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Abstract—Type 2 Diabetes Mellitus is a group of disorders 

with characteristics such as insulin resistance, impaired insulin 
secretion, and increased glucose production, which has patients 
reaching 90% - 95% of the overall population of people with 
diabetes mellitus. There at most 70% of Indonesians are 
unaware attacked by diabetes. Therefore, an early detection 
has an important role and the utilization of microarray 
technology can cope this problem. One of the challenges for 
microarray applications is to select an appropriate number of 
the most significant genes for data analysis. Besides that, it is 
hard to accomplish a satisfactory classification results by 
Support Vector Machine (SVM) due to the dimensionality and 
the over-fitting problems. For this reason, it is desirable to 
select informative genes firstly in order to improve 
classification accuracy of SVM classifier. In this study, we use 
the Information Gain in order to determine informative 
features of data to get better classification performances and 
then the SVM is applied to the selected features. Based on the 
result, the informative genes were selected from 25,770 to 309 
genes. SVM can predict sample with accuracy 100% and area 
under curve 100%. There is a probe which is a gene that has 
various functions, including regulating neurotransmitter 
releases, heart rate, insulin secretion, neuronal excitability, 
epithelial electrolyte transport, smooth muscle contraction, and 
cell volume. 

Keywords—Type 2 diabetes mellitus, microarray, information 
gain, support vector machine  

 

I. INTRODUCTION 
The Type 2 Diabetes Mellitus (T2DM) is a group of 

disorders with characteristics such as insulin resistance, 
impaired insulin secretion, and increased glucose production, 
which has patients reaching 90-95% of the overall 
population of people with diabetes mellitus [1]. The World 
Health Organization (WHO) predicts that the number of 
DM patients in Indonesia will increase from 8.4 million in 
2000 to around 21.3 million in 2030 [2] and around 70% of 
Indonesian people are not aware affected by diabetes. 
Therefore, early detection has an important role and 
microarray technology has a role in this case.  

 The official website of the National Center for 
Biotechnology Information (NCBI) define that microarray is 

a hybridization of nucleic acid samples (targets) to a very 
large set of oligonucleotide probes, which are attached to a 
solid support, to determine the sequence or to detect 
variations in a gene sequence or expression or for gene 
mapping. The implementation of microarray is stored as 
gene data of patients who affected by T2DM. 

 Recent years, application of microarray have a major 
influence in determining the informative gene that causes 
disease. Micorarray can determine the expression of 
thousands genes and simultaneously monitor the ongoing 
biological processes [3], [4], [5]. One of the challenges for 
microarray applications is to choose the number of genes 
that are most significant for data analysis. Moreover, it is 
difficult getting satisfactory classification results due to high 
dimensional and over-fitting problems. Therefore, selecting 
informative genes can be used to improve classification 
accuracy [4], [5], [6], [7]. 

In this paper, we use Information Gain (IG) in order to 
determine informative features of the data to get a better 
classification, and the SVM classification method is applied 
to classify T2DM from the selected features. The paper is 
organised as follows. We explained introduction in the first 
section, followed by material and methods. In this second 
section, we describe IG and SVM. In the next section, we 
present the result. The conclusions and the future work are 
presented further in the last section. 

 

II. METODOLOGY 

A. Type 2 of Diabetes Mellitus 
Diabetes mellitus (DM) is a metabolic disorder 

characterized by hyperglycemia that is related to the problem 
of carbohydrate, fat and protein metabolism [8]. T2DM is a 
group of abnormalities with characteristics such as insulin 
resistance, impaired insulin secretion, and increased glucose 
production. T2DM begins with an abnormal glucose 
homeostasis period, which is impaired fasting glucose (IFG) 
or impaired glucose tolerance (IGT) [9]. 
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T2DM is a more common type of diabetes that has more 
patients than Type 1 DM. T2DM sufferers reach 90-95% of 
the total population of DM patients, generally aged over 45 
years old, but recently people with T2DM among teenagers 
and children have increases the population. The etiology of 
T2DM is multifactorial which has not been fully revealed 
clearly. Genetic factors and environmental influences play an 
important role in causing T2DM, including obesity, high-fat 
and low-fiber diets, and lack of exercise [10]. 

