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Abstract- Cancer sample classification from gene expression data is one of the challenging areas of research in 

biomedical engineering and machine learning. In gene expression data, labeled samples are very limited in 

comparison to unlabeled samples; and labeling of unlabeled data is costly. Therefore, single classifier trained 

with limited training samples often fails to produce required accuracy.   In such situation, ensemble technique 

can be effective as it combines the results of individual classifier which can improve the cancer classification 

accuracy.  In this article a novel ensemble based fuzzy-rough nearest neighbour (EnFRNN) for cancer sample 

classification from microarray gene expression data is proposed. The proposed method is able to deal the 

uncertainty, overlapping and indiscernibility generally present in cancer subtype classes of the gene expression 

data.  The proposed ensemble classifier is tested on eight publicly available microarray gene expression datasets. 

Experimental results suggest that the performance of the proposed ensemble classifier provides better results in 

comparison to individual classifier for cancer classification from gene expression data.  In summary, fuzzy-rough 

based ensemble learning method turns out to be very effective in cancer sample classification from gene 

expression data particularly when the individual classifier result is not up to the mark with limited training 

samples. 

 

Index Terms- Cancer classification; Ensemble technique; Microarray gene expression data; Fuzzy set; Rough 

set. 

 

1. INRODUCTION 

Traditional clinical methods for cancer sample 

classification rely on the clinical findings and the 

morphological exhibition of the tumor. These 

techniques are costly and time consuming. The 

recent development of microarray technology [1] has 

enabled biologists to specify thousands of genes in a 

single experiment in order to produce comparatively 

low-cost diagnosis and prediction of cancer at early 

stage.  Different machine learning techniques have 

been applied for microarray gene expression data 

analysis using supervised (i.e., classification) [2], 

unsupervised (i.e., clustering) [3], semi-supervised 

clustering [4], and semi-supervised classification [5] 

mode. Generally, the number of samples present in 

microarray gene expression data is very less 

compared to the number of genes [6]; and the classes 

present in data are often vague and overlapping in 

nature.  Therefore, the traditional classifiers often fail 

to achieve required accuracy.  In this circumstance, 

the ensemble technique [7] is supposed to be useful 

as it judiciously combines the predications of the 

individual classifiers to produce the final decision 

which are expected to be better than any individual 

classifier.   

Ensemble technique is the learning model that 

achieves performance by combining the opinions of 

multiple base classifiers [7]. Ensemble technique 

uses many base classifiers, and combines their 

opinions in such a way that the combination result 

will improve the performance compared to any 

individual classifier [7]. The heterogeneity among 

the base classifiers and diversity in the training data 

set are the basic ideas to success of ensemble 

technique. Varieties of popular ensemble algorithms 

are proposed in the literature, viz., Bagging, 

Boosting, AdaBoost, and Random Forest [8]. 

Ensemble methods have the ability to deal with small 

sample size and high dimensionality. Therefore, 

ensemble methods have been widely applied to 

microarray gene expression data. A notable review 

of ensemble methods applied in bioinformatics may 

be found in [9]. Several pioneered work to classify 

cancer from the microarray gene expression data are 

proposed. Dettling and Buhlmann [10] proposed 

boosting for tumor classification with gene 

expression data. Osareh and Shadgar [11] provided 

an efficient ensemble learning method using 

RotBoost ensemble methodology. Valentini et al. 

[12] introduced bagged ensembles of support vector 

machines for cancer recognition.  

However, those ensemble methods are not able to 

handle the uncertainty, ambiguity, overlappingness 

and vagueness often present in the   gene expression 

data. Therefore,  in this work an ensemble technique 

using fuzzy-rough nearest neighbour (EnFRNN) is 

proposed  for cancer sample classification from gene 

expression data (to improve the prediction accuracy 

of any  individual classifier) which can handle the  

possible presence of uncertainty, ambiguity, 

vagueness, indiscernibility, overlappingness in the 

cancer subtype classes. 

