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An Approach to reduce the large feature space of Microarray Gene 

Expression Data by gene clustering for efficient sample classification 
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INTRODUCTION 

Microarray measures expression data of thousands of genes simultaneously. These expression 

data are arranged into a matrix, where, rows are samples and columns represent number of genes. 

Each element of the matrix is the expression level of a gene under given condition and is given as 

a real number. Classification is an important data mining technique in the area of bioinformatics. 

By using microarray technology, computer researchers having no previous biological knowledge, 

are trying to classify cancer samples [6, 12].By classifying microarray data into normal type of 

samples and cancerous type, it is possible to diagnose cancer and find treatment for that.  Standard 
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ABSTRACT 

Microarray Gene expression data has a huge number of genes as features and a very small 

number of samples. This paper proposes a method of dimensionality reduction for high-

dimensional microarray gene expression data.  The large dimensionality of the feature space in 

microarray dataset is reduced by assimilating the features into line segments. Before applying 

dimension reduction, genes with similar properties are grouped and significant genes from each 

group are selected by ranking the genes. Among the various traditional classifiers applied on 

gene expression data, we have used the most widely used, k-Nearest Neighbor (k-NN), Support 

Vector Machine(SVM), Naive Bayes (NB) and Decision Tree (DT) classifiers, in our work. 

Experiments conducted on binary class microarray data sets demonstrate that, the proposed 

method performs well and achieves better classification accuracy and can be a useful approach 

for cancer data classification. 

 

Keywords:Dimension reduction, Feature space, Cluster analysis, significant genes, and 

Classifier performance. 
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machine learning techniques cannot perform well for cancer classification, due to the problem of 

high dimensionality and small sample size [17] of the datasets. Dimensionality reduction 

improves the classification performance by removing the redundant and irrelevant genes [3]. 

Also, reducing the number of genes will reduce the computational expenses and helps researchers 

to concentrate on the informative genes for biological validation. 

Feature selection and Feature Extraction are the two methods of dimension reduction. In feature 

selection [34, 45], significant genes which help in differentiating the classes are identified. Filter 

model and wrapper model are the two techniques of feature selection [21]. In filter method, gene 

selection is independent of learning algorithm. Ranking is the most commonly used filter gene 

selection method in cancer classification problem. Ranking method uses an evaluation statistic for 

each gene and selects genes which are most discriminative between two groups of samples and 

arranges the genes in decreasing order of statistical score. In our work, we have chosen the most 

popular ranking method, student t-test [25] for ranking gene features. 

With the help of microarray gene expression data, heterogeneous cancers can be classified, but the 

challenge is its high dimension. When the data cannot be processed because of its large size, 

divide and conquer concept can be used and the data is divided into subsets [29, 30] and then 

process these subsets. In microarray research, it has been proved that related genes have similar 

expression patterns across all samples [13, 40].The huge dimension of the microarray gene 

expression data can be reduced by clustering the feature space into gene groups with similar 

expression patterns and informative genes selected from each of these clusters are used for sample 

classification. 

Many of the earlier classification methods on microarray data give a poor classification result 

because of the noise occurring from irrelevant and redundant variables. An interesting approach to 

reduce or summarize variables would be to use symbolic data analysis (SDA) introduced by [5, 

10, 11]. In this direction, Multi-dimensional data reduction is proposed in [22], where, regression 

line concept is used to reduce the feature values of a sample to only two features - slope and 

intercept. In our work, we have proposed dimensionality reduction method which reduces the set 

of features into symbolic features that are fewer and the classification is performed on the reduced 

dataset. 

 

RELATED WORK 

The method of grouping gene features for reduction before classification is used by many 

researchers for microarray data analysis. The basic approach in [19] is to cluster the genes, and 

then, based on the quality of the cluster, one or more representative genes are selected from each 

cluster.  In Attribute Clustering Algorithm [2], mutual information is used to cluster genes and 

top-ranked genes are selected from each cluster for analysis. Distinct patterns in gene expression 

dataset are discovered [23] and gene clustering is done for reducing the data dimension. A two-

stage classification method for microarray dataset is described in [43], where, in the first stage, 

top ranked genes are selected and passed to the second stage for classification. DRAGS (Dense 

Relevant Attribute Group Selector) method [44] groups features based on DGF (Dense Group 

Finder) algorithm, where, features in a group are nearer to the same density peak and one 

representative feature is selected from each group for classification.  In two stage algorithm 

proposed in[32], t-test is used to identify the top most gene in each cluster and Sequential Forward 

Feature Selection is applied to these selected genes and then classification is performed. K-means 



DOI:  https://dx.doi.org/10.26808/rs.ca.i8v3.01 

International Journal of Computer Application (2250-1797)  

Issue 8 Volume 2, March-April 2018 

3 
 

method is used to group gene feature set into clusters [18], and Particle Swarm Optimization 

(PSO) with Extreme Learning Machine (ELM) is used for gene selection. 