B. Microarray 
Microarray has been widely used in biomedical research. 

Microarray is a tool designed to measure expression levels 
of thousands of genes in a disease or cell type. Microarray 
technology capabilities can be used to find out and examine 
differences in diseases that are often found in molecular 
biology and medical biology. This method uses a tool in the 
form of a slide made of glass and consists of thousands or 
even tens of thousands of blocks [11]. 

 
Fig.  1. General Overview Microarray 
 

As depicted on Fig. 1, after taking a sample in the form 
of blood, then the mRNA is isolated. The mRNA is 
transformed into cDNA, and then the cDNA is labeled with 
two different dyes. The first DNA is labeled with 
fluorescent green Cy3 and the second DNA is labeled 
fluorescent red Cy5, then cDNA was mixed and put into a 
microarray slide that had been previously probed. After that, 
the hybridization process, which is incubating the 
microarray chip for one night at 60°. The next step is 
scanning laser light; the aim is to detect the fluorescent 
intensity visualized on the computer. The final step is to do 
data analysis that displays different gene expressions [12]. 

The results of the interpretation of DNA microarray 
technology shows in Fig. 2, if the expression of genes is 
higher it will appear red. Conversely, if the expression in the 
experimental sample is lower, it will appear green. Finally, 
if there are two similar expressions in a sample, yellow will 
appear. A black dot indicates that there is no cDNA bound 
to the DNA in the gene located in that place. This shows 
that the gene is inactive (all genes in the experiment are 
active) [11]. 

Data collected through microarrays can be used to create 
gene expression profiles. The profile shows simultaneous 

changes in the expression of genes to response a particular 
condition or treatment. 

 

 
 
Fig.  2. Interpretation Result of DNA Microarray Technology 

 
 

C. Preprocessing Data 
The first step that must to do on data is preprocessing. 

Preprocessing is a process or step that converts initial data 
into better quality data. Preprocessing is useful for 
improving data quality and reducing data noise [13]. 
Preprocessing is done by data transformation and data 
normalization. In this study, preprocessing data is done by 
data transformation and data normalization. 

D. Information Gain 
Information Gain (IG) is the simplest feature selection 

method by ranking attributes and widely used in text 
categorization applications, microarray data analysis and 
image data analysis [14]. IG can reduce noise caused by 
irrelevant features. Information Gain detect the features 
detect the features that have the most information based on a 
particular class. Determining the best attributes performed 
by calculating the entropy value first. Entropy is a measure 
of class uncertainty by using probability events or attributes 
[15]. The Entropy can be evaluated using equation (1) and 
then the Information Gain using equation (2) [16]. 

 
 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑆 =  −𝑝! log! 𝑝!

!

!!!
 (1) 

 
Here c is amount of value in the classification class and Pi is 
the proportion of S that belongs to class i.  
 

 𝐺𝑎𝑖𝑛 𝑆,𝐴 =  𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑆 −
𝑆!
𝑆

!"#$%& !

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑆)  (2) 

 
With A being an attribute, v is a possible value for attribute 
A, Values (A) is a set of possible values for A, | Sv | is the 
number of samples for the value of v, | S | is the sum of all 
data samples and Entropy (Sv) is entropy for samples that 
have a value of v. 

Authorized licensed use limited to: Carleton University. Downloaded on August 07,2020 at 22:03:00 UTC from IEEE Xplore.  Restrictions apply. 



E. Support Vector Machine 
Support Vector Machine (SVM) developed by Boser, 

Guyon, and Vapnik, was first introduced in 1992 at the 
Annual Workshop on Computational Learning Theory. The 
basic concept of the SVM method is actually a combination 
or combination of computational theories that have existed 
in the previous year, such as hyperplane margins. SVM 
method uses dot product function. SVM is an attempt to 
find the best hyperplane that functions as a separator of two 
classes in input space [17]. The SVM method have been 
used for classification problem in Bioinformatics [18], 
especially using microarray gene expression data [4], [5], 
and also for quality control of DNA sequencing [12]. 

