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ABSTRACT 

A Comparative Study of Feature Selection and Classification Methods for 

Gene Expression Data 

Heba Abusamra 

 

Microarray technology has enriched the study of gene expression in such a way that scientists 

are now able to measure the expression levels of thousands of genes in a single experiment. 

Microarray gene expression data gained great importance in recent years due to its role in disease 

diagnoses and prognoses which help to choose the appropriate treatment plan for patients. This 

technology has shifted a new era in molecular classification, interpreting gene expression data 

remains a difficult problem and an active research area due to their native nature of “high 

dimensional low sample size”. Such problems pose great challenges to existing classification 

methods. Thus, effective feature selection techniques are often needed in this case to aid to 

correctly classify different tumor types and consequently lead to a better understanding of genetic 

signatures as well as improve treatment strategies.  

This thesis aims on a comparative study of state-of-the-art feature selection methods, 

classification methods, and the combination of them, based on gene expression data. We compared  

the efficiency of three different classification methods including: support vector machines, k-

nearest neighbor and random forest, and eight different feature selection methods, including: 

information gain, twoing rule, sum minority, max minority, gini index, sum of variances, t-

statistics, and one-dimension support vector machine. Five-fold cross validation was used to 

evaluate the classification performance. Two publicly available gene expression data sets of glioma 

were used for this study. 

 Different experiments have been applied to compare the performance of the classification 

methods with and without performing feature selection. Results revealed the important role of 

feature selection in classifying gene expression data. By performing feature selection, the 

classification accuracy can be significantly boosted by using a small number of genes. The 

relationship of features selected in different feature selection methods is investigated and the most 

frequent features selected in each fold among all methods for both datasets are evaluated.  

http://en.wikipedia.org/wiki/Gene_Expression
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CHAPTER 1 

INTRODUCTION 

1.1   Gene Expression Data  
In every living organism, there are basic hereditary units known as genes. Genes are segment 

deoxyribonucleic acid (DNA) that holds genetic information for encoding specific cellular 

ribonucleic acid (RNA) and proteins. The central dogma of molecular biology describes how 

proteins are produced from DNA which is divided into two main steps illustrated in Figure 1.1. The 

first step, known as transcription, describes that a gene in DNA is expressed by transferring its 

coded information into messenger ribonucleic acid (mRNA). The second step, known as 

translation, describes that proteins are produced based on information from the mRNA. This 

process of transcription and translation that allows a gene to be expressed as proteins is known as 

gene expression [1]. 

 

 

 

                                      Figure 1.1: Central dogma of molecular biology. 

 

Although almost every cell in the body of an organism contains an exact same copy of the 

DNA, mRNA level varies over time and different cell types as well as varies within cells under 

different conditions. The amount of mRNA being expressed plays an important role. The more 

mRNA produced, the more proteins produced. The level of mRNA is used as a measure of gene 

expression. In other words, gene expression level indicates the amount of mRNA produced in a cell 

during protein synthesis. Some tumors occur because of mutation of certain genes and it is reflected 

in the change of the expression level of these certain genes, which  means the genes are expressed 

abnormally in particular cells, either being up-regulated (express in a higher amount), down-

regulated (express in a lower amount) or not being expressed [2]. The difference between the gene 

expression levels produces a specific profile for each gene. There are a number of experimental 

 Translation 

 DNA   Protein    mRNA 

Transcription 
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techniques to measure gene expression such as expression vector, fluorescent hybridization, and 

DNA microarray. 

 

DNA microarray technology is one of the fastest-growing new technologies that has 

empowered the study of gene expression in such a way that scientists can now measure the 

expression levels of large numbers of genes in a single experiment rather than performing 

experiments and gathering data for a single gene at a time [3]. This helps to discover the roles 

played by specific genes in the development of diseases. Particularly, DNA microarray enables 

scientists and physicians to understand the pathophysiological mechanisms in diagnoses and 

prognoses, and choosing the appropriate treatment plan for patients at the gene expression level. 

The microarray technology produces large datasets with expression values for thousands of genes 

(2,000-20,000), but with only a small number of samples. The data are usually organized in a 

matrix of n rows and m columns, which is known as a gene expression profile. The rows 

correspond to genes (usually genes of the whole genome) and the columns correspond to the 

samples. Figure 1.2 shows an illustration of a gene expression profile. 

 

 

 

 

 

 

 

 Figure 1.2: An illustration of gene expression profile. 

It is essentially important to analyze the gene expression profiles. For instance, in analyzing 

cancer tumors, the biologists hope to distinguish and select genes that are responsible for the 

growth of tumor cells from the experiment. This information can be used to identify and classify 

future new patient’s sample into their category. However, considering the amount and complexity 

of the gene expression data, it is impossible to analyze the n × m gene expression matrix manually. 

http://en.wikipedia.org/wiki/Gene_Expression
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Thus, computational methods are urgently needed. Computationally speaking, the problem is a 

classification problem. The goal is to find a way to differentiate healthy samples from samples with 

diseases, or differentiate samples with different level of diseases. Due to the nature of the problem, 

which is “high dimension low sample size”, traditional classification methods often do not perform 

well. Dimension reduction or feature selection is essential in such problems.  

 

1.2  Machine Learning for Gene Expression Data 

Machine learning is an automatic and intelligent learning technique, which has been spread 

significantly to solve many complex and real world problems. In bioinformatics, machine learning 

techniques have been successfully applied to advance a number of major problems, such as 

bimolecular structure prediction, gene finding, and analyzing gene expression data. Because these 

techniques are efficient and inexpensive in solving bioinformatics problems and are suitable for 

molecular biology data due to the ability of learning algorithms to build classifiers/hypotheses that 

can explain high dimensional and noisy biological data, they have been widely used to classify 

gene expression data for the past years [4, 5]. 

Generally speaking, in machine learning, there are mainly two types of classification schemes: 

supervised learning, like support vector machines (SVMs), neural networks, and k-nearest 

neighbors (KNN), where a set of samples with known labels is available to guide the learning 

process; and unsupervised learning, where no samples with known labels are given to the learner. 

Besides these two basic categories, there are other learning schemes, such as semi-supervised 

learning, reinforcement learning and active learning.  

With the "curse of dimensionality" of gene expression microarray data, it is common that a large 

number of genes are not informative for classification because they are either irrelevant or 

redundant. For that, feature selection techniques become apparently needed for both domains: 

biology and computation/statistics. Selecting gene markers that present the maximum 

discriminative power between cancerous and normal cells or between different types of cancerous 

cells is a central step towards understanding the underlying biological process which becomes one 

of the vital research areas in microarray data analysis. The identification of a small number of key 

genes can help biologists to get a better understanding of the disease mechanism and have a simpler 

principle for diagnosis. On the other hand, computational and statistic experts are more concerned 
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in dealing with the noisy data with redundant features and avoiding the over-fitting issues, which 

often happen when there are only small number of samples. Thus, feature selection can 

significantly ease computational burden of the classification task and can reduce the number of 

genes by removing the meaningless features not just without the loss of the classification accuracy 

but even significantly enhance it [5-10]. 

