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Abstract—High-throughput data such as microarrays make it 
possible to investigate the molecular-level mechanism of cancer 
more efficiently. Computational methods boost the microarray 
analysis by managing large and complex data systematically. 
However, combinatorial interactions among genes have not been 
considered as a unit of the analysis since previous methods 
mainly focus on a whole gene or a single isolated gene. Here, we 
introduce a molecular evolutionary algorithm called probabilistic 
library model (PLM). In the PLM, library elements are gener-
ated from gene combinations. An evolutionary procedure is 
adopted to learn the probabilistic distribution of training samples. 
We apply the PLM to prostate cancer microarray data. The ex-
perimental results show that the PLM classifiers perform better 
than conventional methods such as neural networks and decision 
trees in accuracy. We also examine the evolved library to find 
cancer-related gene combinations. 
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I.  INTRODUCTION 
Revealing the mechanism of cancer is a research area of 

constant interest. The nature of cancer, a disease with many 
variations such as multiple heterogeneous genetic and epige-
netic changes, makes it difficult to study the cancer apart from 
its molecular basis [1]. As high-throughput data such as mi-
croarrays becomes easy to access, the cancer researches tend to 
be more systematic based on computational methods for man-
aging large and complex data [2]. The gene expressions on the 
microarray show large and complex parallel interactions among 
genes and these interactions are valuable to discover the 
mechanisms of cancer development. Thus, computational ap-
proaches are required to analyze the data and collect cancer-
related genes, while removing massive redundant information 
[6-16]. For this purpose, the correlations between genes and 
samples are calculated in general. They provide a list of impor-
tant genes in cancer classification [6-8], whereas the effects of 
gene combinations are ignored. The gene combinations are 
important since they can provide some clues to find the cancer-
related pathways among complex networks of genes. In addi-
tion, there are some studies that these combinations make syn-
ergic effects especially in cancer therapy [26, 27]. 

Machine learning techniques are alternative ways to ana-
lyze the microarrays [9-14]. They have shown good perform-

ances in the cancer classification tasks. We can also employ 
them to select relevant genes to cancer [9, 12-14]. However, 
previous studies do not consider the gene-gene interactions. 
Even though some approaches utilize the gene combinations by 
mapping into the high-dimensional space, they cannot obtain 
human-interpretable solutions. 

In this paper, we propose a simple, but effective method to 
discover significant gene pairs for cancer classification. The 
proposed method is based on the probabilistic library model 
(PLM) [15, 16]. The PLM is motivated from molecular com-
puting [19, 20], which only use simple operations such as se-
lection and amplification. In the PLM classifier, gene combina-
tions are selected to build a library, and an evolutionary learn-
ing is performed to obtain the joint probability distribution of 
given examples. Since the combinatorial effects among genes 
are explicitly considered in the PLM framework, one can get a 
list of meaningful decision rules after the learning process. The 
strong point of PLM framework is the interpretability of the 
results. The decision rules are represented as combinations of 
genes. The importance of each combination is immediately 
interpretable based on their fitness values or weights in the 
PLM classifiers. It can be compared to the decision trees. How-
ever, the PLM can search the problem space more flexibly us-
ing massive small probabilistic combinations of features with 
simple operations.  

We apply the proposed method to the prostate cancer classi-
fication [17, 18]. The experimental results show that our 
method outperforms conventional machine learning algorithms 
in accuracy. By examining the gene pairs of the library, we 
could find the cancer-related genes with several candidates of 
co-regulated genes on the pathway. 

The paper is organized as follows. In Section 2, the PLM 
classifiers are explained. Section 3 describes the evolutionary 
learning method to find the optimal library. In Section 4, the 
experimental results are described. Section 5 draws the conclu-
sion and further research.  

II. PROBABILISTIC LIBRARY MODEL 
The PLM is a probabilistic framework proposed by Zhang 

and Jang [15]. For PLM classifiers, a training set D of K label 
is represented as follows: 
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where xi is a set of features from a sample i and yi is its class. 
A library element in the PLM is a decision rule or an indi-

vidual which is a conjunction of binary variables xi and a class 
label yi. The number of variables in an individual is defined as 
the order of the individual. For example, the individual z = (x, 
y) = (x1 = 1, x2 = 1, x5 = 0, y = 1), is a conjunction of three vari-
ables with class 1. Thus, z is the individual with the order of 3.  

The library includes multiple copies of the individuals and 
the number of copies means the importance of the individual in 
a whole library. The learning procedure updates the number of 
copies to accurately discriminate training examples. 

Substantially, the library expresses the joint probability 
P(X,Y) of the input pattern X and the output class Y. Since each 
individual has a class label, the decision on a query can be 
made based on the individuals. Given an example, the class is 
determined by matching it against each individuals and taking 
the majority class. This ensemble approach naturally makes use 
of huge number of individuals to make decision robust.  

The classification of the PLM can be explained to the con-
ditional probability of each class on the input. Given input x, 
the class y* is decided by computing the conditional probability 
of each class, and then selecting the class which has the highest 
conditional probability, as follows: 
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Here, P(Y,x)=P(Y|x)P(x), and Y represents the candidate 
classes.  