 

 
 
 

Fig. 3 (a) shows several patterns that are members of 
two classes: +1 and -1. The pattern incorporated in class -1 
is symbolized in red (box), while the pattern in class +1 is 
symbolized in yellow (circle). Classification problems can 
be translated by finding a line (hyperplane) that separates 
the two groups. Various discrimination boundaries are 
shown in Fig. 3 (a). 

The best hyperplane separator between the two classes 
can be found by measuring the hyperplane margin and 
finding the optimum point of the hyperplane. Margin is the 
distance between the hyperplane and the closest pattern of 
each class. The closest pattern is called support vector. The 
solid line in Fig. 3 (b) shows the best hyperplane, which is 
located in the middle of the two classes, while the red and 
yellow points in the black circle are support vector. 
Attempts to locate this hyperplane is the point of the 
learning process on SVM. 

For example the available data that notated as  𝑥! ∈ ℜd 
while each label notated 𝑦𝑖 ∈ {-1, +1} for 𝑖 = 1, 2, …, 𝑙, 
where 𝑙 is the amount of data. It is assumed that both class -
1 and +1 can be completely separated by a hyperplane 
dimension d, which is defined:  

 𝑤 . 𝑥 + 𝑏 = 0 (3) 

Pattern 𝑥 which include to class -1 (negative samples) 
can be formulated as pattern that fulfill inequality that 
include class -1 (negative samples) can be formulated as 
pattern that meets inequality: 

 𝑤 . 𝑥 + 𝑏 ≤  −1  (4) 

while pattern 𝑥 that include class +1 (positif samples)  
 𝑤 . 𝑥 + 𝑏 ≥  +1  (5) 

The biggest margin can be found by optimizing the 
distance value between the hyperplane and its closest point, 
that is !

!
  This can be formulated as Quadratic Proraming 

(QP) problem, that is, looking for the minimum point of the 
equation (6), with constraint equation (7).  

 
min
!

𝜏(𝑤) =   !
!
𝑤 ! 

(6) 

 
 𝑦! (𝑤 . 𝑥 ! + 𝑏)− 1 ≥ 0,      ∀! (7) 

 
Input data that notated 𝑥!  , is output from data 𝑥! , 

𝑤, 𝑏 is the parameters that are searched for value. The 
formulation above, wants to minimize the objective function 
(obyective function) !

!
 𝑤 ! or maximize quantity 𝑤 !  by 

paying attention to the delimiter as the equation (4) and (5). 
If the output data 𝑦! = +1 , so the limiter become 
𝑤 . 𝑥 + 𝑏 ≥  +1 . Conversely if 𝑦! = −1 , the limiter 
become 𝑤 . 𝑥 + 𝑏 ≤  −1. 

These problems can be solved by various computational 
techniques, like Lagrange Multiplier. 

 
𝐿 𝑤, 𝑏,𝛼 =  

1
2

 𝑤 2 −  𝛼𝑖(

𝑙

𝑖=1

𝑦𝑖 𝑥𝑖 .𝑤 + 𝑏 − 1) ,     (8) 

where i = 1, 2, ..., l, and 𝛼𝑖 is Lagrange Multiplier with 
𝛼! ≥ 0. Optimal value of the equation (8) can be determined 
by minimizing L against 𝑤 and b, and maximize 𝐿 against 
𝛼!. If we paying attention to the quality that at the optimal 
point of gradient 𝐿 = 0 in equation (8) can be modified as a 
problem maximization that only contains 𝛼!, as shown in the 
equation (9).  

max   𝛼!!
!!! − !

!
𝛼!!

!!! 𝛼!!
!,!! 𝑦!𝑦!𝑥!  𝑥! 

 
(9) 

 
 Subject to: 

 𝛼!

!

!!!

𝑦! = 0,  𝑎! ≥ 0 𝑖 = 1,2,… , 𝑙  

 
(10) 

According to the equation (9) and (10), we will get 𝛼! 
which is mostly positive referred to support vector. 