Filter approach and wrapper approach are widely used for feature selection [11]. Filter methods 

are the ones that select features as a pre-processing step. That is, they select features without 

considering the classification accuracy. On the other hand, the wrapper methods use the predictive 

accuracy of an algorithm to evaluate the possible subset of features and select the subset of features 

that provides the highest accuracy. Therefore, although wrapper methods usually have higher 

accuracy than the filter methods, they are much more computationally expensive and have a higher 

risk of over-fitting than filter methods. In problems with a large number of features, such as the 

gene expression problems, wrapper methods are often infeasible and filter methods are often 

adopted due to their computational efficiency [12]. In this thesis, we will focus on filter methods 

for feature selection. 

 

1.3   Problem Statement 

Cancer diagnosis nowadays is based on clinical evaluation and physical examination and also 

refers to medical history. But this diagnosis takes a long time. It might be too late to cure the 

patient if a tumor is found in its critical stage. Also, it is very important for diagnostic research to 

develop diagnostic procedures based on inexpensive microarray data that have adequate number of 

genes to detect diseases. The classification of gene expression data is challenging due to the 

enormous number of genes relative to the number of samples. It is common that a large number of 

genes are not informative for classification because they are either irrelevant or redundant. For that, 

it is significant to find whether a small number of genes are sufficient for gene expression 

classification. This thesis focuses on a comparative study of the state-of-the-art feature selection 

and classification algorithms and proposes an effective way to combine some of them together to 

achieve a more stable performance. 
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1.4   Thesis Outline  

The remainder of the thesis is organized as follows. Chapter 2 gives a review of different machine 

learning techniques used for gene selection and classification problems. Chapter 3 describes the 

methodology adopted to achieve the objectives of this research and the experimental results. 

Finally, this thesis ends with conclusion and discussion in Chapter 4. 
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CHAPTER 2 

METHODS 

2.1  Data Normalization 

The gene expression data generated from the DNA microarray technology cannot be directly used 

for analysis because there might be inconsistencies between the scales of measurements in different 

conditions or samples. Different factors may produce these inconsistencies. For instance, different 

equipment has been used to prepare and process microarray gene expression data sets. Such data 

are collected at different times or with the use of different methodologies for preprocessing the 

individual arrays [13]. Normalization is a necessary step to effectively analyze gene expression 

data, as well as to mitigate unwanted variation in expression measurements and allow data to be 

comparable in order to find actual changes. There are a number of widely used normalization 

methods, such as z-score, min-max, and quantile normalization [14]. 

 Z-score normalization uses the mean and standard deviation for each feature across a set of 

training data to normalize each input feature vector. The mean and standard deviation are computed 

for each feature. The transformation is given in the Equation (I). 

         ( )   
    

  
                                                                                                       (I) 

Where    and    are the mean and standard deviation of the attribute  , respectively.  

 

Min-max normalization rescales the features or outputs from one range of values to a new 

range of values lie in the closed interval from 0 to 1. The rescaling is often accomplished by using a 

linear interpretation formula, as in Equation (II). 

Min-max ( )  
      

         
                                                                                 (II) 

Where      and      are the minimum value and the maximum value of the attribute  , 

respectively. 
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Quantile normalization is a popular scaling method for gene expression data [15]. It attempts to 

transform data from different distributions to a common distribution by making the quantiles of the 

distributions equal. This method starts by sorting each column of   to give        , then takes the 

means cross the rows of       and assign these means to each element in the row to get        , and 

finally get             by rearranging each column of         to have the same ordering as the  

original  . 

 

2.2   Feature Selection Methods 

As mentioned earlier, the high dimensionality of gene expression data remains challenging. Among 

thousands of genes whose expression levels are measured, some genes are not informative for 

classification. Thus, there is a need to select some genes that are highly related to particular classes 

for classification, known as informative genes. This process is known as gene selection, which is 

also referred to as feature selection in machine learning. Many gene selection algorithms have been 

applied in gene expression data analysis. Some of the most widely applied methods in literature are 

briefly described as follows [16, 17]. 

 

T-statistic is one of the most popularly used filter methods for feature selection. This method 

measures the statistical significance of a difference of a particular feature between the two classes. 

Genes with the largest t-statistics are then selected. T-statistic is computed using Equation (III). 

T-          
   

      
  

√
(  

 ) 

  
  

(  
 ) 

  

                                                                           (III) 

Where   ,   , and n are the mean, standard deviation and sample size in the positive and 

negative classes. 

Chi -squared statistic (  )  is a filter method that evaluates features individually by measuring 

their chi-squared statistic with respect to the classes. Entropy-based discretization method is used to 

discretize gene expression values into several intervals. Then the Chi-square value of each gene is 

computed by 

       ∑ ∑
(     

       

 
)
 

       

 

 
   

 
                                                                              (IV) 
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Where m is the number of intervals, k the number of classes, N the total number of samples,    

the number of patterns in the i
th
 interval,    the number of patterns in the  j

th
  class,  and      the  

number  of  patterns  in  the  i
th
  interval and the j

th
 class. The genes with larger Chi-square statistic 

values are then selected for the classification. 

Information gain is a univariate filter method that has been extensively used in microarray data 

to identify informative genes, and it has been reported to be the superior gene selection technique 

by [18,19]. This method computes how well a given feature separates the training samples 

according to their class labels. It measures the expected reduction in entropy caused by splitting the 

samples according to a particular feature. For feature F and samples S the information gain is 

computed by  

     (   )  ∑
     

           ( )  (       ( )         (   ))                                   (V) 

           ( )  ∑   
 

 
      

 
 

 
                                                                               (VI) 

 Where k is the number of different classes, and    is the proportion of S  belonging to class i. 

Values(F) is the set of all possible values for feature F, and     is the subset of S that is consisting 

of samples for which feature F has the value v.  

Signal-to-noise ratio (SNR) computes the mean   and the standard deviation   for each feature 

(gene) to identify the expression patterns with a maximal difference in mean expression between 

two groups and minimal variation of expression within each group . SNR has been used in cancer 

classification of gene expression data [20]. For binary class, SNR is computed using Equation(VII). 

      
      

      
                                                                                                                   

(VII)  

Twoing rule was first proposed by Breiman [21], for decision trees. The twoing rule is defined 

as: 

                             
      

  
( ∑   

  

   
  

  

   

 
     )                                                        (IX) 
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Where          are  the number of samples on the left and right of a split at node T, N is the  

total number of examples at node T,            are the  number of samples in class i on the left, 

right of the split respectively, and   is the number of classes.  

Gini index was also proposed for decision trees by Breiman [21]. Gini index is defined as: 

             
   

 
(   ∑ ( 

  

   
)
 
)  

   

 
 (  ∑ ( 

  

   
)
 

 
   

 
   )                                  (X) 

Where         are the number of samples on the left and right of a split, N is the total number 

of examples,           are the number of samples in classes i on the left and right of the split 

respectively, and   is the number of classes.  

Max minority was defined in the context of decision trees by Heath [22]. Max minority has the 

theoretical benefit that a tree built minimizing this measure will have depth at most log n. Max 

minority is computed by  

                               (∑   
 
            ∑   

 
            )                          (XI) 

Where k is the number of classes,            are the number of samples in class i on the left 

and right of the split respectively.  

Sum minority is very similar to max minority. If max minority is defined as the maximum value 

between the left and right minority then sum minority is the sum of these two values. This measure 

is the simplest way of quantifying impurity, as it simply counts the number of misclassified 

instances. 

