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Abstract 

Analysis of large gene expression data via machine learning has been widely acknowledged 

to accurately predict cancer classes from the microarray data which are cast as the 

numerical matrix from a collection of complex RNAs. This research proposes a novel 

continuous value binary-tube tree constructed from the core vector of multi-features and 

the tolerance radius of the specific cancer types. To validate this classifier, the accuracy 

measure and Matthews correlation coefficient measure are compared with the support 

vector machine and the decision tree classifier using k-folds cross-validation.  The result 

shows that the binary-tube tree outperforms the support vector machine and the decision 

tree classifier for leukemia, colon cancer, lymphoma, and breast cancer; only the lung 

cancer data set shows no significant improvement. 
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Introduction 

In the past decade, microarray gene expression 

data has been an interesting issue in microarray 

is one of the technologies which facilitates 

many researchers to analyze and uncover 

issues which have never been revealed before. 

This technique can analyze the expression of 

several thousand genes in a single reaction 

simultaneously. Due to a high-throughput 

molecular method, mining tools to extract the 

knowledge and also analyze the data are  

 

 

 
required. In a clinical trial, the DNA 

microarray can be expressed to (1) confirm the 

diagnostics results, (2) classify the disease, (3) 

monitor the response to therapy, and (4) 

identify the evolutionary mechanisms of the 

disease (Tarca et al., 2006).Clinical research 

tools using machine learning approaches in 

DNA microarray data are considered as 

significant advances in the field. Zhao et al. 

(2007) investigated the co-regulated gene in 
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microarray chips using the G-cluster model to 

reveal the positive and negative co-regulated 

genes. One of the most cited literature works is 

Golub (1999) who used the feature selection 

and nearest neighbor algorithm to discover a 

class of gene expression from acute leukemia 

patients. Moreover, the hierarchical clustering 

algorithm was adopted to classify the tumor 

types of DNA microarray data sets, such as 

lymphomas by and breast cancer by van’t Veer 

et al. (2002). In addition, Nguyen and Rocke 

(2002) designed a classification algorithm 

using the partial least square method to reduce 

the number of genes (features) and used the 

linear discriminant and quadratic discriminant 

analysis to classify 5 tumor data sets: ovarian, 

leukemia, lymphoma, colon, and lung cancer. 

Rafii et al. (2016) used the ART2 network to 

diagnose the DNA microarray data set. One of 

the favorite classification algorithms for DNA 

microarray data sets is the support vector 

machine (SVM) (Furey et al., 2000; Cho and 

Won, 2003; Mukherjee, 2003; Mohamad and 

Deris, 2005; Lewis et al., 2006; Bennet et al., 

2015). The SVM algorithm is a supervised 

machine learning algorithm which determines 

the optimal hyperplane that distinguishes 

between 2 target classes. The application of  

the SVM to DNA microarray data sets 

demonstrates its effectiveness from informative 

features or attributes such as significantly 

correlated genes. The SVM requires an 

appropriate setting of parameters (cost, type of 

the kernel function, etc.) to achieve the 

intended performance. The favorite machine 

learning algorithm, because it is reliable and 

has the simplest interpretation, is the decision 

tree classifier. This classifier uses measurement 

to evaluate the rules or the patterns from the 

data. The criteria measurements for the decision 

tree are selected from various procedures.  

Figure 1 shows the rules of the specific 

algorithms to classify the data. The SVM 

specifies that the data uses the hyperplane as 

shown in Figure 1(a) and the decision tree in 

Figure 1(b) is specified by the splitting criteria 

which are computed by the information gain. 

In general, a DNA microarray data set consists 

of a large number of genes (features), whereas 

many machine learning algorithms are not 

originally designed with linear discriminant 

and quadratic discriminant analysis to classify 

5 tumor data sets to cope with such numerous 

features. Hence, much of the research has 

incorporated only the correlated genes to 

extract the suitable features for working with 

the well-known machine learning algorithm. 

