-SVR models of EM clusters are lower than
other methods with high values of coefficient of
determination. Hence, in relation to the PCA-ANFIS, our
method using EM, PCA and SVR helps to improve the
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prediction accuracy of Motor-UPDRS and Total-UPDRS
by more than 6% and 9% for Motor-UPDRS and Total-
UPDRS, respectively. Moreover, it can be found that the
accuracy of methods which uses prediction techniques with
EM and PCA is higher than those methods that only use
PCA. These show the effectiveness of incorporating the
clustering and PCA techniques for the prediction accuracy
of PD progression. In addition, the superiority of EM-PCA-
ANFIS and EM-PCA-SVR can be explained by the fact
that these methods have used clustering and noise removal
methods before the prediction of Motor-UPDRS and Total-
UPDRS while the other methods solely rely on prediction
methods with PCA.

To experimentally show the effectiveness of noise
removal, clustering and classification methods (SVM and
KNN), we performed the experiments on the proposed
methods.We applied SVM with different types of kernels
(Polynomial, RBF, Sigmoid and Linear) on experimental
dataset clustered by EM algorithm. We use Area under the
receiver operating characteristic curve (AUC) which has
been defined as a graphical display that provides the
measure of the prediction/classification accuracy of the
model by two measures of accuracy, the specificity and

Table 3
Prediction accuracy of diseases

Journal of Soft Computing and Decision Support Systems 4:5 (2017) 8-16

sensitivity. Specificity is a measure of accuracy for
predicting nonevents that is equal to the true negative/total
actual negative of a classifier for a range of cutoffs.
Sensitivity is a measure of accuracy for predicting events
that is equal to the true positive/total actual positive.

Table 3 presents the accuracy results of applying
classification methods for SVM (RBF, Polynomial,
Sigmoid and Linear kernels) for Cleveland, StatLog, and
Wisconsin Diagnostic Breast Cancer datasets. It can be
seen that for Cleveland, the accuracy is calculated about
0.9943% using SVM through the RBF kernel. And, for
StatLog the accuracy is calculated about 0.9821% using
SVM through the RBF kernel. The results showed that the
difference of accuracy obtained by  kernels is not
significant but the SVM using RBF kernel outperforms the
others kernels. The results also indicated that the linear
kernel give the best performance in case of computation
time. In addition, the worst classification accuracy is
obtained using polynomial kernel and computation time of
sigmoid kernel is higher than other kernels. Furthermore,
from the results in Table 3 it can be found that using all
types of kernels, EM-PCA-SVM outperforms EM-PCA-
KNN method.

Method Kernel StatLog Accuracy Cleveland Accuracy Wisconsin Diagnostic Breast Cancer Accuracy
EM-PCA-SVM Polynomial 0.9134 0.9569 0.9623
RBF 0.9821 0.9943 0.9967
Sigmoid 0.9567 0.9710 0.9812
Linear 0.9255 0.9611 0.9716
Polynomial 0.8134 0.8531 0.8623
RBF 0.8821 0.8943 0.8982
PCA-SVM Sigmoid 0.8560 0.8710 0.8840
Linear 0.8313 0.8567 0.8735
EM-PCA-KNN - 0.8856 0.8956 0.9144
PCA-KNN - 0.7533 0.7924 0.8122

3. Conclusion References

In this paper, we propose a new predictive method for
diseases prediction using data mining learning techniques.
We applied EM clustering algorithm to cluster the
experimental disease datasets and supervised data mining
techniques for disease prediction. In addition, PCA was
used for dimensionality reduction and to address multi-
collinearity in the datasets. We evaluated the effectiveness
of the proposed method by performing several experiments
on real-word diseases datasets retrieved from UCI. Using
measures of accuracy, ROC, R2 and MAE, we obtained
high accuracy for prediction of disease types in all
datasets. The results also demonstrated that EM-PCA-SVM
and EM-PCA-SVR outperform other supervised data
mining techniques. All of the approaches used in this study,
may also be applicable to other prediction problems within
the medical domain. However, there is still plenty of work
in conducting researches on combination of PCA, EM with
supervised data mining techniques for disease diagnosis in
order to exploit all their potential and usefulness.
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