Sum of variances is computed by: 

                   ∑   
    

     
 

   
( ∑   )

   
   

 
 + ∑   

    
     

 

   
( ∑   )

  
   

 
     (XII) 

Where c is the class of the i
th
  or  j

th
 sample, and        are the number of samples on the left  

and right of a split. 
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One-dimensional SVM was developed by Yang Su [23]. This method trains an SVM on each 

gene's expression values. The gene's measure is the function optimized by the SVM training 

algorithm. Standard SVM training algorithms run in O(n
3
) time, where n is the number of training 

samples. The authors have developed and implemented an algorithm for training one-dimensional 

SVMs with linear kernels that runs in O(n log n) time. 

                            

2.3    Classification Methods 

Different classification algorithms in machine learning have been applied to predict and classify 

different tumor types using gene expression data in recent research. Classification is the problem of 

identifying to which different category a new observation belongs. If there are two categories or 

classes, then the classification is known as the binary classification problem; and if there are three 

or more classes, then it is called the multi-classification problem. The main process of classification 

in machine learning is to train classifier to accurately recognize patterns from given training 

samples and to classify test samples with the trained classifier. Building a classifier that is as 

accurate as possible in classifying new samples is challenging for several reasons. If the training set 

is relatively small, then it is less likely to capture the underlying distribution of the data. Another 

problem is the complexity of the model and its generalizing capabilities. If the classifier is too 

simple it may fail to capture the underlying structure of the data. However, if the classifier is too 

complex and there are too many free parameters, it may incorporate noise in the model, leading to 

over-fitting, where the learned model highly fits the training set, but performs poorly on test 

samples. As mention earlier, there are two main types of learning schemes in machine learning, i.e., 

supervised learning and unsupervised learning. Here we focus on supervised binary classification 

methods. We summarize below some of the most commonly used supervised learning algorithms. 

They are among the top ten supervised classification methods identified by the Institute of 

Electrical and Electronics Engineers (IEEE) [24]. 

Support vector machines (SVMs) are based on simple but powerful idea, yet is a very popular 

classification method. The formal basics of SVMs are briefly explained below. Starting with the 

simplest type of SVMs which is linear classification. In linearly separable cases, a separating 

hyperplane H is considered to be the best if its margin is maximized. The margin is the distance 

between two parallel hyperplanes, each of which sits on the support vectors of one category. To 

demonstrate this idea let us consider Figure 2.1. For the same training set, different separating 
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hyperplanes can be found, but the aim is to find the optimal hyperplane that does not only separate 

training samples of one class from the other, but also separates the testing samples as accurately as 

possible. 

                                                     H 

 

                                                                              
                                                                                                                    Support 
                                                                                                                                                          Vectors                                                                      
 

                                                                                                                    

                                                                                                                       Margin 

Figure 2.1: Illustration of separating hyperplanes and the margin. 

General hyperplane equation can be expressed as          where x is the vector of a data 

point, w is a weight coefficient vector, and b is a bias term. The hyperplane should separate the 

data, so that           for all the     of one class, and             for all the    of the 

other class. However, in many practical problems there is no linear boundary separating the classes. 

In such cases, the technique of “kernel” is used to map the training samples from the original space 

into a higher dimensional space, and to learn a separator in that space. 

SVM classifier is widely used in bioinformatics due to its high accuracy, theoretical guarantees 

regarding over-fitting, ability to deal with high-dimensional data such as gene expression, and 

flexibility in modeling diverse sources of data [25, 26]. 

K-nearest neighbor (KNN) is one of the simplest but widely used machine learning algorithms. 

Generally in this algorithm "distance" is used to classify a new sample from its neighbors. The 

most common class among its K distance wise nearest neighbors will be assign to this new sample. 

Figure 2.2 helps to illustrate the algorithm in details. 
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                                              Figure 2.2: Illustration of the KNN algorithm. 

For a given data point, KNN assumes that all samples correspond to points in the d-

dimensional space. For example, let the samples be points in the two-dimensional space and with 

"+" or "-" (positive and negative, respectively) class label as shown in the figure. To classify an 

unknown sample x, we measure the distance (using some distance metric, e.g. the Euclidean 

distance) from x to every other training sample. The K smallest distances are identified, then x is 

classified with class label that has the majority of its K neighbors. For instance, in Figure 2.2, if 

K=1 then x will be classified as negative. However, if K=5 then x will be classified as positive. In 

case of tie, x is assigned randomly.                                                                                                                     

This example introduces the problem of choosing a proper K (the number of neighbors). If K is 

too small, then the result can be sensitive to noise. On the other hand, if K is too large, then the 

neighborhood may include too many points from other classes. The best choice of K depends upon 

the data. While there is no rule for choosing the best K, a common way is to try several possible 

values for K and select the one with the lowest error estimation. In binary classification problems, it 

is useful to choose K to be an odd number as this avoids tied votes. 

KNN is considered a non-parametric lazy learning algorithm. Non-parametric technique means 

that it does not make any assumptions on the underlying data distribution. Lazy algorithm means 

that there is no explicit training phase. For high-dimensional datasets, dimension reduction is 

usually performed prior to applying KNN algorithm in order to avoid the effects of the curse of 

dimensionality [27, 28]. 
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http://en.wikipedia.org/wiki/Dimension_reduction
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ID3 decision tree 

Decision tree learning is a tree-based classification method. Decision trees classify samples by 

sorting them down the tree from the root to some leaf node. Each internal node in the tree specifies 

a test of some features of the sample, each branch from that node corresponds to a possible range of 

values for the feature, and each leaf leads to a decision of a class label. Samples are classified by 

going down the tree from the root to some leaf node, according to the branch conditions. There are 

many algorithms for growing a decision tree. Most of them have a core mechanism that employs a 

top-down, greedy construction of the decision tree. 

 

The ID3 algorithm is a good example of decision tree construction using a top-down approach. 

It starts with training set as the root node by considering which feature should be tested at the root 

of the tree. To answer this question, ID3 iterates through every feature using information gain to 

examine which feature has the smallest entropy (or the largest information gain). Then, a branch is 

made for each possible value of this feature in case if the feature values are discrete, and for some 

possible intervals in case of continuous values, and the training samples are classified accordingly. 

The same process is then repeated using the training samples associated with each child node. 

When all features have been tested, a leaf node is created with a class label the same as to the 

majority label of all samples that belong to the path leading to this leaf. In case of tie, the class 

label is selected randomly. This method performs a greedy search for the decision tree, and it never 

backtracks to reconsider earlier choices. This strategy can easily lead to over-fitting, especially if 

the training set is small, where the tree structure can be highly sensitive to small changes [29]. 

Therefore, there are either pre-processing or post-processing methods to deal with the over-fitting 

issue.  

 

2.4   Error Estimation Methods and Evaluation 

Generally speaking, classification suffers in bioinformatics due to the "small samples in 

conjunction with large numbers of features" nature of bioinformatics data. When there are 

insufficient data to split the samples into training and testing sets, estimating and reporting 

classification accuracy becomes a problem. There are external methods for error estimation that 

utilize the original data without incurring substantial bias [30].  

 



24 
 

Hold-out is considered as the simplest partitioning that splits data to two or more partitions as 

cross validation. This method splits data randomly to two unequally sized groups. The largest 

partition is used for training while the second is used for testing. This method is usually preferable 

and does not take time to compute. However, the holdout estimate of error rate depending heavily 

on the split you end up. This drawback appears clearly in case if we have sparse data. 

Cross validation is a statistical method of evaluating and comparing learning algorithms by 

repeatedly partitioning the given data set into two disjoint subsets: the training and the test subset. 