DESCRIPTION OF THE METHODS USED 

K-means Clustering 

K-means method performs clustering in very few iterations. This algorithm divides the dataset 

into K disjoint subsets by taking the number of clusters (K) as input. Genes are grouped by 

calculating the distance between each gene and the center of each cluster, such that, the distance 

between genes within a cluster is minimum and between genes of different clusters is maximum. 

Since, the correct number of clusters cannot be estimated, the algorithm must be repeated for 

different values of K and clustering results are compared. In literature, genes are grouped by 

various diverse clustering methods. It has been shown that K-means clustering can generate stable 

gene groups, which are predictive [15, 44]. K-means algorithm uses Euclidian distance or Pearson 

correlation distance. In our work, we have used Pearson correlation coefficient distance in K-

means clustering, as it is found to be effective for gene expression data. 

 

T-test Ranking 

We have used student t-test statistical method to identify significant genes in each group [32, 25]. 

T-test is a parametric method, it finds features where mean value is maximum between groups 

and variability is minimum within each group.  Genes with higher t-scores are considered 

important, as they show significant difference between groups. The test is performed on each gene 

and the genes are sorted in descending order of t-statistic value so that the most significant genes 

can be selected. t score of each gene is calculated using equation (1). 

  
       

  
  
 

  
  

  
 

  
 

                                                

Where, t is the t score, μ1   μ2   are sample mean, s1 s2 are sample standard deviation, n1 n2 

represent number of samples in the two classes class1 and class2. 

 

Proposed Feature Reduction Method 

The top ranked genes in each group are summarized into four features by our proposed feature 

space reduction method as explained below: 

 

Successive feature values fi, fi+1, fi+2 … fi+m are assimilated into a line segment, if the points (i, fi), 

(i+1, fi+1), . . . (i+m,fi+m) are almost on a line. This can be inferred by comparison of slopes of 

adjacent points. For example, (i, fi), (i+1, fi+1), (i+2, fi+2) are approximated by a line if the slope of 

line joining first two points is approximately equal to the slope of line joining later two points. 

That is, if  |(fi+1 - fi) – (fi+2 - fi+1)| ≤  ε. We conducted experiments on a range of thresholds and ε is 

set to 0.5. ‘n’ successive feature values are approximated by a single line segment, if the slopes of 

line joining adjacent points are nearly equal. Thus the features are transformed into fewer number 

of line segments. 

A feature vector may have any number of line segments. We then compute average slope of all 

the line segments of a feature vector. The transformed symbolic features are the number of line 

segments and the average slope of all line segments. The process is repeated for all samples in 
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that group. Each feature set is represented by a feature descriptor of the form V= (v1,v2, v3,v4), 

where v1 is the number of line segments, v2 is the average slope of these line segments, v3 is the 

first feature of the sample and v4 is the last feature of the sample. v3 and v4 are required to 

distinguish one sample from another, as the number of line segments and average slope may be 

same for two or more samples. To distinguish such samples we have included two more features 

v3 and v4.Thus, the number of features is reduced to 4. Gene expression values in a cluster are 

more or less the same for all samples from the same class. The number of line segments and the 

average slope will be same for samples from the same class. Instead of comparing individual 

expression values, we need comparison of only 4 feature values after one transformation to line 

segment. The process is repeated for all clusters. The number of features in each sample for final 

classification is K (number of groups) × 4. Example of line segments generated for feature values 

of a cluster of some sample in leukemia dataset is shown in Figure 1. Framework of feature 

reduction by our proposed method is shown in Figure 2. 

 

 

Fig 1:Transformation of features into line segments 

 

 

 

 

 

 

 

 
 

 

Fig 2:Framework of feature reduction by gene grouping and classification technique 

 

Proposed Model 

Algorithm: Feature reduction and classification 

Input:   Microarray dataset D of size N × m 

Output:  A class label vector 
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Method: 

 

Step 1: Features are grouped into K groups using K-means clustering method and set   

 of  gene groups GS1,GS2, … GSK are generated. 

