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Abstract— Brain cancer is one the most important disease 
to be treated all around the world. Classification of brain 
cancer using machine learning techniques has been widely 
studied by researchers. Microarray gene expression data are 
commonly used medical data to get observable results in this 
manner. In this study, multiclass classification of brain cancer 
is aimed by using different machine learning approaches. Some 
preprocessing methods were applied to get improved results. 
According to the result, feature selection has greatly affected 
the overall performance of each method in terms of overall 
accuracy and per class accuracy. Experimental results show 
that Multilayer Perceptron (MP) method has higher accuracy 
rate compared with other machine learning methods. 
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I. INTRODUCTION 
Today, brain cancer has become an important clinical 

problem along with many types of cancer. The incidence of 
brain tumors in the United States is estimated to be 
approximately 43,800 per year and it is also thought to cause 
at least 12,690 deaths per year. Generally, brain cancer is the 
most common cause of cancer-related death in the age group 
of 0-14 [1-2]. Although there is variety of advancements in 
detecting and treating brain cancer, the whole process is very 
difficult to manage and it is required to have studies for 
analyzing medical data. Machine learning approaches are 
currently widely used in analyzing the medical data. 

Frequently analyzed medical data is gene expression 
microarray data. Gene expression data show a numerical 
representation of gene expressions from specific regions of 
the human body. It is represented by a two-dimensional 
matrix in which rows represent genes as features, columns 
represent samples or conditions. The classification of 
microarray data means that assigning each sample to the 
predefined label or class according to the related gene 
expression values. Brain cancer classification is generally 
defined as binary-class classification problem. There are two 
main categories that a patient is assigned such as cancer or 
non-cancer, though the multiclass classification is more 
suitable for real life problems. Multiclass classification aims 
to separate the data set into more than two classes. There 
have been various studied on this subject in recent years. 

Danac et al. [3] studied breast cancer classification on a 
breast cancer dataset from Irvine University of California 
repository. Decision tree algorithm was used to classify 

samples and it was shown that the algorithm had become 
successful in detection of breast cancer. Verma and Mishra 
[4] analyzed breast cancer and diabetes dataset by using five 
different classification algorithms. While Naïve Bayes higher 
accuracy rate in breast cancer dataset, SVM has better 
performance on diabetes dataset rather than other algorithms. 
Soltaninejad et al. [5] proposed a segmentation method by 
adding new features to the RF method. The location of the 
tumor and texton can be identified by FCN-bases features. 
Experimental results showed that with the help FCN-based 
machine learning features and textons-based hand-crafted 
features a good segmentation of MRI images can be 
obtained. Omar et al. [6] used Multilayer Perceptron (MP) on 
54 MR images to detect benign tumors. In addition to these 
studies, Medjahed et al. [7] studied with a breast cancer 
dataset from the University Hospital of Wisconsin. The data 
were classified with KNN method by applying different 
distance metrics and classification rules. As a result of the 
study, the best accuracy ratio was reached for the Euclidean 
distance and Manhattan distance; the minimum classification 
time is recorded for the cosine and correlation distances. 
Osmanović et al. [8] proposed a study to estimate whether 
patients with ovarian cancer can survive or not. In this study, 
decision tree classifiers (decision tree, logistic model tree) 
and artificial neural network methods were applied. Data 
from Danish Cancer Registry Book was selected as data set. 
Feature selection was applied to the data set, and for the full 
data set the decision tree and MP results improved; for 
reduced data (data without noisy data) set only MP result 
improved. The results obtained through the reduced data set 
showed that patients with cystic but fixed and even cancer 
types died, while those with uneven but fixed and solid 
cancer can live with cancer. Besides this, in the study of 
Panca and Rustam [9]; the twin SVM method was used to 
classify the Broad Institute's brain cancer dataset. The results 
showed that the twin SVM can be an applicable method for 
microarray data classification and high accuracy rate can be 
achieved per class by this method. 

 

In this study, we consider using different machine 
learning methods such as Random Forest (RF), Multilayer 
Perceptron (MP), K Nearest Neighbor (KNN), Logistic 
Model Tree (LMT), Decision Tree (J48) and Naive Bayes for 
classification of brain cancer dataset. Comparative study was 
performed on a real gene expression microarray dataset from 
Broad Institute. It has been observed that how feature 
selection affects the experimental results. 
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II. METHODS  
In this study, six different classification algorithms were 

performed to observe which algorithm can be successful in 
detecting cancer samples.  