The training subset is used to build the classifier, then the samples belong to the test subset is used 

to test the trained classifier. The process is repeated with several partitions and gives an estimate of 

the classification performance. The most common form of cross-validation is k-fold cross-

validation [31]. 

 K-fold cross-validation: The k-fold cross-validation partitions the given data set into k 

equally sized subsets. Then, training is done on k-1 subsets and testing is done on the 

remaining subset. This process is repeated k times (folds) with each subset is taken to be a 

test set in turn. 

 Leave-one-out cross-validation: In this method we use k-fold cross-validation where k is 

equal to the number of samples in the data set. In each ‘fold’, n-1 samples are used as 

training set and a single sample is used for testing. This procedure is repeated for all 

samples. This method is computationally expensive as it requires the construction of n 

different classifiers. However, it is more suitable for smaller datasets. 

There are several ways to measure the effectiveness of classification in classifying unlabelled 

samples. First, I will introduce the confusion matrix. A confusion matrix displays the number of 

correct and incorrect predictions made by the model compared with the actual class labels in the 

test data. The matrix is k-by-k, where k is the number of classes. In binary class problem, confusion 

matrix consists of four cells, True Positive (TP), False Positive (FP),False Negative(FN),and True 

Negative(TN) which derive all the other measures. 
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  Predicted Label 

    Positive Negative 

Actual Label Positive True Positive 

(TP) 

False Negative 

(FN) 

Negative False Positive 

(FP) 

True Negative 

(TN) 

Table 2.1: The confusion matrix 

Where TP is the number of positive samples that are classified as positive in the test set; FP is 

the number of negative samples that are classified as positive. FN is the number of positive samples 

that are classified as negative; and TN is the number of negative samples that are classified as 

negative. For each fold of cross validation, we keep count these four values to construct the 

confusion matrix. After constructing the confusion matrix, different measures can be computed. 

Some of them are briefly described below. 

Accuracy refers to the percentage of correct predictions made by the model when compared with 

the actual class labels in the test data. 

             
     

           
                                                                                   (XIII) 

True positive rate (TPR) (also called sensitivity, hit rate, and recall) is the proportion of 

positive instances that are correctly classified as positive 

        
  

     
                                                                                                          (XIV) 

True negative rate (TNR) also called specificity is the proportion of negative instances that are 

correctly classified as negative. 

       
  

     
                                                                                                           (XV) 

 

2.5   Related Work  

Many machine learning methods have been introduced into microarray classification to attempt to 

learn the gene expression data pattern that can distinguish between different classes of samples in 

recent years. 
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The work done by Mehdi [16] evaluated and compared the efficiency of different classification 

methods, including SVM, neural network, Bayesian classification, decision tree (J84, ID3) and 

random forest methods. Also, a number of clustering methods including K-means, density-based 

clustering, and expectation maximization clustering were applied to eight different binary (two 

class) microarray datasets. Further, the efficiency of the feature selection methods including 

support vector machine recursive feature elimination (SVM-RFE), Chi-squared, and correlation-

based feature selection were compared. Ten-fold cross validation was used to calculate the 

accuracy of the classifiers. First the classification methods were applied to all datasets without 

performing any feature selection. In most datasets SVM and neural networks performed better than 

other classification methods. Then the effect of feature selection methods was examined on the 

different classification methods. Various number of genes were tested (500,  200,100, and 50) and 

the top 50 genes were selected because it gave a good accuracy,  consumed less processing time, 

and required less memory configurations comparing to others. Almost in all cases, the accuracy 

performance of classifiers was improved after applying feature selections methods to the datasets. 

In all cases SVM-RFE performed very well when it was applied with SVM classification methods. 

Liu, Li and Wong [32] presented a comparative study of five feature selection methods using 

two datasets (Leukemia and Ovarian cancer). The feature selection methods are: entropy-based, 

Chi-squared, t-statistics, correlation-based, and signal-to-noise statistic. The top 20 genes that have 

the highest score in chi-squared, t-statistics, and signal-to-noise were selected, and all the features 

recommended by correlation-based were selected. For entropy, features having an entropy value 

less than 0.1 were selected if existed, or the 20 features with the lowest entropy values were 

selected otherwise. The effectiveness of these features was evaluated using KNN, C4.5, naïve 

Bayes, and SVM classifiers. SVM reported the least error rate among the other classification 

methods when applied to the datasets without feature selection. When applying feature selection on 

the datasets, the accuracy performance of the four classifiers was greatly improved in most cases. 

The work by Tao Li [33] studied and compared the results of multiclass classification using 

many feature selection and classification methods on nine multiclass gene expression datasets. The 

"RankGene" software was used to select the informative and related genes on the training set with 

eight methods supported in this software: information gain, twoing rule, sum minority, max 

minority, Gini index, sum of variances, one-dimensional SVM, and t-statistics. The top 150 ranked 

genes in every dataset were selected. The multiclass classifiers that were used to evaluate the 

selected genes were : SVM, KNN, naive Bayes and decision tree. In the experiments the original 
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partition of the datasets into training and test sets was used whenever information about the data 

split was available. Otherwise four-fold cross validation was applied. They concluded that the 

SVM had the best performance in all the datasets. The KNN classifier gave reasonably good 

performance on most of the datasets which means it is not problem-dependent. Other interesting 

discussions of their report were that it was difficult to choose the best feature selection method, and 

the way that feature selection and classification methods interacted seemed very complicated. Due 

to the separation of the gene selection part from the classification part, there is no learning 

mechanism to learn how those component interact with each other. 

Although a number of comparative studies have been done on feature selection and 

classification methods on gene expression data, they were all conducted on different gene 

expression data sets. Furthermore, there was no detailed analysis of the genes identified from those 

studies and how to possibly combine the strength of them. The main contributions of this thesis are 

based on three folds. First, to our knowledge, this is the first comparative study of machine learning 

methods on gene expression data of glioma. Second, we found out two gene expression data sets 

that shared exactly the same genes for the same disease. Thus we can study the stability of different 

methods. Third, instead of selecting genes only, we analyzed those genes and proposed a way to 

combine genes found from different data sets together to get a more accurate and stable set of 

features. 
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CHAPTER 3 

RESULTS 

3.1   Data Sets 

In the United States, about 40,000 people are diagnosed with primary brain tumor each year [34]. 

Primary brain tumor arises from cells of the brain itself and spreads to another location in the body. 

About 42 percent of primary brain tumors and 77 percent of malignant brain tumors are glioma, the 

most common and fastest-growing form of brain cancer. Glioma is a type of primary central 

nervous system (CNS) tumors that arises from glial cells. The most common site of glioma is the 

brain but they can also affect the spinal cord or any other part of CNS such as the optic nerves. 

Glioma is classified by the type of cells it influences. The type that arises from the connective 

tissue cells is called astrocytoma. Oligodenroglioma is the type that affects the supportive tissue 

cells of the brain, and the one arises from ependymal cells is called ependymoma. The seriousness 

of these types depends on its grade. Each type of glioma is classified by its grade. The low grades 

of glioma (grade I and II) are benign and the high grades (grade III and IV) are the most serious.  

Astrocytomas are the most common type of glioma and there are two different types of high-grade 

astrocytoma tumors which are defined by their grade: anaplastic astrocytoma (AA) is grade III of 

astrocytoma and glioblastoma multiforme (GBM) is grade IV. Anaplastic oligodenroglioma (AO) 

is the grade III of oligodendroglioma [35]. Microarray technology has proven to be very useful in 

the molecular classification of astrocytoma grades [36].  