 

Step 2: For each group GSi(for i =1 to K)  repeat step 3through step 6. 

 

Step 3: Select significant genes using t-test where p-value<=0.05 

 

Step 4:For every sample repeat step 5 and step 6. 

 

Step 5: Sequence the genes in the order of selection from step3 and fit lines for gene  

  expression values. 

 

Step 6: Compute the features(v1,v2, v3, v4) 

 

Step 7 :Classify samples using new reduced feature set. 

 

Step 8: Stop. 

 

DATA SETS AND EXPERIMENTS  

The binary class microarray datasets used in our experimentation are summarized in Table 1. The 

number of samples and number of genes in each dataset is also given. The datasets are normalized 

to have zero mean and unit standard deviation. 

 

Table 1.  Description of the Datasets 

Dataset Genes(m) Samples(N) Reference 

Leukemia 7129 72 [17] 

Prostate 6033 102 [37] 

CNS 7129 34 [28] 

DLBCL 5470 77 [36] 

Ovarian 4000 216 [24] 

Breast 4348 97 [41] 

 

We used the following parameters for the classifiers: In k-Nearest Neighbors (kNN) classification 

algorithm[14] Euclidean distance metric is used and experiments are conducted for k=1,3,5,7 and 

best results are reported. For Support vector machine (SVM) classifier[9], a linear kernel is used. 

For Decision trees (DT) [31] method, 10 is the minimum parent size and 1 is the minimum leaf 

size. In the Naïve Bayes classification(NBC) algorithm [20] a kernel distribution was used with 

predictors. For evaluation we have used the leave-one-out cross-validation method, as microarray 

datasets have very few samples. Accuracy is used as the performance measure.For 

experimentation, we have used WEKA data mining tool [42]. 
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RESULTS AND DISCUSSION 

Results of the experiments conducted on the datasets are given in this section. Table 2 shows the 

results obtained for various cluster sizes. The first column has the result of classification accuracy 

for the original data without grouping or feature reduction and the next columns show the 

accuracy for  the datasets grouped into different number of clusters (K=2,3, … 10)  and then 

reduced using the proposed method. 

Table 2. Classification accuracy (%) of datasets 
   Number of Clusters 

Dataset  Original data 2 3 4 5 6 7 8 9 10 

Leuk kNN 91.67 97.22 94.44 98.61 95.83 97.22 98.61 95.83 93.06 98.61 

SVM 95.83 98.61 95.83 98.61 94.44 98.61 98.61 98.61 95.83 97.22 

NBC 87.5 97.22 93.06 91.67 97.22 93.06 97.22 95.83 97.22 88.89 

DT 94.44 91.67 90.28 98.61 91.67 90.28 91.67 91.67 94.44 94.44 

            

Prostate kNN 86.27 96.1 96.1 89.61 96.1 97.4 92.21 93.51 85.71 96.1 

SVM 92.16 89.61 97.4 92.21 97.4 99.02 97.4 90.91 93.51 93.51 

NBC 83.33 97.4 97.4 90.91 98.61 96.1 90.91 97.4 92.21 94.81 

DT 85.29 93.51 89.61 93.51 94.81 98.04 96.1 92.21 97.4 97.4 

            

DLBCL kNN 92.16 96.08 92.16 92.16 98.00 96.08 96.08 96.08 98.04 96.08 

SVM 88.24 95.10 91.18 92.16 95.10 95.10 95.10 91.18 90.20 95.10 

NBC 82.45 88.24 84.31 89.22 89.22 88.24 88.24 89.22 88.24 83.33 

DT 82.35 82.35 80.39 86.27 80.39 82.35 82.35 86.27 82.35 84.31 

            

Ovarian kNN 85.65 89.35 90.28 88.89 89.81 91.67 85.65 83.80 89.81 89.81 

SVM 91.2 98.15 90.28 92.59 98.15 91.20 96.30 95.37 98.15 92.59 

NBC 82.29 83.33 87.96 91.67 84.26 91.67 83.89 84.72 84.26 91.67 

DT 80.9 85.19 87.96 83.80 86.11 87.50 86.57 86.57 86.57 83.80 

            