The remainder of the article is structured as follows. 

The background theory related to this article is 
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briefly illustrated in Section 2. Section 3 presents a 

detailed description of the proposed EnFRNN 

method. Details of the experiments and analysis of 

the results are provided in Section 4. Finally, 

conclusions are given in Section 5. 

 

2. PRELIMINARY STUDY 

Fuzzy-rough nearest neighbour classifier uses the 

concept of fuzzy set and rough set. Thus brief outline 

of those are provided below. 

2.1.  Fuzzy set theory 

L. Zadeh [13] proposed Fuzzy set theory in the year 

1965. It is an expansion of crisp sets to handle vague 

and imprecise data. Fuzzy set A uses mapping from 

the universe X to the interval [0, 1]. The value A(x) 

for Xx  is called the membership degree of x in 

A. 

2.2. Rough set theory  

Rough set theory was introduced by Z. Pawlak [14] 

in early 1980s. It can handle uncertainty, 

indiscernibility and incompleteness in the datasets. 

It starts with the idea of an approximation space, 

which is a ordered pair < X, R >, where X is the 

non-empty universe of discourse and R is an 

equivalence relation defined on X. R satisfies the 

reflexive, symmetric and transitive property. For 

each subset A of X, the lower approximation is 

defined as the union of all the equivalence classes 

which are fully included inside the class A, and the 

upper approximation is defined as the union of 

equivalence classes which have non-empty 

intersection with the class A. 

2.3.  Fuzzy-rough set theory 

Fuzzy set theory can handle vague information, 

while rough set theory can handle incomplete 

information. These two theories are complementary 

to each other. Hybridization of these two concepts 

yields the idea of the fuzzy-rough set which is the 

pair of lower and upper approximations of a fuzzy 

set A in a universe X on which a fuzzy relation R is 

defined. The fuzzy-rough lower and upper 

approximations of A are defined respectively as 

follows [15]: 

 

))(),,((inf))(( yAyxRIxAR
Xy

                    (1)  

 

))(),,((sup))(( yAyxRTxAR
Xy

                  (2)             

where, I is the Lukasiewicz implicator, T is the 

Lukasiewicz t-norms and ),( yxR  is the valued 

similarity of patterns x  and ,y  inf is the infimum 

and sup  represents the supremum. 

 

3. ENSEMBLE BASED FUZZY-ROUGH 

NEAREST NEIGHBOUR CLASSIFIER 

As mentioned in the introduction the objective of 

the present work is to develop a robust ensemble 

classifier which can handle the ambiguity, 

vagueness, uncertainty, overlapping and 

indiscernibility. Therefore in this work fuzzy-rough 

nearest neighbour (FRNN) [16] is used as a base 

classifier to judiciously combine the results of 

prediction to improve the accuracy. Here fuzzy set 

deals the vagueness, ambiguity and rough set deals 

the uncertainty, incompleteness and indiscernibility 

present in the gene expression data. The detailed 

description of the proposed ensemble technique is 

given below:  

Let,    jl  jd    j               jd    

be the training set which is divided using bootstrap 

method to generate three subsets 1L , 2L  and 3L . 

These subsets 1L , 2L  and 3L  act as the training sets 

for the three individual FRNN classifiers.  

The details of the base classifier FRNN are 

described below: 

1. Compute the k-nearest neighbour (kNN) labeled 

patterns closest to each of the test pattern )(t   

based on the Euclidean distance (compute the 

distance from the labeled pattern to test pattern).  

2. The values of lower and upper approximations 

of test pattern )(t for belonging to each class C 

is calculated respectively as follows: 
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where, I is the Lukasiewicz implicator, T is the 

Lukasiewicz t-norms and ),( ytR is computed  

as: 
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where, yt    is the distance of the test 

pattern )(t  from the labeled pattern kNNy  

(k-nearest neighbour labeled pattern of test 

pattern )t and m (  m1 ) is the fuzzifier. 