SVM is a two-class classifier inherently. The natural 
way to classify into multiclass using SVM is to use the 
methods of either one-versus-all (OVA) or one-to-one 
(OVO). These methods are using the SVM two-class 
classifier repeatedly [19], [20], [21]. 

 

III. DISCUSSION 

A. Data Description 
We applied the method using microarray dataset T2DM 

in a public functional genomics data repository of the Gene 
Expression Omnibus (GEO) by the National Center for 
Biotechnology Information (NCBI), which is available at 
[22]. The dataset is mRNA expression data from skeletal 
muscle of type 2 diabetes that consisted of 118 samples 
which contains 25,770 gene expression: 26 samples of 
Glucoseintolerant, 47 samples of normal and 45 samples of 
T2DM who had been free of hypoglycemic medication for 
one week. RNA was hybridized to Affymetric 

Fig.  3. Determine the Best Hyperplane 
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HGU133plus2 platform following manufacturer's directions 
[23].   

In this study, the data is divided by the proportion of 80% 
training data and 20% test data. Each data from the training 
data and test data was taken randomly with emphasis on all 
classifications included in the two data. Known T2DM data 
from GSE18732 there are 2 classes, namely normal 
(dmverified: 0) and T2DM (dmverified: 1). GSE18732 data 
consists of 118 samples used, so 94 (80%) samples taken 
must have 2 classes and 24 (20%) samples of test data must 
also consist of 2 classes of T2DM classification.  

 

 

 

 

 

 

 

 

B. Methods 
1) Preprocessing: On preprocessing, we transform a 

dataset using logarithmic transformation and quantile 
normalization. 

2) Information Gain: we first calculate the entropy of 
features using eq. (1) and then calculate the information gain 
using eq. (2). We use InfoGainAttributeEval and Ranker 
evaluation tools of WEKA, where the results show that there 
are 390 genes selected from 25770 genes. The best genes 
are taken by ranking the 50, 40, 30, 20, and 10 best features 
of the available data, to find out the most appropriate 
ranking used in this data. The the results show that the top 
10 is most suitable for the data. 

 
TABLE  1   GENE INFORMATIVE 

Features/Genes Rank Value 
X8292 0,2198 

X24275 0,2198 
X10089 0,2111 
X6924 0,1656 
X3269 0,1602 

X13319 0,1492 
X6348 0,1442 
X6349 0,1442 

X21348 0,1395 
X24981 0,1395 

 
3) Support Vector Machine: The next step is using 

SVM to classify the dataset after getting informative genes. 
The classification result were tested using top 10, 20, 30, 40, 
and 50 informative genes with confusion matrix. It shows 
that the highest accuracy is using top 10 of informative 
genes and the results classification of the test data were 
100% with 1000 times iteration. In addition, Area Under 
Curve (AUC) is also used to further review the classification 
results. The result showed that testing with AUC was 100%. 

4) Informative Genes: After obtaining the results of 
10 genes, then look for the symbol of the probe that can be 
used to find more information about the probe that has been 
obtained. The results show that there are 8 probes are known 
which can be seen in the Table 2. 

 
TABLE  2    GENE SYMBOL 

Feature/Gene Symbol 
ENST00000262662 CDKN2C 
ENST00000298694 ARHGEF40 
ENST00000303372 TCTN2 
ENST00000313860 LIMCH1 
ENST00000328032 KCNH7 
ENST00000348956 CKB 
ENST00000381753 LIMCH1 
ENST00000383362 C2 

 

IV. CONCLUSION 
In this paper, we have classified the T2DM patients with 

the following three steps. The first step is to preprocess data; 
we transform and normalize the dataset using logarithmic 
transformation and quantile normalization. The next step is 
to select informative gene using IG from 25,770 to 390 
genes. The obtained results that there is 1 gene/probe has 
informative that related with T2DM, namely KNCH7. 
According to NCBI, the KNCH7 has various functions, 
including regulating the release of neurotransmitters, heart 
rate, insulin secretion, smooth muscle contraction, and cell 
volume. The last step is to classify the informative gene 
using SVM. The results classification of the test data was 
100% with 1,000 iterations and 100% AUC. 
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