In this research, the classification algorithm, 

called the binary-tube tree (BITT) algorithm, 

has been proposed to classify specific types of 

cancers from the DNA microarray data set. The 

BITT algorithm, which is modified from the 

recursive binary-tube partitioning (RBTP) 

algorithm (Kanchanasuk and Sinapiromsaran, 

2016), is a binary classifier based on the 

decision tree concept to find the combination 

of the expression levels of genes which is 

relevant to a specific tumor type or cell type in 

terms of a “tube”, as shown in Figure 3. 

A tube is designed to capture the 

characteristics of the gene expression of the 

target class by identifying the several tube 

components. A tube consists of 3 components, 

a core vector, a tube length, and a tube radius 

where the core vector is denoted as the 

 
(a) 

 
(b) 

 

Figure 1.  Machine learning algorithm paradigm: 

 (a) support vector machine using 

 radial basis kernel function and (b)  

 a decision tree classifier using 

 information gain 
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directional stretch of gene expression of the 

samples, a tube length is defined as the length 

of the stretch, and the tube radius is the 

orthogonal stretch from the core vector. 

The concept of the BITT algorithm 

remedies the weakness of a decision tree by 

using a tube instead of the best selected 

attribute. Normally, samples in 1 cancer type 

tend to form a cluster so that the centroid is a 

good representation of this multivariate data. 

The sample that is situated furthest from this 

centroid also demonstrates the longest tail of 

the cluster which can be captured by the core 

vector and tube length. 

Support Vector Machine 

The SVM was first introduced as a supervised 

learning model by Cortes and Vapnik (1995) 

for binary classification. The SVM was 

successfully used in several bioinformatics 

applications, such as oncology with magnetic 

resonance imaging for electroencephalography 

(Lotte et al., 2018), and molecular classification 

in a DNA microarray. The SVM is a learning 

kernel-based system that splits a high 

dimensional feature space using a hyperplane 

as the linear separator. Unlike an artificial 

neural network which tries to define a complex 

function in the input feature space, the SVM 

uses the kernel method to capture a nonlinear 

mapping of the complex data in high 

dimensional feature spaces and then uses a 

simple linear function to create a linear 

decision boundary. Thus, the problem of gene 

expression profiling can be cast as the problem 

of choosing a suitable kernel for the data 

projection with a hyperplane separation. The 

parameters of an SVM model are determined 

based on risk minimization to search for the 

target partition known as the optimal 

hyperplane. Although the optimal hyperplane, 

which is applied as the kernel function, is used 

as the criterion for classifying the samples, 

conflict regions occur from misclassification 

of the class of the samples during the training 

phase. 

Decision Tree 

A decision tree consists of a set of nodes and a 

set of edges. A node is categorized as an 

internal node or a leaf node where the root 

node is just the first internal node. All internal 

nodes represent the split criteria to partition a 

data set into various subsets based on a single 

characteristic. An edge represents 1 of the 

possible outcomes of the test condition from 

the internal node. Finally, a leaf node is labeled 

by the class. In the past decade, 1 of the top 10 

algorithms in data mining is C4.5 (Wu and 

Kumar, 2009) which is commonly used for 

building a decision tree. C4.5, introduced by 

Quinlan (1993), uses the gain ratio to measure 

 
 

Figure 2.  (a) A typical DNA microarray 

 hybridization experiment and (b) 

 quantitative analysis of 2 intensity 

 levels from transformed log 2 ratio 

 samples and rearrangement of the 

 samples to the row of the matrix and 

 of the genes to the column 

 

 

 
 

Figure 3. Visualization of the BITT algorithm 
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the branch on the feature which returns the 

maximum information gain ratio. ID3 and 

C4.5 use the entropy measurement to find the 

best split from the feature having the highest 

information gain, while C4.5 also uses Shannon 

entropy as an impurity measure. 