)(yC  is computed as:  
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3. The test pattern )(t is assigned to a particular 

class for which the average value of lower 

and upper approximations is highest. The 

assigned )(tClassLabel  
of test pattern )(t  is 

determined as follows: 

)(tClassLabel  
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The individual base classifiers are tested with test 

set     it  ||1 Ttoi   . The predicted class 

labels of each test pattern ( it  ) are then combined 

using majority voting process to get the final 

prediction. 

The complete procedure of the proposed ensemble 

based fuzzy-rough nearest neighbour (EnFRNN) 

method is shown in Figure 1.  

 

4. RESULTS AND DISCUSSION  

In this section, we provide the details of microarray 

gene expression cancer datasets used for the 

experiments followed by the brief description of the 

other methods and the performance evaluation 

measures. Finally, Experimental results and analysis 

of the results are summarized. 

 

 

4.1 Description of Datasets 

In this article, we have used eight real life 

microarray gene expression cancer datasets namely, 

Colon Cancer, Brain tumor, SRBCT, Lymphoma, 

Prostate Cancer, Ovarian Cancer, Leukemia, Lung 

Cancer datasets. These datasets are publicly 

available at www.stat.ethz.ch/dettling/bagboost.html 

[17] and http://datam.i2r.astar.edu.sg/datasets/krbd/ 

index.html [18].  The dataset is a collection of the 

samples and each sample consists of gene 

expression values and their class label information. 

Brief descriptions of the used datasets are provided 

below. 

Colon Cancer dataset is having 40 samples of 

cancerous patients and 22 samples of normal 

patients. Each sample contains expression values of 

2000 genes. 

Brain Tumor dataset contains 42 samples 

distributed in 5 classes of brain tumor viz., 

medulloblastomas, malignant gliomas, atypical 

teratoid/rhabdoid tumors, primitive neuroectodermal 

tumors, human cerabella. Numbers of samples for 

these classes are 10, 10, 10, 8 and 4 respectively. 

There are 5597 genes in each sample. 

Small round blue cell tumors (SRBCT) dataset 

consists of 63 samples. Among them, 12 samples 

are of neuroblastoma (NB), 20 samples are of 

rhabdomyosarcoma (RS), 8 samples are of Burkitt’s 

lymphoma (BL) and 23 samples are of Ewing’s 

sarcoma (ES). Each sample comprises of 2308 

genes expression values. 

Lymphoma dataset consists of 62 samples and 

each sample is having 4026 genes. There are 3 

classes of lymphoma viz., diffuse large B-cell 

lymphoma, follicular lymphoma and chronic 

lymphocytic leukemia. 

Prostate cancer dataset contains 102 samples in 

which 52 observations are from prostate cancer 

 
Figure 1.  Block diagram of the ensemble based fuzzy-rough nearest neighbour (EnFRNN) method. 
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tissues and 50 are from normal patients. The 

expression profile contains 6033 genes. 

Ovarian cancer dataset consists of 203 samples in 

which 91 samples are normal and 162 samples are 

cancerous. There are 15154 genes in each sample. 

Leukemia dataset is having 72 samples distributed 

in two classes namely, lymphoblastic leukemia and 

myeloid leukemia. Number of genes present in each 

sample is 3571.  

Lung Cancer dataset contains 203 samples in 

which 139 samples of lung adenocarcinomas, 20 

samples of pulmonary carcinoids, 21 samples of 

squamous cell lung carcinomas, 6 samples of small-

cell lung carcinomas and 17 normal lung samples. 

Each sample contains expression values of 12600 

genes.  

The summary of the datasets used for the 

experiments is provided in Table 1. 

 

Table 1. Summary of eight microarray gene 

expression datasets used for the experiments. 

