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Abstract. Multiclass gene selection and classification of cancer are rapidly 
gaining attention in recent years, while conventional rank-based gene selection 
methods depend on predefined ideal marker genes that basically devised for bi-
nary classification. In this paper, we propose a novel gene selection method 
based on a gene’s local class discriminability, which does not require any ideal 
marker genes for multiclass classification. An ensemble classifier with multiple 
NNs is trained with the gene subsets. The Global Cancer Map (GCM) cancer 
dataset is used to verify the proposed method for comparisons with the conven-
tional approaches. 

1   Introduction 

Gene expression measured by the microarray technology is useful for cancer diagno-
sis. Since it produces large volume of gene expression profiles, selecting a small num-
ber of relevant genes is essential for accurate classification [1]. There are two major 
gene selection approaches: filter and wrapper. The former selects genes according to 
their ranks individually measured by certain criteria, while the latter selects genes 
according to their classification performance measured by collaborating with a classi-
fier. Even though the wrapper approach has a greater potential for measuring the 
relationship among genes and classifiers or applying to multiclass cancer classifica-
tion, it requires many training samples to correctly measure the classification per-
formance as well as a great cost of computation [1,2]. On the contrary, the filter ap-
proach, often called rank-based gene selection approach, finds appropriate genes with 
a relatively small cost. 

As multiclass cancer classification is rapidly gaining attention recently, various me-
thods have been proposed in the literature [3,4,5]. However, most of them rely upon 
conventional rank-based gene selection schemes basically devised for binary classifi-
cation. Moreover, because they usually find out most similar genes to an ideal marker 
gene set with a strict form, some informative genes for multiclass classification are 
often missed out due to their dissimilarity to the ideal marker gene [6]. 

This paper proposes ensemble neural networks with a novel gene selection method 
for multiclass cancer classification. Without any ideal marker genes, the proposed 
method segments a gene into several regions and measures their discriminability on 
class according to the frequency of training samples on the regions. After selecting 
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informative genes, multiple neural networks are learned with the different size of 
training sets for maintaining the diversity among base classifiers. The proposed en-
semble classifier produces a final result by combining the outputs of multiple neural 
networks with the majority voting scheme. The proposed method has been validated 
on the GCM cancer dataset, a representative multiclass gene expression dataset.  

2   Background 

2.1   Multiclass Cancer Classification Based on Gene expression 

Multiclass cancer classification concerns the data consisting of more than two classes. 
Let S = {(x1,y1), .., (xn,yn)} be a set of n training samples where xi ∈X is the input of 
the ith sample and yi ∈  

Y = {1,2,…, k} is its multiclass label. Many recent works have 
been actively investigated to find a function F: X→Y which maps an instance x into a 
label F(x) as shown in Table 1. They can be roughly divided into direct and indirect 
approaches. Direct methods formulate a classification algorithm for multiclass prob-
lems such as regression, decision trees, kNN (k nearest neighborhoods classifier) and 
NB (naïve Bayes classifier) [2,5,6,10,14], while indirect methods decompose multi-
class problems into binary ones according to schemes such as one-versus-rest, pair-
wise and error-correcting output codes, and solve the binary problems with a binary 
classification algorithm such as SVMs (support vector machines) [4,5,7,11,12]. 

Table 1. Related works on multiclass cancer classification 

Researcher Gene selection Classification Data 
Ramaswamy 

(2001) [7] - SVM GCM 

Yeang (2001) [5] SN kNN, WV, SVM GCM 
Deutsch (2003) 

[2] EA kNN DLBCL, GCM 

Hsu (2003) [8] Neighborhood  
analysis Dynamic SOM Leukemia cancer data 

Lee (2003) [3] BSS/WSS Multicategory SVM Leukemia data, SRBCT 
Ooi (2003) [9] GA Maximum likelihood GCM, NCI60 

Li (2004) [4] IG, TR, GI, SM,
MM, SV, t-statistics SVM, NB, kNN Leukemia cancer data, GCM, 

SRBCT, NCI60 

Zhou (2004) [10] Gibbs sampling, 
MCMC Logistic regression Breast cancer data, SRBCT, 

leukemia data 
Liu (2005) [11] GA SVM NCI60, Brown dataset 

Statnikov (2005) 
[12] 