Let Entropy(D) be an overall impurity of 

the data set D computed by:  

 

( )
1

log
C

i i

i

Entropy D p p
=

= −
 (1) 

 

where pi is the approximated probability of the 

number of instances in class i and the set of 

classes is denoted by C. Moreover, let the 

additional measurement: 

 

( ) ( )v

V v

v V

D
Entropy D Entropy D

D

=
  (2) 

 

be the entropy of the subsets of the data set D  

with the value v belonging to the feature V. The 

information gain is: 

 

InfoGain(V) = Entropy(D) – EntropyV (D). 

 (3) 

 

where V is the selected feature. The split 

information measure, which is computed by: 

 

( ) logV v v

v V

SplitInfo D p p


= −
, (4) 

 

shows the splitting value v, where pv is the 

probability of an instance with the attribute V 

having the value v. Furthermore, C4.5 deals 

with this problem using a gain ratio calculated 

by: 

 

GainRatio = InfoGain(V) / SplitInfov (D). 

 (5) 

 

The limitation of a decision tree is due to 

its simplicity of using 1 attribute selection in 

each step, which may not help to split 

clustering instances along the non-orthogonal 

dimensions. 

Materials and Methods 

Binary-Tube Tree (BITT) 

The RBTP algorithm (Kanchanasuk and 

Sinapiromsaran, 2016) is modified for use as 

the BITT algorithm to classify the DNA 

microarray data. For a binary class problem, 

the RBTP algorithm generates a classification-

decision tree for the given training data set by 

recursively partitioning through the use of a 

tube. Each internal node (including the root 

node) has 2 tubes as a decision rule and the leaf 

node is a single class labeled node. A tube has 

3 components, a core vector, a tube length, and 

a tube radius which is constructed by the same 

class samples. 

The BITT algorithm is the binary 

classification algorithm for the gene expression 

profiling which modifies the core vector of the 

RBTP algorithm using the centroidal extreme 

instead of 2 extreme poles. The centroidal 

extreme is defined as the farthest sample from 

the centroid of all the samples. 

The implementation of the BITT 

algorithm has been described as follows. The 

first step performs the data partition using the 

target classes which will be used to generate  

a tube of each class. A single tube consists of 

3 components: a core vector ( pc ) which is a 

vector with the direction starting from the 

centroidal extreme (p) to the centroid (c), the 

magnitude of the core vector which is the tube 

length (H), and the maximum extent along the 

core vector which is the tube radius (R). 

The details of building a tube are as 

follows. Given a set of gene expression 

samples (X) with s samples, N is the number of 

features in the experiment, and the cancer 

types in the experiment (Y) which can be 

labeled as Y = {type1, type2}. Let xi = (xi
1, xi

2, 

xi
3,…, xi

N) be a tuple of the expression levels of 

sample i. In this paper, the Euclidean distance 

is defined as a distance measure, so 

( ) ( )
2

1

,
N

i j i j

m m

m

d x x
=

= −x x  the distance between two 

samples xi and xj. Moreover, the magnitude of 

a vector is defined by ( )ab a,bd= . The 

centroid can be computed by 
1

1 S
i

i

c
S =

= x . The 



 

 

537 Suranaree J. Sci. Technol. Vol. 26 No. 4; October - December 2019 

 

centroidal extreme (p) is the sample in X which 

is the furthest distance to the centroid c, so 

( ) p arg max x,c
X

d


=
x

. The core vector of the BITT 

algorithm is a unit vector from the centroidal 

extreme to the centroid of the data set, defined 

by
 pc
pc

pc
=

. 

The tube length is the maximum 

magnitude of the projection vector of px  onto 

the core vector, computed by H = arg max

 px pc . 

The tube radius is the maximum of the 

shortest distance of X to pc , calculated  

by ( ) arg max px px pc pc
X

R


= − 
x

. The 

illustrations of a tube in 2D and 3D are shown 

in Figures 5 and 6, respectively. 

When the process to generate the binary 

tube from the samples of each class in the first 

step is applied, the samples are covered by the 

tube which is specified by the individual class. 

Samples that appear in the unique class tube 

will be classified as that class. So the recursive 

partitioning step will be applied to samples 

appearing in more than 1 tube. This will stop 

when all samples can be classified as 1 class or 

the number of samples is too small to generate 

a tube. 