A. Decision Tree 
One of the mostly used classification methods is the 

decision tree. It provides a structure starting from the upper 
root node until the leaf nodes end. Thus, links with branches 
are provided. If-then conditions, which are a logical 
structure in nodes, are used in decision trees. Relationships 
can be revealed with decision trees [10]. This structure, it is 
initiated with the root node that placed at the top level. The 
possible outcome for each branch is tested with the decision 
node [11]. 

 

B. Naive Bayes 
Bayes theorem was introduced by a mathematician 

Thomas Bayes in the 17th century. Naive Bayes classifier is 
a machine learning method used to distinguish objects that 
differ according to certain features. The basis of its 
classification is based on Bayes' theorem. In the working 
principle of the Naive Bayes classifier, all attributes in an 
example are independent from each other [12]. 

 

C. Random Forest (RF) 
RF basically works with decision trees and it creates 

multiple trees during the learning phase. Each generated tree 
estimates separately and as a result all of them produce 
separate results. All generated trees are combined to get a 
result. [13]. 

 

D. Multilayer Perceptron (MP) 
 MP is a commonly used neural network type. Neural 
networks consist of three groups: input, hidden and output 
layers. The input layer redirects data directly to hidden layer, 
here predictions are made on the neural network and output 
is obtained from the result layer [14]. 

 

E. K-Nearest Neighbor (KNN) 
     KNN method is a lazy (instance-based) method. KNN 
method is not trained with the given data set, it memorizes 
that data set. Its implementation is quite simple; it takes 
unknown class label test sample and looks for the closest k 
training samples to the given test sample. Euclidean distance 
is a commonly used distance metric to find similarity 
between samples [15]. The process of the KNN method is 
given in the following steps [16]; 

• Determine number of nearest neighbors called k,  
• Calculate of distance between the query sample 

and all other training samples, 
• Sort the distance and determine nearest neighbors 

based on top k minimum distances, 
• Labeled the query data with the label of the nearest 

neighbor. 

F. Logistics Model Tree (LMT) 
The logistic model tree is a standard decision tree with 

logistic regression functions in the leaves. LR model is 
created with LogitBoost algorithm for tree nodes. Pruning in 
the logistic model tree is made with the CART algorithm. In 
ordinary decision trees, testing in attributes concerns all 
internal nodes, which is valid in LMT [17] [18]. 

     For the nominal attribute with k values, the node has k 
sub-nodes, and the samples are sorted by the appropriate k-
branch according to the attribute value. For numeric 
attributes, the node has two sub-nodes, the attribute value is 
compared with a threshold value, and its location is found. If 
the value is less than the threshold value, the sample is sorted 
in the left branch and if value is high, in the right branch. In 
the LMT algorithm, cross-validation takes part in 
determining the number of LogitBoost repetitions required to 
prevent over-fitting of training data [17] [18]. 

G. Dataset  
In this study, a brain cancer microarray gene expression 

dataset from Broad Institute [19] was used. There are 42 
samples, 7129 features and 5 classes in this dataset. Samples 
represent patients, features represent genes. Class 
distribution by samples is given as follows. 

 
• Medulloblastoma (MD): 10 Samples,  
• Malignant Glioma (MG): 10 Samples,  
• Atypical Teratoid Rhaboid Tumor (Rhab): 10 

Samples, 
• Normal Cerebullum (Normal/Ncer): 4 Samples, 
• Primitive Neuroectodermal Tumor (PNET): 8 

Samples 

As a preprocessing step, minimum-maximum (min-max) 
normalization was performed on our dataset to set the data in 
a linear form. The minimum value represents the smallest 
expression value of the related gene, while the maximum 
value represents the largest value among the data. Values 
between 0-1 are obtained with this process.  