BW, SN, one-way 
ANOVA

SVM, kNN, NNs, 
Multicategory SVM 

GCM, brain, leukemia, lung 
cancer data, SRBCT 

Tan (2005) [13] k-TSP
Leukemia, breast, lung, cancer 

dataset, DLBCL, GCM, 
SRBCT

Wang (2005) [6] Relief-F, IG,
x2-statistics kNN, SVM, C4.5, NB Leukemia cancer data 

Yeung (2005) [14] BSS/WSS, BMA Logistic regression Leukemia data, hereditary 
breast cancer data 

Hong (2006) [15] PC SVM, NB GCM 

Zhang (2006) [16] Point biserial corre-
lation coefficients Linear regression Breast cancer data 
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2.2   Rank-Based Gene Selection 

Conventional rank-based gene selection selects genes by measuring the similarity 
with a predefined ideal marker gene [17]. At first, it has to decompose a multiclass 
problem into multiple pairs of binary class problems for multiclass classification, 
usually using the one-versus-rest scheme. Assume the class label yi ∈  Y = {1,2,…, 
m}, where m is the number of classes. Given n training samples, we can define ideal 
marker genes K = {K1

+, K1
-, K2

+, K2
-, …, Km

+, Km
-}, represented as strings of n real 

values where j = 1, 2, …, m as follows: 
 

Ideal marker gene Kj
+ : (kj

1, kj
2, …, kj

n) 

⎩
⎨
⎧  kj

i = 1,  if  yi = j, 
kj

i = 0, if  yi != j. 
Ideal marker gene Kj

- : (kj
1, kj

2, …, kj
n) 

⎩
⎨
⎧  kj

i = 0,  if  yi = j, 
kj

i = 1, if  yi != j.  

(1) 

 

The ith gene of training samples, gi, can be expressed as 
 

gi = (e1
i, e2

i, …, en
i), (2) 

 
where ej

i is the expression level of the ith gene of the jth training sample. 
The similarity of gi and an ideal marker gene of K is calculated by using similarity 

measures such as Pearson correlation (PC), Spearman correlation (SC), Euclidean 
distance (ED), cosine coefficient (CC), information gain (IG), mutual information 
(MI) and signal to noise ratio (SN) as shown in Table 2. The most similar s genes are 
selected for each ideal marker gene, and finally sⅹ2m genes are used for multiclass 
classification. 

Table 2. Mathematical formula for similarity measures of gi and gideal 
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3   Proposed Method for Multiclass Cancer Classification 

3.1   Overview 

The proposed method consists of two parts: Gene selection and ensemble classifier as 
shown in Fig. 1. Informative gene selection includes four steps such as (1) preprocess-
ing, (2) calculating class discriminability, (3) ranking genes, and (4) constructing gene 
subsets. Multiple gene subsets are constructed according to genes’ ranks, and classifi-
ers are trained with the corresponding gene subsets as shown in Fig. 1. Genes holding 
a high rank might be included in training more classifiers, while others have a less 
opportunity to join in learning classifiers. Finally, a combining module is accompa-
nied to combine the outputs of these classifiers. 

 

Input pattern Gene 
selection

Gene subset 1

Gene subset 2

Gene subset n

Classifier 1

Classifier 2

Classifier n

Fusion
Class1

Classi

 

Fig. 1. The overview of the proposed method 

3.2   Multiclass Gene Selection 

Different from conventional rank-based methods, the proposed gene selection method 
ranks genes without any ideal marker genes. It measures the usefulness in multiclass 
classification by directly analyzing genes. After normalizing gene expression levels 
from 0 to 1, the proposed method sectionalizes the expression level of a gene into 
several discrete regions according to its distribution on training samples. Given m (# 
of classes) and d (# of discrete regions, 5 in this paper), it plots the ith gene, gi, with 
respect to the class as follows: 
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where fj
i is the frequency of training samples whose class label is i and expression 

level is subject to the jth discrete region. Then, the proposed method calculates class 
discriminability (CD) and region intensity (RI), defined respectively as follows: 
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Large cd means that the region is discriminable for class and large ri signifies that 

samples are concentrated in the region, so discrete regions of large cd and large ri are 
informative. In order to find informative genes for multiclass classification, we define 
m+1 kinds of goodness values for gi: goodness values for each class (ci) and a good-
ness value for total classes (t). They are measured with respect to CD, RI and a simple 
entropy function as follows: 
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After calculating the goodness values of all genes, the proposed method produces 
order tables O = {o1, o2, …, om+1} by sorting genes according to each goodness value. 
Finally, the rank of genes R is calculated as shown in Fig. 2. 