 

Performance Measures and Models 

Evaluation 

Performance Measures 

In this research, the performance of the 

classifiers is evaluated by 2 performance 

measures, accuracy and the Matthews correlation 

coefficient (MCC) using the confusion matrix 

of a binary class. The confusion matrix of a 

binary class is shown in Table 1.  

The accuracy measure is the proportion 

of the true classified results (TP and TN) 

among the total number of samples (TP, TN, 

FP, and FN), calculated by: 

 

TP TN
ACCURACY

TP FP TN FN

+
=

+ + + . (6) 

 

The MCC (Matthews, 1975) is the 

evaluating algorithm measure which is suitable 

for the unbalanced class of the data set. The 

formula of the MCC is calculated by values in 

the 2×2 confusion matrix, computed by: 

 
( ) ( )

( )( )( )( )

TP TN FP FN
MCC

TP FP TP FN TN FP TN FN

 − 
=

+ + + +
 ,

 (7) 

 

 
 

Figure 4. The centroid and the centroidal extreme 

 

 

 
 

Figure 5. Example of a tube in 2D view 

 

 

 
Figure 6. Visualization of a tube in 3D view 
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because the MCC value has an equal value if 

any binary-class is defined as a positive class. 

This is an advantageous concept for the data 

set and is required to indicate the positive class 

of the data set. The MCC value is between  

-1 to 1. A coefficient of +1 indicates a perfect 

classification and -1 indicates a total 

disagreement of the classification. 

Moreover, the 2 performance measures 

were tested by the non-parametric statistical 

test using the Wilcoxon signed-rank test to 

confirm the significance of the performance 

for the right-sided hypothesis testing with  

 = 0.05. 

 

Models Evaluation 

The Wilcoxon signed-rank test, which 

was proposed by Wilcoxon (1945), is a non-

parametric statistical test to compare 2 

experimental results in the same sample group. 

This test is used in this research to rank the 

differences of the performance measure 

between 2 classifiers. The concept of this test 

is to assess the paired score differences and 

rank them in an absolute value from the win 

and loss classification. The better classifier 

shows that the minimum sum of the winning 

rank or losing rank is close to 0. The method 

ranks the differences in performance between 

2 classifiers. This test is recommended when 

the data set is not a normal distribution from 

the least effect on the test. 

 

Data Sets 

There are 5 data sets from different gene 

expression databases which are described in 

Table 2 and are used in this paper. The first 

column is the name of the data set, the second 

column shows the class labels, the third 

column shows the number of samples, while 

the last column contains the number of genes 

in the experiment. The microarray databases in 

this experimentation are cast as the binary 

classification problem. The details of the DNA 

microarray data sets which are shown in Table 

2 were selected from the following sources. 

The leukemia data set was published by 

Golub (1999). The data set consists of the gene 

expression of 7,130 genes and 72 samples. The 

class of samples is the collection of acute 

leukemia cells, acute myeloid leukemia (AML), 

and acute lymphocytic leukemia (ALL). 

The colon cancer data set was collected 

by Alon et al. (1999) containing the gene 

expression of 40 tumors and 22 normal colon 

tissue samples. It was analyzed with an 

Affymetrix oligonucleotide array complementary 

that generates more than 6,500 human genes. 

The preprocessing step was applied to reduce 

the number of informative genes to 2,001 

genes and label the type of the samples as  

a class with the normal tissue samples as 

“positive” and the tumor colon tissue samples 

as “negative”. 

The lymphoma data set (Shipp et al., 

2002) consists of gene expression levels 

measured from Affymetrix chips. Each 

oligonucleotide array contained 7,129 genes 

sets from 77 samples with 58 samples of 

diffuse large B-cell lymphoma (DLBCL) and 

19 samples of follicular lymphoma (FL). 

The lung cancer data set which was 

collected by Gordon et al. (2002), contains 181 

tissue samples from 12,533 probes with 150 

samples of adenocarcinoma (ADCA), and 31 

samples of malignant pleural mesothelioma 

(MPM). 