Two publicly available gene expression data sets of glioma have been used in the experiments. 

The datasets were labeled according to the names of the authors of the respective studies: ‘Freije’ 

[37] and ‘Phillips’ [38]. Both data sets are from Gene Expression Omnibus (GEO) [39] , and were 

originally generated using the affymetrix arrays (U133A platform). The Freije data set contains 85 

expression profiles for seven patients, including a total of 11 repeat samples. Here, we excluded the 

repeated samples to end up with 74 samples of grade III (24 samples) and grade IV (50 samples) 

with 12,287 features or genes. The Phillips data set shares the same genes as the Freije data set, but 

with 98 samples of grade III (23 samples) and grade IV (75 samples). Table 3.1 summarizes the 

information of the two data sets.   
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Table 3.1: Summary of the two microarray data sets 

 

 

In the Freije dataset, all patients for primary brain cancers between 1996 and 2003 undergoing 

surgical treatment at the University of California, Los Angeles were invited to participate in the 

Institutional Review Board approved study. Fresh-frozen samples were obtained at the time of 

initial surgical treatment. Only grade III and IV gliomas were included in this study. Patient ages at 

diagnosis varied from 18 to 82 years. There were 46 females and 28 males. The data set was 

downloaded from http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4412 . 

     In the Phillips dataset, fresh-frozen samples were obtained at the time of initial surgical 

resection from patients with ages greater than twenty without prior therapy. Institutional Review 

Board/Human Subjects approval was obtained for these retrospective laboratory studies at 

University of California, San Francisco and M.D. Anderson Cancer Center. The data set was 

downloaded from  http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4271 . 

 

3.2   Data Processing 

Two publicly and binary class of microarray gene expression data sets are used in the experiments. 

Before starting the experiments, data preprocessing is an important step due to the noisy nature of 

the data generated by microarray technology. Both data sets have to be normalized to decrease the 

expression measurements variation. Min-max normalization is used to normalize the data sets. The 

gene expression values are scaled such that the smallest value for each gene becomes zero and the 

largest value becomes one. Heat-maps of the two data sets used for the experiments after 

normalization are shown in Figure 3.1. Notice that there is no clear pattern in both heat-maps that 

split the two classes. 

Dataset Samples Tumor Type Samples in 

each type 

Features Platform Database 

Freije 74 Grade IV   (GBM) 

Grade III   (AA),(AO)  

  

50 

 24  

12,287 U133A GEO 

(GSE4412) 

Phillips 98 Grade IV     (GBM) 

Grade III      (AA)  

75 

 23  

12,287 U133A GEO 

(GSE4271) 

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4412
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4271
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                                   (a)                                                                     (b) 

Figure 3.1: Heat-maps of normalized data sets The row represents samples, and column represents 

genes. (a) Heat-map of the Phillips data set. (b) Heat-map of the Freije data set. The right most color-bar 

indicates color for each values of expression level, and the left most color-bar indicates the two classes, blue 

(grade III), and red (grade IV). 

 

 

3.3   Feature Selection 

The methodology is simply divided into two phases: (i) the feature (genes) selection that will be 

used for training and testing and (ii) evaluation of the effectiveness of feature selection methods 

using different classifiers. "Rankgene" software is used for gene selection. This software was 

proposed by Su [40], and supports eight different feature selection methods: information gain, 

twoing rule, sum minority, max minority, gini index, sum of variances, one-dimensional SVM, and 

t-statistics. The former six methods have been widely used either in machine learning (e.g., 

information gain and gini index) or in statistical learning theory (e.g., twoing rule, max minority, 

and sum of variances). The latter two determine the effectiveness of a feature by evaluating the 

strength of class predictability when the prediction is made by splitting the full range of expression 

of a given gene into two regions, the high region and the low region. The split point is chosen to 

optimize the corresponding measure. Rankgene software was downloaded from 

http://genomics10.bu.edu/yangsu/rankgene/. Feature selection was performed on the training set 

only. Several number of genes were tested using the eight feature selection methods (20, 50, 100, 

http://genomics10.bu.edu/yangsu/rankgene/
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150, 200, and 250) and top 20 genes that have the highest score were selected because it performed 

well, consumed less time, and required less memory configurations comparing to others.  

 

3.4   Classification 

After selecting the top 20 genes, we applied three different classification methods SVM, KNN, and 

random forest, and obtained the accuracy on the test set. The classification results are then used to 

compare the effectiveness of various feature selection methods. 

SVMs: the ability of SVMs to deal with high dimensional data such as gene expression made this 

method the first choice for classification. LIBSVM package for SVM implementation in MATLAB 

is used in the experiments. The four different kernels (linear, polynomial, radial, and sigmoid) are 

tested . In each case, the degree parameter (d) in kernel functions is set to 0, and two parameters (C, 

and γ) are changed to different values, and the pair of (C, γ ) with the best cross-validation accuracy 

is picked. Trying exponentially growing sequences of C is a practical method to identify good 

parameters [41]. Here, we tried the values of parameters as C = 2
5
, 2

4
, …, 2

-6
 and γ =0.0001, γ×2, 

…, 1. 

 

KNN: The simplicity is its main advantage. Euclidian distance is used as the distance metric, and 

to break the tie, K is set to be an odd number from 1 to 11, and the K that reports the best cross-

validation accuracy is selected. 

 

Random forest: is a classifier that uses a collection of decision trees, each of which is a simple 

classifier learnt on a random sample from the data. The classification of a new sample is done by 

majority voting of the decision trees.  

Given N training samples, each having M features, each tree is grown as follows: First, n 

instances are sampled at random (with replacement) from the training set. This sample is the 

training set of the tree. Then, at each node, m << M of the features are selected at random. The best 

split on these m features is used to branch at the node. The random forest classifier uses “gini 

index” as the splitting function to determine which feature to split on during the tree learning 

phase. The same value of m is used for all trees in the forest. Each tree is grown to the largest 

extent possible, without pruning. 

Although each individual tree grown by the random forest algorithm can severely over-fit the 

data, the whole random forest is very resistant to over-fitting, owing to the effect of averaging over 
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many different trees. From this respect, the larger the number of trees, the better. Random forest 

gains many advantages of decision trees as well as achieves better results through the usage of 

bagging on samples, random subsets of variables, and a majority voting scheme. Random forest is a 

classification algorithm well suited for microarray data, it reports superior performance even when 

most predictive variables are noisy [42]. 

 The random forest package by Leo Breiman and Adele Cutler is used in the experiments with 

500 trees and without replacement. Each experiment is repeated ten times then the average  

accuracy, sensitivity, and specificity of the ten trails is reported.  

 

 

 3.5   Evaluation 

 Five-fold cross validation is used. In each fold, feature selection is applied to the training set and 

the selected features are tested on the testing set. The average accuracy, sensitivity, and specificity 

of the five folds are reported. 

 

3.6   Experimental Results 

The classification methods were first applied to both datasets without performing any feature 

selection. Results of the 5-fold cross validation are shown in Figure 3.2 and Table 3.2. In both data 

sets, SVM performed better than other classification methods due to its suitability for high 

dimensional data. SVM classification had the best accuracy in the Freije data set with an accuracy 

of 91.89% and in the Phillips data set with an accuracy of 86.73%. For the Freije data, linear, radial, 

and sigmoid kernels of SVM gave a higher accuracy than polynomial, while linear gave lower 

accuracy than other kernels in the Phillips. KNN achieved the best performance when K=3, i.e., an 

accuracy of 90.54% and 84.69% for the Freije and Phillips data sets, respectively. Random forest 

reports the minimum accuracy (87.88%) in the Freije data, and in the Phillips data set has almost 

the same accuracy as 3-NN but with worse specificity (49.13%). 
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Figure 3.2: Accuracy of the classification methods on the 5-fold cross validation without performing 

feature selection. 

