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Abstract. Recently, various studies have shown that meaningful knowledge can
be discovered by applying data mining techniques in medical applications, i.e.,
decision support systems for disease diagnosis. However, there are still several
computational challenges due to the high-dimensionality of medical data. Feature
selection is an essential pre-processing procedure in data mining to identify rele-
vant feature subset for classification. In this study, we proposed a hybrid feature
selection mechanism by combining symmetrical uncertainty and Bayesian
network. As a case study, we applied our proposed method to the hypertension
diagnosis problem. The results showed that our method can improve the classi-
fication performance and outperformed existing feature selection techniques.
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1 Introduction

In recent years, the proportion of elderly people (over 65 years old) is increasing in
Korea. The proportion of elderly people population will increase up to 30% by 2030
according to a recent report by Korea National Statistical Office [1]. Therefore, the
number of chronic disease patients is increasing as well according to elderly people
increasing. Approximately 80% of men and women 70 years of age have at least one of
chronic disease such as hypertension, heart disease and so on [2]. Furthermore, chronic
disease is continuous growth of health care cost. According to the report, health care
costs for Koreans over age 65, reached 15.4 trillion Korean won in 2011 [3]. In general,
chronic disease cannot be prevented by vaccines or cured by medication. Most of the
common chronic disease caused by dietary, lifestyle (smoking, drinking), and many
other factors. The hypertension is also one of the chronic disease type, the prevalence
of hypertension is increasing according to Korean National Health and Nutrient Exami-
nation Survey reportin 2011 [4]. The hypertension is a major risk factor for heart disease,
and many other complications and these complication leading to death. Therefore, the
prevention of hypertension has become a major issue in the world.

Most previous studies used the statistical method such as chi-square, and logistic
regression for finding risk factors pertaining to chronic diseases [5—7]. Bae et al. [5]
investigated the association between hypertension and prevalence of low back pain and
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osteoarthritis in Koreans using Chi-square and logistic regression. Song et al. [6] exam-
ined the associations of total carbohydrate intake, dietary glycaemic load (DGL) and
white rice intake with metabolic syndrome risk factors by gender in Korean adolescents
using multivariate linear regression. Ha et al. [7] examined whether cardiovascular
disease or its risk factors were associated with chronic low back pain (cLBP) in Koreans
using logistic regression. The regression models allow for the testing of statistical inter-
actions among independent variables and significance difference in the effects of one or
more independent variables.

Recently, various studies [8—13] have shown that it is possible to apply data mining
techniques in medical applications [14—17], i.e., decision support systems for disease
diagnosis. However, medical data generally contains several irrelevant and redundant
features regarding classification target. Those features may lead to low performance and
high computational complexity of disease diagnosis. Moreover, most classification
methods assume that all features have uniform importance degree during classification
[18]. Thus, dimension reduction techniques that discover a reduced set of features are
needed to achieve better classification result.

In this study, we proposed a hybrid feature selection method to improve the robust-
ness and the accuracy of the hypertension diagnosis. Symmetrical uncertainty was used
to preliminarily remove irrelevant features as a filter and correlation between two
features is compared and the lower symmetrical uncertainty is removed. Machine
learning algorithms with backward search were used as the wrapper part. The results
showed that the proposed method yielded good performance and outperformed other
feature selection approaches. The results, although preliminary, are expected to support
medical decision making, and consequently reduce the expenditure in medical care.

The reminder of the paper is organized as follows. In Sect. 2, we describe dataset
and present hybrid feature selection, classification method. In Sect. 3, shows the frame-
work of experiment and results. The conclusion and future are presented in Sect. 4.