The breast cancer data set was modified 

by Hoshida et al. (2007) from van’t Veer et al. 

(2002). This data set consists of 3 classes (type 

1: T1, type 2: T2, and type 3: T3) of 98 samples 

having 1,213 genes to be analyzed. 

In this research, the experimental 

framework was designed based on Hong and 

Cho (2006) and Lewis et al. (2006) to test the 

performance of the classifiers using 5-fold 

cross-validation. The performance measures in 

this research consist of the accuracy measure 

and the MCC measure. Moreover, this 

Table 1. Confusion matrix for binary classification 

 
 Predict Condition 

Positive Negative 

Actual 

Condition 

Positive True 

Positive 

(TP) 

False 

Negative 

(FN) 

Negative False 

Positive 

(FP) 

True 

Negative 

(TN) 
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performance testing process was independently 

repeated 5 times, which was to verify that the 

BITT algorithm has a significantly better 

classifier than the benchmark classifiers, C4.5 

and the SVM, by performing a paired 

Wilcoxon signed-rank test for the right-sided 

hypothesis testing with alpha = 0.05. The 

benchmark values of the BITT algorithm , 

C4.5, and the SVM are implemented using the 

R programming language (R Core Team, 

2015). C4.5 can be used via the J48 package  

(Hornik et al., 2009; Witten et al., 2016) and 

the SVM via the e1071 package (Meyer et al., 

2017) using the default radial basis kernel 

function with. We use a fixed value of the 

SVM regularization parameter gamma equal to 

1 over the number of genes. 

Results and Discussion 

This section describes the experiment and the 

experimental results from the BITT algorithm. 

Table 3 shows the average accuracy 

measurements and the standard deviation of  

5 gene expression data sets. The first column 

is the data set name and next 3 columns show 

the average accuracy and standard deviation 

(Mean±SD) of C4.5, the SVM, and the BITT 

algorithm, respectively. The best value for 

each data set is shown in bold and an asterisk 

when the BITT algorithm shows a statistically 

significant improvement from a 1-tailed (right-

sided) Wilcoxon signed-rank test, p<0.05. 

These results reveal that the average accuracy 

of the BITT algorithm achieves the highest 

Table 2. Summary of the DNA microarray data set used in the experiments 

 

Data set Class Samples Genes 

Leukemia ALL (47) AML (25) 72 7,130 

Colon Negative (40) Positive (22) 62 2,001 

Lymphoma DLBCL (58) FL (19) 77 7,129 

Lung ADCA (150) MPM (31) 181 12,533 

Breast cancer Type1 (11) Type2 (51) Type3 (36) 98 1,213 
 

 

Table 3. Predictive accuracy of C4.5, SVM, and BITT algorithm  

 

Data set Accuracy 

C4.5 SVM BITT 

Breast (T1 vs. T2) *0.862±0.03 *0.836±0.01 0.946±0.01 

Breast (T1 vs. T3) *0.874±0.03 *0.903±0.01 0.966±0.01 

Breast (T2 vs. T3) *0.936±0.03 *0.961±0.01 0.973±0.01 

Colon *0.793±0.03 *0.778±0.02 0.851±0.01 

Leukemia 0.928±0.03 0.934±0.01 0.958±0.01 

Lung 0.933±0.01 0.971±0.00 0.944±0.01 

Lymphoma *0.776±0.05 *0.782±0.01 0.860±0.01 

 

 

Table 4. MCC of C4.5, SVM, and BITT algorithm 

 

Data set MCC 

C4.5 SVM BITT 

Breast (T1 vs. T2) *0.564±0.14 *0.108±0.06 0.788±0.06 

Breast (T1 vs. T3) *0.656±0.09 *0.724±0.03 0.919±0.03 

Breast (T2 vs. T3) *0.874±0.06 *0.922±0.01 0.946±0.01 

Colon 0.560±0.07 *0.505±0.05 0.675±0.03 

Leukemia 0.858±0.05 *0.840±0.04 0.900±0.03 

Lung 0.767±0.02 0.904±0.01 0.806±0.02 

Lymphoma *0.432±0.11 *0.207±0.08 0.654±0.04 
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value in the colon, leukemia, and lymphoma 

data sets, but not for the lung cancer data set. 