 
gene = 0; 
for (i=0;  i<m;  i++) {  // m: the number of classes 

cDiscriminability = 0.0f; 
for (j=0;  j<g;  j++) {  // g: the number of genes 

if (cDiscriminability > a) // a: a threshold for class discriminability 
break; 

R[gene++] = oi+1[j]; 
cDiscriminability += cj

i; // cj
i: goodness value of jth gene for ith class 

}} 
for (i=0;  gene<g;  gene++, i++) 

R[gene++] = om+1[i]; 

Fig. 2. Pseudo code of the gene ranking algorithm 

In order to include discriminable genes for each class as initial seeds, it first ranks 
genes whose goodness values for each class (ci) are large. And then, it ranks the other 
genes according to the goodness value for total classes (t), which can be useful for 
multiclass classification.  
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3.3   Ensemble NNs with Multiple Training Sets 

As classifiers are often highly parametric and only a few samples of many genes for 
each class are available, it is apt to be overfit both the classifiers and the gene selec-
tion procedures [12]. Therefore, the proposed method combines multiple neural net-
works trained with different training sets to improve the generalization capability of 
classification. Multiple training sets for the ensemble classifier are constructed by the 
algorithm as shown in Fig. 3. By incrementally differentiating genes, multiple diverse 
and accurate neural networks can be obtained.  

 
for (i=0;  i<k;  i++)  // k: the number of training sets 

for (j=0;  j<n;  j++)  // n: the number of training samples 
for (l=0;  l< a +kⅹb;  l++) // a, b: parameters for determining the number 
of  

TrainingSeti[j][l] = R[l]; //         genes (in this paper, a: 400, b: 100) 

Fig. 3. Pseudo code for constructing training sets for the ensemble classifier 

Since base classifiers trained for each gene subsets produce their own outputs, the 
final answer can be judged by a combining module. Majority voting, used for the 
combining module in this paper, is a simple ensemble method that selects the class 
most favored by the base classifiers. It does not require any kind of prior knowledge 
and complex computation. Where ci is the output of the ith classifier (i=1,.., m), and 
si(x) is 1 if the output of the classifier x is i otherwise 0, majority voting is defined as 
follows: 

.)(maxarg
11 ⎭
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⎧
∑=
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k

j
ji

mi
ensemble csc  (6) 

4   Experimental Results 

4.1   Experimental Environment 

We have verified the proposed method with the GCM cancer dataset consisting of 144 
training samples and 54 test samples with 16,063 gene expression levels, which is a 
popular multiclass cancer dataset [7]. There are 14 different tumor categories includ-
ing breast adenocarcinoma, prostate, lung adenocarcinoma, colorectal adenocarci-
noma, lymphoma, bladder, melanoma, uterine adenocarcinoma, leukemia, renal cell 
carcinoma, pancreatic adenocarcinoma, ovarian adenocarcinoma, pleural meso-
thelioma, and central nervous system. Since the dataset provides only a few samples 
with lots of features, it is a challenging task for many machine learning researchers to 
construct a competitive classifier. 

Both of Ramaswamy et al.[7] and Yeang et al.[5] produced an accuracy of 78% by 
using OVR SVMs, while Li et al. yielded an accuracy of 63.3% [4]. Statnikov et al. 
obtained an accuracy of 76.6% for an extended GCM cancer dataset that includes 308  
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samples of 26 categories [12]. Most of them divided the data as 144 training samples 
and 54 test samples like the initial setting of Ramaswamy et al., which we also follow.  

For gene selection, we set a=400, b=100 and discrete size d=5, respectively. Six 
gene subsets from the training samples are constructed for six base classifiers. For 
classification, a 3-layered multilayer perceptron is used as a base classifier with 10 
hidden nodes, 14 output nodes, 0.05 learning rate and 0.7 momentum. 