2 Materials and Methods

2.1 Data

In this study, we conducted Korea National Health and Nutrient Examination Survey
(KNHNAES). This data set is a national project and it is consisting of four parts. The
first part of the survey recorded the socio-demographic characteristics include age,
gender, income, education level and so on. The second part of the survey recorded the
history of a disease and a third part is recorded health medical examination such as blood
pressure (systolic, diastolic). The last part of the survey recorded life pattern and nutri-
tional intake. We conducted KNHANES data from 2007 to 2014. This data set contains
lots of missing values and outliers. This data may lead to poor performance, we elimi-
nated this data for generating target population. The basic characteristics of the target
population are shows in Table 1.
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Table 1. Basic characteristics of target population
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Control Hypertension (n = 2,700)
(n=2,938)
Age (yr) 45.51 + 15.46 65.20 + 10.93
Sex
Male 1,066 1,151
Female 1,872 1,549
Education
High school 1,800 2,427
University 1,138 273
Smoking
Yes 503 574
No 499 1,651
Quick 1,936 475
SBP (mmHg) 112.84 + 15.00 131.63 + 16.21
DBP (mmHg) 73.56 + 9.68 80.53 +9.02
BMI (kg/m?) 2291 +3.11 24.70 + 3.18
Waist Circumference (cm) | 77.79 +9.17 85.28 +8.93

2.2 Feature Selection

Feature selection is an essential pre-processing procedure in data mining for identifying
relevant subset for classification. The high dimensionality of the data may cause a
various problem such as increasing the complexity and reducing the accuracy, i.e. curse
of dimensionality. The goal of feature selection is to provide faster construction of
prediction models with a better performance [8]. Feature selection approaches can be
broadly grouped into three categories: filter, wrapper, and hybrid [19]. The main differ-
ence of filter and wrapper method is in whether they adopt a machine learning algorithm
to guide the feature selection or not. In general, filters employ independent evaluation
measures thus are fast but can generate the local-optimal result. In contrast, wrapper
methods adopt a searching algorithm to iteratively generate several subsets, evaluate
them based on the classification algorithm, and finally choose the subset with best
classification performance. Wrappers usually can produce better results than filters but
they are computationally expensive. Hybrid methods combined the advantages of filter
and wrapper techniques to achieve better learning performance with a similar compu-
tational cost of filters [20]. A feature selection procedure can usually be divided into
two steps: subset generation and subset evaluation. The most important this process is
determined to search strategy and the starting point. Sequential search method, such as
Sequential Forward Search (SFS) and Sequential Backward Search (SBS). SFS method
start with an empty candidate set and add features until the addition of features does not
decrease the criterion. SBS method is removed from a full candidate set until the removal
of further features increases the criterion. We illustrate the filter and wrapper approach
in Fig. 1.
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Fig. 1. (a) Filter approach and (b) wrapper approach

In this study, we proposed a hybrid feature selection method to improve the robust-
ness and the accuracy of the hypertension diagnosis. Here, we describe our proposed
hybrid feature selection method. The overall framework of generating optimal feature
subset is illustrated in Fig. 2. In the proposed method, symmetrical uncertainty was used
to preliminarily remove irrelevant features and remove redundant features used Pearson
correlation as a filter. Bayesian network [21] with backward search [22] adopted as the
wrapper part.

Calculate symmetrical uncertainty(SU) of]
all features and sort by descending order

l

Remove feature that have low SU

Calculate Pearson correlation and remove
feature with low SU among the redundant
features

Backward search

|

Bayesian network

o>

Yes

Optimal feature subset

Fig. 2. Framework of proposed feature selection method
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For each feature in the original space, the symmetrical uncertainty value is calculated
and the features that have smaller symmetrical uncertainty value than the predefined
threshold are removed. Then the remaining features are sorted in the descending order
of their symmetrical uncertainty value. We compared the correlation between two
features and remove the features with low gain ratio among the two features whose
correlation is higher than the predefined threshold. Afterward, starting from the whole
features generated from the filter part, removing one feature at one time, the subset is
evaluated by the Bayesian network until the best feature subset that has the highest
accuracy is selected.

The Information gain (IG) is the decrease in the entropy of Y for given information
on Y provided by X and is calculated using (3), which is based on (1) and (2). Then the
measure of symmetrical uncertainty (SU) is calculated using (4), which can compensate
for the problem of a biased IG and normalize its value from O to 1.

HY) ==Y, _ p()log,p(y) )
HYX) == p) D, pOInlog, p(ylx) @)
gain = H(Y) + HX) — HXX|Y) 3)
. gain
SU=20x [—H T (X)] @

Where H(X) is the entropy of feature X, H(C) indicates the entropy of the class, and
H(XIC) is the entropy of x after observing class C.