Since the breast cancer data set consists of  

3 classes, the one against one experiment is 

applied. The average accuracy of the BITT 

algorithm for all experiments of the breast 

cancer data set have significantly improved 

compared with C4.5 and the SVM. There is 

only the lung cancer data set for which the 

SVM classifier shows the highest average 

accuracy. 

The MCC values of the classifiers are 

shown in Table 4. The BITT algorithm 

outperforms for the colon, leukemia, lymphoma, 

and breast cancer in all experiments of one 

against one. There is only the lung cancer data 

set for which the SVM is shown as the highest 

value in all classifiers. The Wilcoxon signed-

rank test reveals a significant improvement in 

most of the comparisons of the BITT algorithm 

with the other classifiers. There are only the 

colon and leukemia comparisons with C4.5 for 

which the BITT algorithm is not a statistically 

significant improvement. 

Figures 7 and 8 show the box-plots 

comparison of the accuracy and MCC 

measures, respectively, of the classifiers in the 

gene expression data sets which were generated 

from the 5 repeatedly and independently selected, 

trained, and tested data in the 5-fold cross 

validation tests. The outliers are shown with 

the asterisks. There is only the lung cancer data 

set for which the BITT algorithm shows lesser 

average values in the accuracy and MCC 

measures than the SVM. This may be caused 

by the highest numbers of genes in the gene 

expression data set of the lung cancer. The 

direction of the core vector in the BITT 

algorithm was disturbed from the less-

significant gene in the dataset. As in the breast 

cancer dataset, the genes which originated 

from the 24,881 genes (van ’t Veer et al., 2002) 

and which were modified using the feature 

selection technique to reduce the selected 

 
 

Figure 1. The box-plots of accuracy and MCC for the breast cancer data set 
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genes (Hoshida et al., 2007) showed the 

highest accuracy and MCC values in all the 

experiments. 

The MCC measure selected in this study 

is used to reveal the performance of the 

classifiers when the data set did not define the 

actual positive class. The BITT algorithm 

shows good results in all the data sets except in 

the lung cancer data set, but especially in the 

lymphoma data set. In the lymphoma data set, 

the different value between the SVM and the 

BITT algorithm is only 7.8% for the average 

of the accuracy measure but it is 44.73% for 

the average of the MCC measure.  

Conclusions 

This paper proposes the BITT algorithm, 

which is an extension of the RBTP algorithm, 

that was successful in classifying most cancer 

types. It is a tree-like structure which is 

composed of nodes and branches. Each node 

contains multiple tubes for each class while the 

branches are identified from the intersection of 

the multitubes. The recursive partitioning 

algorithm is used to construct the BITT 

algorithm node by node from the root to the 

leaves. In the experiments, the BITT algorithm 

showed a highly accurate performance of 

 
 

Figure 8. The box-plots of accuracy and MCC for the lung, leukemia, lymphoma, and colon data sets 
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various cancer data sets, except for the lung 

cancer which contains a large number of genes 

(columns) which affect the accuracy of the 

BITT algorithm. The Wilcoxon signed-rank 

test was performed on each case to confirm the 

statistical significance of those experiments. 

To remedy this situation, it may be necessary 

to perform anomaly detection or cluster 

analysis to segment samples into appropriate 

groups of samples (Ben-Dor et al., 2003; 

Painsky and Rosset, 2014). This work did not 

solve the curse of dimensionality problems of 

the BITT algorithm to find the appropriate 

interval of the number of genes selected in the 

experiments. In the future, the preprocessing 

steps, such as feature selection and transformation, 

should be applied before using the BITT 

algorithm to reduce the dimensionality 

problem. 
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