4.2   Results and Analysis 

As shown in Fig. 4 (ki
+: positive ideal vector for ith class, ki

-: negative ideal vector for 
ith class), the proposed method selects more informative genes rather than a conven-
tional method for the multiclass problem. The conventional rank-based gene selection 
often commits to select a peculiar gene with which only few training samples of a 
target class can be correctly classified. Moreover, many genes are duplicative selected 
even for different ideal marker genes. On the other hand, the proposed method selects 
the genes of various characteristics, since it does not rely on any ideal marker genes. 

 
Training data Test data Training data Test data

Label:  0   1   2    3       4      5   6    7         8         9  10  11 12    13

Ideal marker gene
k1

+

k1
-

k2
+

k2
-

k3
+

k3
-

k4
+

k4
-

k5
+

k5
-

k6
+

k6
-

k7
+

k7
-

k8
+

k8
-

k9
+

k9
-

k10
+

k10
-

k11
+

k11
-

k12
+

k12
-

k13
+

k13
-

 0   1   2    3       4      5   6    7         8         9  10  11 12    13
 

Fig. 4. Gene analysis (left: rank-based gene selection (PC), right: Proposed method) 

 

Fig. 5. Test accuracy according to the number of genes used 
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It is difficult to find the optimal number of genes, so many practical solutions are 
usually based on experience or some heuristics. A set of experiments are conducted 
by varying the number of genes selected to investigate the effects of the number of 
genes using single NNs. As shown in Fig. 5, when the number of genes selected is 
near hundreds, most cases show the good performance. As can be seen, there is much 
decrease of accuracy with all genes, since it includes lots of unrelated genes to cancer 
classification. This also verifies the usefulness of feature selection. The proposed 
method is superior to the others in most cases, especially when using hundreds of high 
rank genes. 

 

 

Fig. 6. Comparion with conventional approaches 

Table 3. Confusion matrix (0:Breast, 1:Prostate, 2:Lung, 3:Colorectal, 4:Lymphoma, 5:Bladder, 
6:Melanoma, 7:Uterus_Adeno, 8:Leukemia, 9:Renal, 10:Pancreas, 11:Ovary, 12:Mesothelioma, 
13:CNS) 

 
% 0 1 2 3 4 5 6 7 8 9 10 11 12 13 n

0 25 25 25 25 4

1 83 17 6

2 100 4

3 100 4

4 100 6

5 33 67 3

6 100 2

7 100 2

8 100 6

9 33 33 34 3

10 33 67 3

11 25 25 50 4

12 100 3

13 100 4

n 1 6 4 5 6 3 3 3 6 1 3 2 3 4 54

Classifying label

True

class
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Fig. 6 shows the competitive performance of the proposed method for the test sam-
ples against conventional rank-based gene selection methods. In all cases, ensemble 
NNs obtained higher accuracy than single NNs. This signifies that ensembling can 
improve the generalization capability of the classifier, especially for NNs that are apt 
to be overfit. The proposed gene selection method obtains higher test accuracy with 
comparison of conventional methods including PC, SC, ED, CC, IG, MI and SN. 
Moreover, the proposed method shows good generalization capability by producing 
lower TR-AVG. PC, CC, IG and MI yield higher training accuracy but they fail to 
obtain higher test accuracy, while SC and SN do not get relatively high training accu-
racy but they show higher test accuracy.  

A confusion matrix for the test set is presented in Table 3, from which we can see 
that high accuracy has been obtained for prostate, lung, colorectal, lymphoma, mela-
noma, uterus, leukemia, mesothelioma and CNS. 

5   Conclusion 

Multiclass cancer classification and gene selection are challenging tasks in bioinfor-
matics, where various approaches have been investigated especially using rank-based 
gene selection methods. Since many conventional approaches depend on predefined 
ideal marker genes, it is not easy to obtain informative genes for multiclass cancer 
classification. Moreover, they often select genes biased for some specific training 
samples so as to fail to get the generalization capability. In this paper, we have pro-
posed a novel gene selection method that does not require any ideal marker genes for 
multiclass classification, and an ensemble classifier with multiple NNs trained using 
multiple gene subsets. A popular multiclass benchmark dataset in bioinformatics, the 
GCM cancer dataset, has been used to verify the proposed method with better per-
formance than conventional approaches. As the future work, we will apply the pro-
posed method with other popular benchmark datasets of multiclass. 
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