3 Experiment and Results

The framework of the experiment is shown in Fig. 3. Firstly, we need to generate of the
target population based on KNHANES dataset. In the next step, we remove missing
value and outliers based interquartile ranges and we used proposed feature selection
method to remove irrelevant and redundant features. Then, we compared the perform-
ance of classification with several commonly used feature selection methods such as
Information gain, Gain ratio, RelifF.

<
KNHANES Generation of target population
(2007 —2014) (Remove missing value, outlier)

Hybrid feature selection ]

N
[ Evaluation Classification ]

J

Fig. 3. Framework of experiment
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3.1 Generation of Target Population

In this study, we conducted KNHANES from 2007 to 2014. This data contains 65,973
individuals include 9,383 hypertensions patients’ data. We eliminated a considerable
number of hypertension patients with following exclusion criteria to avoid data bias.
The target population data contains 5,698 samples (2,938 hypertensions and 2,700
controls) samples. We describe the procedure of generation of the target population in
Fig. 4.

KNHANES data (2007-2014)
65,973 samples

Remove missing values
e A
29,579 samples
\. J
Hypertension and Control
e ™

11,821 samples

Remove outliers

5,698 samples
(Control : 2,938,
\___ Hypertension:2,700) )

Fig. 4. Procedure of generating target population

3.2 Hybrid Feature Selection

First of all, we eliminated irrelevant features whose SU values are less than 0.01, and
sort in descending order. Afterward, we remove redundant features using Pearson corre-
lation between two features. We compared the correlation with the property with highest
SU value and remove the variables with low SU value among the features with a corre-
lation greater than 0.5. In the next step we used Bayesian network with SBS search, then
we find optimal feature subset.

3.3 Bayesian Network

A Bayesian network is based on probability theory and graphical model. The graph
consists of one or more nodes and edges. Each node is the graph represents a random
variable, and each arc between every pair of variables. Although the sample size is not
large enough for estimating the predictive performance of each model, Bayesian network
in general has good prediction abilities.
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3.4 Experimental Results

To achieve reliable results, we conducted 10-fold cross-validation during all the experi-
ments. In 10-fold cross-validation, 9 parts were used to train the model and the remaining
one was used to test the model. Moreover, we adopted several evaluation measures such
as F-measure, sensitivity, specificity, and area under ROC (AUC) to the performance
of classification. Table 2 shows the performance of our proposed method. The results
were found to be 0.923, 0.923, 0.923, and 0.975 for F-measure, sensitivity, specificity,
and AUC, respectively. In Table 2, hypertension indicates the patients with hypertension
disease and control indicates those without hypertension and FS refers to apply proposed
hybrid feature selection and Non-FS indicates without feature selection. Figure 5. Shows
the classification accuracy of 4 feature selection methods. From the Fig. 5. We can easily
see that our proposed method outperforms existing feature selection approaches.

Table 2. Classification results of the proposed method

Hypertension | Control | Average
F-Measure | Non-FS 0.879 0.885 0.882
Proposed FS | 0.921 0.926 |0.923
Sensitivity | Non-FS 0.896 0.869 | 0.882
Proposed FS | 0.928 0919 |0.923
Specificity | Non-FS 0.869 0.896 | 0.882
Proposed FS | 0.919 0.928 0.923
AUC Non-FS 0.955 0.955 0.955
Proposed FS | 0.975 0.975 0.975

Classification Accuracy
0.93

0.923

0.92

0.91

0.9

080 0.889

0.885 0.884

0.88

0.87
Information Gain Gain Ratio ReliefF Proposed Method

Fig. 5. Performance comparison of the proposed method with other feature selection techniques
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4 Conclusion

In this study, we proposed a hybrid feature selection technique based on symmetrical
uncertainty and Pearson correlation as a filter approach and Bayesian network as a
wrapper approaches for accurately classify hypertensions. To validate the proposed
method, we conducted KNHANES 2007-2014 data. We conducted several experiments
and compared the performance with existing feature selection approaches. The results
showed the proposed method had good performance and outperformed the other feature
selection methods.

The hypertension is a major risk factor for heart disease, and many other complica-
tions and these complication leading to death. In the future work, we will analyze hyper-
tension and other complications disease such as heart disease, stroke.
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