Breast Cancer kNN 93.44 95.88 95.88 97.94 97.94 93.81 95.88 98.97 95.88 95.88 

SVM 93.81 96.91 93.81 93.81 92.78 96.91 93.81 97.94 93.81 96.91 

NBC 89.22 94.85 94.85 96.91 94.85 95.88 94.85 97.94 94.85 94.85 

DT 85.29 96.91 87.63 93.81 96.91 93.81 87.63 98.02 87.63 96.91 

           

CNS kNN 88.24 91.18 95.12 91.18 94.12 88.24 88.24 94.12 91.18 91.18 

 SVM 85.29 88.24 94.12 85.29 82.35 91.18 91.18 88.24 94.12 85.29 

 NBC 85.29 79.41 88.24 86.24 85.29 85.29 79.41 85.24 79.41 88.24 

 DT 80.15 82.34 88.24 85.29 87.63 88.24 82.35 82.35 88.24 85.29 

 

Validity of the obtained results 
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The number of optimal clusters in each dataset is verified using Silhouette scores [33]. Silhouette 

value for each point is a measure of how similar that point is to points in its own cluster compared 

to points in other clusters and it gives a view of the compactness and separation of clusters. 

Silhouette score is used to estimate the number of clusters for gene expression data [4, 38, 39]and 

higher silhouette value indicates a good cluster. Silhouette plot obtained for the experimental 

datasets for 2 to 10 clusters is shown in Figure 3. The figure reports the optimal number of 

clusters for the datasets. 
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Fig 3: Silhouette plots for all the experimental data sets for clusters = 2, 3, … 10 

 

From the above Table 2, it is evident that we get best classification accuracy for the optimal 

number of clusters for most of the experimental datasets. Classification accuracies for these 
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datasets reported in various literature is given in Table 3. The highest classification accuracy 

obtained by our proposed model for the selected datasets is also given in Table 4. 

 

Table 3. Classification accuracies obtained from various methods 
Reference Dimension reduction method Classifier Dataset Name Accuracy 

[26] Multi-Filter enhanced genetic ensemble(MF-GE) 

DT 

kNN 

NBC 

Leukemia 84.51 

95.48 

96.27 

[27] Support vector based t-statistic ranking (SVt-RFE) SVM 

Leukemia 

Prostate 

CNS 

Breast Cancer 

98.41 

97.18 

92.05 

92.47 

[16] Diverse Accurate Feature Selection (DAFS) SVM 

Leukemia 

Prostate 

DLBCL 

97.5 

92.3 

98.0 

[8] Effective Range based Gene Selection (ERGS) 

NBC 

Leukemia 

Prostate 

DLBCL 

98.61 

94.12 

94.79 

SVM 

Leukemia 

Prostate 

DLBCL 

100 

93.14 

96.88 

[35] (Random kNN  Feature Selection) RKNN-FS RKNN 

Leukemia 

Prostate 

CNS 

98.0 

95.0 

93.0 

[7] SVM-Recursive Feature Elimination (SVM-RFE)  

3NN 

3NN 

NB 

3NN 

SVM 

Leukemia 

Prostate 

DLBCL 

Ovarian 

CNS 

100 

98.89 

65.89 

100 

75.49 

[1] Fast Correlation Based Filter(FCBF) 
Ensemble 

Learning 

Leukemia 

Ovarian 

Breast Cancer 

98.77 

99.40 

97.88 

 

Table 4. Classification accuracies obtained by the proposed method 

Datasets 
Classifier accuracy by the proposed method Maximum accuracy reported in 

literatures from Table 3 kNN SVM NBC DT 

Leukemia 98.61 98.61 97.22 98.61 100  [7,8] 

Prostate 97.4 99.02 98.61 98.04 98.89  [7] 

DLBCL 98.04 95.10 89.22 86.27 98.0 [16] 

Ovarian 91.67 98.15 84.72 87.96 100  [7] 

Breast Cancer 98.97 97.94 97.94 98.02 97.88  [1] 

CNS 95.12 94.12 88.24 88.24 93.0  [35] 
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CONCLUSION 

Proposed method is a useful approach for cancer data classification. The methods taken for 

comparison have high degree of complexity and the proposed method is computationally simple. 

The complexity of reduction of a sample in a cluster to 4 features is m, where m is the number of 

genes in the cluster.  For a cluster, the complexity is Ө(N × m) and this is repeated across K number 

of clusters. Thus the complexity of transforming all samples is N × K × Number of genes selected. 
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