Datasets Samples Genes Classes 

Colon 

Cancer 
62 2000 2 

Brain 

Tumor 
42 5597 5 

SRBCT 63 2308 4 

Lymphoma 62 4026 3 

Prostate 

cancer 
102 6033 2 

Ovarian 

cancer 
253 15154 2 

Leukemia 72 3571 2 

Lung 

Cancer 
203 12600 5 

 

4.2 Comparison with others methods 

The performance of the proposed EnFRNN method 

is compared with two methods namely, Fuzzy k-

Nearest Neighbour (FKNN) [19] and Fuzzy-Rough 

Nearest Neighbour (FRNN) [16] classifiers. 

Fuzzy k- Nearest Neighbour Classifier 

Fuzzy k-Nearest Neighbour (FKNN) [19] is an 

extension of the k-Nearest Neighbour (KNN) 

classifier. In KNN algorithm, equal weightage is 

given to all the k-nearest neighbours to calculate the 

predicted class of a test data. FKNN algorithm 

assigns fuzzy membership of a test pattern in each 

class. That class is taken to be the predicted class (of 

that test pattern) for which the fuzzy-membership is 

maximum. Microarray gene expression data have a 

very high dimension which contains thousands of 

genes. However, number of samples present in the 

microarray gene expression data is often very less 

and sometimes subtype classes have overlapping and 

vague. In these cases fuzzy k-NN algorithm is 

expected to provide better result than k-NN. 

Fuzzy-Rough Nearest Neighbour Classifier 

Fuzzy-Rough Nearest Neighbour (FRNN) [16] 

classifier is the combination of fuzzy and rough sets 

theories.  It uses the concept of upper and lower 

approximations to assign the class label information 

to the test pattern. The values of lower and upper 

approximations of a decision class are computed 

based on the k-nearest neighbours of a test pattern. 

4.3 Performance evaluation measures 

In this article, we have used six different kinds of 

validity measures namely, (i) percentage accuracy, 

(ii) precision, (iii) recall, (iv) macro averaged F1 

measure, (v) micro averaged F1 measure [20] and 

(vi) kappa [21] to assess the performance of the 

methods. 

4.4 Experimental Results and Analysis 

The average experimental results of 10 simulation 

runs (on random selection of labelled / training 

patterns) in terms of percentage accuracy, precision, 

recall, macro F1, micro F1 and kappa obtained by all 

the methods (viz., FKNN, FRNN and the proposed 

EnFRNN) performed on eight microarray gene 

expression datasets are reported in Table 2. Best 

results are shown in bold font in the Table 2.  The 

standard deviations of accuracies of 10 simulations 

are also shown using   sign corresponding to each 

percentage accuracy in Table 2. It is seen from the 

Table 2 that the proposed EnFRNN method 

performed better in terms all the validity measures 

over other methods namely, FKNN and FRNN for 

all the datasets experimented. 
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5. CONCLUSIONS 

Cancer subtype classes are usually overlapping and 

indiscernible in nature which can be handled by the 

fuzzy-rough set theory. Therefore, ensemble based 

fuzzy-rough nearest neighbour for cancer sample 

classification from gene expression data is proposed.  

Ensemble technique combines the predications of the 

individual classifier which improved the prediction 

accuracy compared to any individual classifier. Here, 

fuzzy and rough sets are able to handle vagueness, 

ambiguity, uncertainty, incompleteness and 

indiscernibility present in gene expression datasets.  

The effectiveness of the proposed method is 

validated using eight real life microarray gene 

expression cancer datasets in terms of different 

validity measures viz., accuracy, precision, recall, 

F1-measures and kappa.  It is observed from the 

experimental results that the EnFRNN method 

performed better in terms all the validity measures 

(viz., accuracy, overall precision, overall recall, 

macro averaged F1 measure, micro averaged F1 

measure and kappa) for all the datasets investigated. 

Robustness of the EnFRNN method may further be 

tested on other kind of gene expression datasets 

such as microRNA in future. 
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