Table 3.2: Accuracy of the 5-fold cross validation of classification methods for all genes 

In the next experiment, we will apply the classification methods to both datasets after selecting 

the top twenty genes of each feature selection methods.  

Results on the Freije data set 

The performance of SVM and 3-NN vary in different feature selection methods. With only twenty 

features selected by information gain, gini index, sum of minority methods, or 1-dimentional SVM, 

SVM maintained the same accuracy (91.89%) as that by using all features . Using sum of variances 

and max minority achieved the minimum accuracy (89.18%). Gini index and 1-dimentional SVM 

achieved the best accuracy in 3-NN (90.54%). For random forest, the accuracy performance was  

improved after applying feature selection mostly in all cases. The highest accuracy is achieved 

(91.22%) by sum of variances, while the minimum accuracy (87.57%) was the same as that by 

 SVM 3-NN Random Forest 

Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity 

Freije 
91.89% 96.45% 82.56% 90.54% 92.26% 86.35% 87.84% 95.49% 70.87% 

Phillips 
86.73% 92.24% 69.24% 84.69% 88.76% 73.81% 84.29% 95.06% 49.13% 
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using all features. Figure 3.3 summarizes the performance of feature selection and classification 

methods. 

Figure 3.3: Accuracy of the 5-fold cross validation of feature selection and classification methods on 

the Freije data set. No(without feature selection), Ts(t-statistics),SoV(sum of variances), MM(max 

minority), SM(sum of minority), GI(gini index), TR(twoing rule), and IG(information gain). 

 

Results on the Phillips data set 

For the Phillips data set, almost  in all  cases,  the accuracy  performance of SVM was improved 

after applying feature selections. With only twenty features, SVM had the highest accuracy 

(88.77%) with t-statistics and gini index. Almost for the other feature selection methods it 

maintained the same accuracy as that by using all features. The performance of random forest had 

not improved much after performing feature selection. It maintained the same accuracy (84.14%) 

as using all features with 1-dimetional SVM and sum of minority, while the accuracy decreased by 

maximum 2% with other methods. The same situation happened for 3-NN except it achieved the 

minimum accuracy (76.53%) with the information gain method, 8% less than the best accuracy 

(84.28%) achieved by using t-statistics. Figure 3.4 summarizes the performance of classification 

methods after performing feature selection on the Phillips data set.  
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Figure 3.4: Accuracy of the 5-fold cross validation of feature selection and classification methods on    

the Phillips data set. 

 

It is difficult to select the best feature selection method. There does not seem to exist a clear 

winner. For that we were interested to deeply study the relationship of features selected in each 

method. Therefore, we selected the top twenty features that are most frequent among all feature 

selection methods. The methodology was as the following: as there are 5-fold cross validation, in 

each fold we applied the feature selection methods on the training set and selected the top twenty 

features. The union of the top twenty features selected in all folds for each method was recorded. 

Then we computed the frequency of each feature among all the feature selection methods. We first 

applied this experiment on the Freije data set, and we found seven features appeared in all methods 

while seventeen features appeared in seven methods. The correlation coefficient between the 

seventeen features was high. Thus thirteen of seventeen features were randomly selected. Results 

of 5-fold cross validation for the twenty common features on the Freije and Phillips data sets are 

shown in Table 3.3. For the three classification methods, the accuracy performance was improved 

using these twenty features on the Freije data set. SVM and 3-NN reported the best accuracy 

(94.59%). Random forest achieved 90.95% with very high sensitivity and specificity. To validate 

these features, we used the Phillips data set as a validation set. However, the results were not 

promising. For sigmoid-SVM, it achieved the highest accuracy of 84.69% while polynomial-SVM 

achieved the minimum accuracy (76.53%). The highest accuracy for KNN when K=5 was 82.65%, 

and 79.39% for random forest with very high sensitivity. However, the specificity is rather low for 

the three classification methods. 
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Table 3.3: Results of the 5-fold cross validation using the twenty most frequent selected from the Freije 

data set 

 

        The heat-maps for these features on both data sets are shown in Figure 3.4. We can clearly 

notice a difference between this heat-map of the Freije data set and the one we saw before in 

Section 3.1. Here, we can see a cut between the two classes. Ten features are highly expressed in 

one class, and the other ten are lowly expressed in the same class. But for the Phillips data set we 

cannot clearly see that. This explains why we had high accuracy on the Freije data set, but not on 

the Phillips data set. 

Freije Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 94.59% 96.07% 91.30% 

polynomial 93.24% 96.07% 86.95% 

radial 94.59% 96.07% 91.30% 

sigmoid 94.59% 96.07% 91.30% 

KNN    

K=1 90.54% 94.11% 82.60% 

K=3 94.59% 96.07% 91.30% 

K=5 93.24% 96.07% 86.95% 

K=7 93.24% 96.07% 86.95% 

K=9 93.24% 96.07% 86.95% 

K=11 93.24% 96.07% 86.95% 

Random 

Forest 
90.95% 95.49% 80.87% 

Phillips Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 80.61% 94.67% 34.78% 

polynomial 76.53% 100% 0 

radial 81.63% 94.67% 39.13% 

sigmoid 84.69% 94.67% 52.17% 

KNN    

K=1 76.53% 80.11% 65.21% 

K=3 79.59% 85.33% 60.86% 

K=5 82.65% 90.67% 56.52% 

K=7 81.63% 90.67% 52.17% 

K=9 81.63% 90.67% 52.17% 

  K=11 80.61% 89.33% 52.17% 

Random 

Forest 
79.39% 91.20% 40.87% 
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                               (a)                                                                                    (b) 

Figure 3.5: Heat-maps of the 20 most frequent features selected from the Freije data set on (a)  Freije 

data (b)  Phillips data. 

 

We repeated the same experiment but this time the most frequent features between the eight 

feature selection methods were selected from the Phillips data set. The same methodology was 

followed. The twenty most frequency features were selected. Here we found four features were in 

common among all methods. These features achieved better accuracy in both data sets than the 

features selected from the Freije data set. Results are shown in Table 3.4. SVM reported the best 

accuracy (91%) in both data sets with high sensitivity and specificity. In the Phillips data set, 7-NN 

and random forest reported good accuracy (88%). In the Freije data set, 9-NN reported accuracy of 

87.8% with good sensitivity and specificity (94% and 73%, respectively). Random forest reported 

84% accuracy, 91% sensitivity, and 66% specificity. 

 

 

 

 

 

 

. 
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Table 3.4: Results of the 5-fold cross validation using the twenty most frequent features  selected from 

the Phillips data set 
 

 
 The heat-maps of these features on both datasets are shown in Figure 3.5. We can clearly notice 

a difference between this heat-map on the Phillips data and the one we saw before in section 3.1 as 

well as the one in the previous experiments. Here, we can see a cut between two classes in the 

Phillips dataset. The affect of these features on the Freije data set is better than the affect of the 

features selcted from freije data on the Phillips data in the previous experiment. 