Given the nature of gene expression data which generally 
involves a few hundred samples with thousands of genes as 
features, the analysis of such data has to be carried out 
successfully. Moreover, training with a huge number of 
features increases the computational time and causes 
overfitting and decreases the accuracy of the obtained model. 
To overcome these problems, a feature selection procedure is 
required. Feature selection (attribute selection) provides 
selecting set of features that are more relevant to get an 
efficient and successful model. It is frequently used in the 
field of health to simplify features that are difficult to 
analyze, such as microarray sequences. In this study 
Correlation-based Feature Subset Selection (CFS) method 
[20] was used as a feature selection method. In this method, 
correlation between features and output (class) is calculated 
and features are selected according to calculated values. CFS 
finds heuristic value measurement of the sub-feature set with 
the formula derived from binary correlations and test theory. 
CFS was used for training set with cross validation as a 
feature selection method and “Best Fit” algorithm was used 
as a searching algorithm 
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H. Evaluation 
To evaluate the performance of classification methods, 

Accuracy (1), Precision (2), Recall (3) and F-measure (4) 
were used. TP, FP, TN and FN values represent true 
positives, false positives, true negatives and false negatives, 
respectively. Overall accuracy and F-measure were used to 
compare performance of classification algorithms. 
Furthermore, F-measure is the harmonic mean of the 
precision and recall and it ranges between 0 and 1. The 
value of 1 indicates perfect precision and recall. 

 
             =                              (1) 

 
           =                                           (2) 
 
             =                                                (3) 

 
              =                   (4) 

 

III. RESULTS  

A. Emprical Results 
In this study, Naive Bayes, Decision trees, KNN, 

Logistics Model Tree, Random Forest (RF) and Multilayer 
Perceptron (MP) machine learning methods were used for 
multiclass classification of brain cancer microarray data. 
One-versus-all method was used to extend binary-class 
problem into multi-class problem. All experiments were 
performed by using WEKA open source software platform. 
10-fold cross validation was implemented by partition the 
dataset into train and test set to evaluate the obtained model.  

After having applied the min-max normalization each 
ML method performance are given in the Table 1. Accuracy 
and F-measure values are averaged values of all five classes. 
According to the results, it was observed that LMT and MP 
have equal rates among six methods. Bayes method gives 
better results. KNN was performed with different k values, 
best performance results was achieved with the value of 9, 
though it is seen that KNN has not been successful in 
detecting cancer samples.  

TABLE I. CLASSIFICATIONS RESULTS WITH NORMALIZATION 

 

Method 

LMT 
 

KNN 
 

Bayes J48 RF MP 

Accuracy 0.73 0.45 0.76 0.59 0.71 0.73 

F-measure 0.72 0.37 0.75 0.58 0.67 0.72 

 
In our study, feature selection was applied to get a more 

relevant feature set in the classification of brain cancer data. 
The experiments using 137 best features are given in Table 
2. According to the results, the best classification has been 
achieved with MP method with an accuracy rate of 97.61% 
and F-measure value of 0.97. In addition to this, J48 method 
has the lowest accuracy. It is clearly seen that feature 

selection method greatly improved the performances of each 
classification methods. 

TABLE II. CLASSIFICATIONS RESULTS WITH FEATURE SELECTION 

 

Method 

LMT 
 

KNN 
 

Bayes J48 RF MP 

Accuracy 0.85 0.76 0.88 0.73 0.95 0.97 

F-measure  0.85 0.74 0.87 0.72 0.95 0.97 

       
Moreover, Figure 1 gives accuracy rates of methods for 

each class individually.  It is clearly seen that MP method 
has best accuracy rates for each class besides the overall 
accuracy rate. In addition to this, classification methods 
were not successful in detecting cancer-related samples for 
the class named as “Normal” except MP method.  

 
 

 
 

 
Fig. 1. Accuracy Rate of Six Different Machine Learning Methods for 

Each Class 

IV. DISCUSSION 
Recently, brain cancer has become an important clinical 

problem along with many types of cancer. Researchers have 
been focused on analyzing cancer data to overcome cancer-
related deaths for people all around the world. Considering 
huge amount of data, various numbers of cancer types and 
high treatment costs, researchers need efficient and accurate 
predictive models in cancer detection. For this reason, 
automated and effective analyzing methods have been 
currently studied by researchers with the help of machine 
learning approaches.  

The aim of this study was to achieve the multi-class 
classification of brain cancer by using different machine 
learning algorithms. The study was conducted on a 
microarray gene expression data which had five different 
classes. Before applying machine learning methods, 
normalization and feature selection were performed as 
preprocessing steps. Experimental results show that 
Multilayer Perceptron (MP) method has higher accuracy rate 
compared with other methods. In addition to this, feature 
selection has an important effect on the detection of the 
cancer related samples. It can be considered that if the study 
is repeated by collecting samples for all types of brain 
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cancer in the future, the genes causing brain cancer can also 
be detected. Thus, brain cancer can be detected earlier and 
people's quality of life can be improved. 
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