                                 (a)                                                                           (b)                                                                                                                                               

Figure 3.6: Heat-map of the 20 most frequent features selected from the Phillips data set on (a) Freije 

data (b) Phillips data 

Freije Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 90.54% 96.07% 78.26% 

polynomial 89.18% 96.07% 73.91% 

radial 91.89% 96.07% 82.60% 

sigmoid 91.89% 94.11% 86.95% 

KNN    

K=1 77.02% 86.27% 56.52% 

K=3 83.78% 86.27% 78.26% 

K=5 82.43% 88.23% 69.56% 

K=7 86.48% 94.11% 69.56% 

K=9 87.83% 94.11% 73.91% 

K=11 86.48% 96.07% 65.21% 

Random 

Forest 
84.05% 91.96% 66.52% 

Phillips Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 90.81% 93.33% 82.60% 

polynomial 90.81% 96.07% 73.91% 

radial 90.81% 94.67% 78.26% 

sigmoid 91.83% 94.67% 82.60% 

KNN    

K=1 84.69% 92.11% 60.86% 

K=3 87.75% 92.11% 73.91% 

K=5 86.73% 89.33% 78.26% 

K=7 88.77% 90.67% 82.60% 

K=9 88.77% 92.24% 78.26% 

K=11 87.75% 90.67% 78.26% 

Random 

Forest 
88.16% 91.46% 77.39% 
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The next experiment is important to investigate the difference between the two groups of most 

frequent features selected fromthe Freije and Phillips data sets. We compared the two groups of 

features, and there was no feature in common between two groups found. The correlation 

coefficient of features in the two groups was calculated to find out if there is a relationship between 

them. We found the seven features in Freije and the four features in Phillips that appear in all 

feature selection methods are correlated. The correlation results of  the features can be found in the 

Appendix. 

       

 

 

 

 

 

 

 

 

 

 

Table 3.5: Results of the 5-fold cross validation using the 40 features in the Freije and Phillips data 

      

We then evaluated the performance of the combination of the two sets of twenty features 

selected from both data sets. The best accuracy was achieved in both data sets with high sensitivity 

and specificity. Results of the 5-fold cross validation are shown in Table 3.5 for both data sets. 

SVM reported the highest accuracies in Freije and Phillips of 94.59% and 90.81%, respectively. 

KNN achieved its best performance when K is set to 7 in both datasets. Random forest reported an 

accuracy of 90.54% in the Freije data set and 87.96%in the Phillips data set. The good performance 

of these features is reflected in heat-maps as well. The heat-maps for these features on both datasets 

are shown in Figure 3.6. 

Freije Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 94.59% 96.07% 91.30% 

polynomial 91.89% 96.07% 82.60% 

radial 94.59% 96.07% 91.30% 

sigmoid 94.59% 96.07% 91.30% 

KNN    

K=1 90.54% 94.11% 82.60% 

K=3 90.54% 96.07% 78.26% 

K=5 90.54% 96.07% 78.26% 

K=7 91.89% 96.07% 82.60% 

K=9 91.89% 96.07% 82.60% 

  K=11 90.54% 96.07% 78.26% 

Random 

Forest 
90.54% 94.51% 81.73% 

Phillips Dataset 

 Accuracy Sensitivity Specificity 

SVM    

linear 90.81% 94.67% 78.26% 

polynomial 84.69% 92.28% 60.86% 

radial 90.81% 94.67% 78.26% 

sigmoid 90.81% 94.67% 78.26% 

KNN    

K=1 82.65% 88.45% 65.21% 

K=3 84.69% 88.24% 73.91% 

K=5 85.71% 88.24% 78.26% 

K=7 86.73% 89.33% 78.26% 

K=9 85.71% 88.24% 78.26% 

  K=11 84.69% 86.67% 78.26% 

Random 

Forest 
87.96% 91.46% 76.52% 
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                             (a)                                                                                            (b) 

Figure 3.7: Heat-map of the 40 features selected from both the Freije and Phillips data sets on (a) Freije 

data (b) Phillips data. 

 

 From these forty genes, we found some genes that are related to glioma such as microtubule-

associated protein tau (MAPT) [43, 44], bone morphogenic protein receptor, type II (BMPR2) [45], 

glutamate dehydrogenase 1 (GLUD1) [46], syndecan 1 (SDC1) [47] and programmed cell death 4 

(PDCD4).  Information of the forty genes can be found in the Appendix. 
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CHAPTER 4 

CONCLUSION AND FUTURE WORK 

4.1  Conclusion and Discussion 

We presented a comparative study of state-of-the-art feature selection methods and classification 

methods based on gene expression data. The efficiency of three different classification methods 

including: SVM, KNN and random forest, and eight different feature selection methods, including 

information gain, twoing rule, sum minority, max minority, gini index, sum of variances, t-

statistics, and one-dimension support vector machine was compared. These methods were applied 

to two publicly available gene expression data sets of glioma. Five-fold cross validation was used 

to evaluate the classification performance. 

Different experiments have been applied to compare the performance of the classification 

methods with and without performing feature selection. Results revealed the importance of feature 

selection in classifying gene expression data. By performing feature selection, the classification 

accuracy can be significantly boosted by using a small number of genes. Moreover, the    

relationship of features selected in different feature selection methods was investigated and the 

most frequent features selected in each fold among all methods for both data sets were evaluated. 

The top twenty frequent features were selected first from the Freije data set and evaluated on both 

data sets. The result on the Freije data achieved the maximum accuracy of 94%, with 96% 

sensitivity and 91% specificity using SVM and 3-NN. However, the result on the Phillips data set 

was not promising. The same process was repeated again on the Phillips data set. The top 20 

frequent features of the Phillips data set achieved better performance in both data sets than the 

features selected from the Freije data set. The top twenty frequent features selected from the Freije 

and the Phillips data sets were compared and there was no feature in common found. The 

correlation coefficient of features in two groups was calculated to find out if there was a 

relationship between them. We found the seven features in Freije and the four features in Phillips 

that appeared in all feature selection methods are correlated. The forty features were combined and 

evaluated. The results demonstrated that the set of forty features gave high and stable accuracy. 



42 
 

4.2  Future Work 

In the future, we plan to study the effect of doing feature selection and classification altogether. 

One possible way is to use wrapper methods. Another possible way is to combine the feature 

selection in the classification learning process. For instance, we can add a feature selection term in 

the objective function of SVMs, so that the optimization problem can do feature selection and 

classification simultaneously.  

Another direction of future research is to combine the information from different data sets 

together. It is a commonly seen scenario that there are a number of biological data sets, such as the 

two used in this thesis, that share the same features but are collected by different groups under 

different experimental conditions. Thus, they may have different underlying distributions. Yet they 

share highly relevant information. Each data set may be small and not sufficient to learn a good 

classifier. In such cases, transfer learning is a possible way to borrow information between the data 

sets. For instance, if we combine the two data sets used in this thesis together, we will end up with 

172 samples (74 from Freije and 98 from Phillips). Direct feature selection and classification on 

this combined data set does not result in good accuracy, as shown in Figure 3.7. Therefore, we plan 

to apply transfer learning techniques on this combined data set in the future.  

 

 

 

 

 

 

 

 

 

 

Figure 3.8: The heat-map of the combined dataset. 
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APPENDIX 

 

(A) The correlation results of the 40 features 

The first column represents the frequency of 20 features selected from Phillips data set, and the 

first row represents the frequency of 20 features selected from Freije data set. 

 

 

 

 

      Frieje 

 

Phillips 

7 7 7 7 7 7 7 7 7 7 7 7 7 8 8 8 8 8 8 8 

6 -0.26 0.13 -0.22 0.19 -0.15 -0.10 0.38 0.16 -0.08 -0.06 0.03 0.07 0.05 0.07 0.15 0.03 0.23 0.12 0.23 0.09 

6 -0.46 0.21 -0.45 0.18 0.02 -0.28 0.22 0.33 -0.10 0.01 0.05 -0.22 0.32 0.29 0.46 0.10 0.50 0.24 0.53 0.49 

6 0.16 -0.14 0.38 -0.09 -0.16 0.18 -0.14 -0.33 -0.24 -0.10 -0.18 0.37 -0.47 -0.21 -0.43 -0.15 -0.39 -0.34 -0.36 -0.47 

6 -0.42 0.37 -0.44 0.38 0.00 -0.26 0.43 0.44 -0.07 0.00 0.00 -0.15 0.39 0.47 0.63 0.22 0.64 0.44 0.52 0.62 

7 0.05 -0.03 0.12 -0.16 0.28 0.03 -0.11 -0.26 0.11 -0.06 -0.10 0.03 -0.26 -0.10 -0.06 0.14 -0.08 -0.19 -0.07 -0.31 

7 -0.46 0.32 -0.45 0.43 -0.04 -0.25 0.48 0.40 -0.14 -0.01 0.08 -0.24 0.32 0.44 0.48 0.28 0.61 0.33 0.49 0.58 

7 -0.38 0.22 -0.32 0.25 0.18 -0.25 0.32 0.40 -0.01 0.00 0.09 -0.25 0.38 0.39 0.53 0.18 0.49 0.42 0.53 0.45 

7 -0.47 0.28 -0.56 0.41 0.10 -0.31 0.39 0.54 0.02 0.06 0.15 -0.24 0.52 0.42 0.59 0.28 0.64 0.45 0.65 0.69 

7 0.26 -0.17 0.25 0.02 -0.10 -0.07 -0.36 -0.42 -0.25 0.27 0.05 -0.02 -0.45 -0.47 -0.42 -0.11 -0.44 -0.33 -0.48 -0.44 

7 0.18 -0.21 0.55 -0.25 0.10 0.33 -0.17 -0.39 -0.04 -0.21 -0.21 0.15 -0.27 -0.25 -0.39 -0.13 -0.32 -0.30 -0.40 -0.43 

7 0.38 -0.11 0.17 -0.22 0.13 0.07 -0.22 -0.16 0.24 0.12 0.12 0.01 -0.20 -0.25 -0.27 0.02 -0.26 -0.07 -0.28 -0.30 

7 -0.33 0.16 -0.40 0.27 -0.06 -0.21 0.39 0.40 0.08 -0.01 -0.01 -0.07 0.45 0.27 0.43 0.07 0.51 0.31 0.49 0.53 

7 -0.44 0.05 -0.21 0.16 0.21 -0.02 0.30 0.41 0.06 -0.25 -0.10 -0.08 0.45 0.44 0.52 0.21 0.50 0.38 0.54 0.42 

7 -0.22 0.14 -0.22 0.07 -0.08 -0.11 0.24 0.21 -0.15 -0.02 -0.17 0.02 0.26 0.34 0.33 0.07 0.35 0.19 0.26 0.26 

7 0.55 -0.22 0.20 -0.20 0.01 0.29 -0.25 -0.16 0.14 0.29 0.23 0.12 -0.12 -0.28 -0.36 -0.29 -0.39 -0.15 -0.27 -0.37 

7 0.36 -0.36 0.47 -0.42 0.11 0.43 -0.23 -0.38 0.20 -0.10 -0.08 0.31 -0.20 -0.28 -0.48 -0.28 -0.49 -0.27 -0.34 -0.51 

8 -0.42 0.18 -0.30 0.43 0.00 -0.26 0.38 0.54 0.10 0.02 0.12 -0.18 0.46 0.23 0.37 0.14 0.53 0.47 0.48 0.56 

8 -0.38 0.17 -0.34 0.21 -0.18 -0.11 0.34 0.29 -0.30 -0.04 -0.13 -0.06 0.19 0.37 0.36 0.05 0.42 0.13 0.36 0.42 

8 -0.37 0.19 -0.33 0.43 -0.20 -0.19 0.43 0.50 -0.09 0.02 0.04 -0.13 0.34 0.31 0.43 0.04 0.53 0.38 0.50 0.59 

8 0.27 -0.08 0.29 -0.26 0.07 0.12 -0.44 -0.37 0.07 0.08 0.10 0.03 -0.24 -0.32 -0.31 -0.03 -0.41 -0.28 -0.37 -0.43 
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(B)  The 40 selected genes description 

 

Gene symbol                Gene name                                                                        

CCDC46                           Coiled-coil domain containing.                                        

DGKI                                Diacylglycerol kinase, iota.                                               

FAM114A1                      Family with sequence similarity 114, member A14.         

IKZF5                              IKAROS family zinc finger 5 (Pegasus).      

MGC12488                      Hypothetical protein MGC12488. 

MRC2                              Mannose receptor, C type 2. 

OSBP                               Oxysterol binding protein. 

PDCD4                            Programmed cell death 4 (neoplastic transformation inhibitor).  

PPP2CB                           Protein phosphatase 2 (formerly 2A), catalytic subunit, beta isoform. 

RPRD1A                         Regulation of nuclear pre-mRNA domain containing 1A. 

TRIM23                          Tripartite motif-containing 23. 

TRIP6                             Thyroid hormone receptor interactor 6. 

UBL3                              Ubiquitin-like 3. 

BMPR2                           Bone morphogenetic protein receptor, type II (serine/threonine kinase). 
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MAPT                            Microtubule-associated protein tau. 

MTPAP                      Mitochondrial poly(A) polymerase. 

MYST4                      MYST histone acetyltransferase (monocytic leukemia) 4. 

NCOA2                      Nuclear receptor coactivator 2. 

PAR5                         Prader-Willi/Angelman syndrome-5. 

ZMYND11                Zinc finger, MYND domain containing 11. 

RPS28                       Ribosomal protein S28. 

SDC1                        Syndecan 1. 

TBC1D5                   TBC1 domain family, member 5. 

ATXN2L                  Ataxin 2-like 

BTRC                       Beta-transducin repeat containing. 

CSDC2                    Cold shock domain containing C2, RNA binding. 

GLUD1                   Glutamate dehydrogenase 1. 

NIT2                       Nitrilase family, member 2. 

OLFML2A             Olfactomedin-like 2A. 

P2RX1                    Purinergic receptor P2X, ligand-gated ion channel, 1. 

PC                           Pyruvate carboxylase. 

RASSF4                 Ras association (RalGDS/AF-6) domain family member 4. 
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SERPINB7            Serpin peptidase inhibitor, clade B (ovalbumin), member 7. 

SHOX2                 Short stature homeobox 2. 

SYDE1                Synapse defective 1, Rho GTPase, homolog 1 (C. elegans). 

EPB41L2             Erythrocyte membrane protein band 4.1-like 2. 

FSHR                   Follicle stimulating hormone receptor. 

TNKS2                Tankyrase, TRF1-interacting ankyrin-related ADP-ribose polymerase 2. 

TSP50                  Testes-specific protease 50. 