To accomplish Equation (4), PLM classifiers initialize the 
library with nth order individuals and evolve their distribution. 
That is, the empirical probability distribution P(X,Y) can be 
represented by a set of point estimators that constitute the li-
brary L of individuals: 
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where ( )
1 2( , ,..., , )n

i nf X X X Y is the ith individual of order n 
and |L| is the size of library. By increasing the |L|, the approxi-
mation can be more arbitrarily accurate. More theoretical back-
ground can be found in [15].  

The procedure of decision making in PLM classifiers is 
summarized in Figure 1. Given an input x, all individuals 
matching with x is extracted from the library L. The extraction 
is implemented by matching x with each and every library ele-
ment of the library. The class decision of x is made by selecting 
the class which has the higher number of elements.  

In step 3.1, the count c(x) of x in M approximates the evi-
dence which is the probability of observing the matching indi-
viduals: 
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Step 3.2 computes the frequencies c(Y|x) of each class. 
These are an approximation of a posteriori probabilities which 
is the conditional probabilities given the example: 
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Thus, the procedure computes the maximum a posteriori 
(MAP) criterion: 
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which validates the class decision in Equation (4).  

1. Let the library L represent the current empirical 
distribution P(X, Y). 

2. Given an input x, 

3. Classify x using L as follows: 

3.1 Extract all individuals matching with x into 
M. 

3.2. Separate the individuals from M according to 
their classes: 

- Extract the individuals with label Y=0 into M0. 

- Extract the individuals with label Y=1 into M1. 

3.3. Compute *

{0,1}
   arg max ( | x) / | |

Y
y c Y M

∈
=  

Figure 1.  The procedure of PLM decision making. 



The PLM has some advantages caused by molecular com-
puting. The massive parallelism of the molecular operations 
can be easily transformed to the parallel computing. In particu-
lar, the PLM naturally finds potential relations by explicitly 
considering the pair of features as a unit. This nature directly 
provides the human-interpretable rules, which is similar to the 
branch of rules in decision trees. However, the PLM considers 
the probabilistic computation of individuals in decision making 
while decision trees make a decision deterministically. 

III. EVOLUTIONARY LEARNING OF THE PLM 
The evolutionary learning of PLM can be summarized as a 

procedure of finding a proper probability distribution of the 
library which best fits in the training examples using a gradient 
descent [16]. As a result of the learning procedure, we can ad-
just the number of copies of each individual to reduce the mag-
nitude of the classification error.  

An evolutionary procedure is applied after initializing the 
PLM classifier. Given a training input pattern xi and its class yi, 
the total quantity c for a class Y is computed as follows: 
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where cj is the number of copies for the individual zj. With a 
weight vector w, the conditional probability given the input xi 
is represented as follows:  
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An error ei of a training example xi and class Y is given by 
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where *( | x ) {0,1}
ii y YP Y I == ∈  is the target probability for the 

training example xi. From error of each training example, the 
error function of a whole training dataset D is defined as fol-
lows: 
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The gradient descent is applied to minimize the error func-
tion E(w), i.e. 
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and η  operates as a learning rate which determines the amount 
of update in each generation. The update rule for gradient 
search is defined as follows: 
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The rule can be modified to perform weight updates for 
each training example by adopting a stochastic gradient descent, 
which is to approximate the gradient descent by updating w 
incrementally, following the calculation of the error for each 
example. The modified rule is given by 

 

(x, )

* = ( ( | x) ( | x))
j Yj zw P Y P Y Iη
=

∆ −                        (19) 

.jc≈ ∆                           (20) 

 

where *( | x)P Y and ( | x)P Y  are the target value and the sys-
tem output. From Equation (20), the update is implemented by 

1. Let the library L represent the current empirical dis-
tribution P(X, Y). 
2. Given a training example (x, y), 

3. Classify x using L as described in Figure 1. Let the 
result of classification *y . 

4. Update L if *y ≠ y. 

- 1 (x, )n nL L c y−← + ∆    

5.  Normalize L.  

6. Goto step 2 unless the termination condition is met. 

Figure 2.  The procedure of evolutionary learning of the PLM. 



controlling the number of copies cj with a certain amount of 
value, ∆cj. Hence, learning procedure becomes a task of adjust-
ing the number of individuals towards minimizing the incorrect 
output.  

We update the library by increasing the count of correctly 
matched individuals, c(x,y), in case of misclassifying the x. The 
update rule is defined as follows:  

 

  ,L L L← + ∆                       (21) 

where  (x, ).L c y∆ = ∆                                (22) 

 

Figure 2 describes the evolutionary process to adjust the li-
brary elements of the PLM classifier based on the stochastic 
gradient descent. As a new training example (x,y) is given, the 
individuals matching with x is extracted from the library. If 
class y* of x which is predicted by the classifier is correct, no 
action is performed. If y* is incorrect, the library is modified 
according to Equation (21) and (22) to reduce the error of the 
PLM classifier. When the update occurs, the number of copies 
of each element is normalized to keep the initial library size. 

IV. EXPERIMENTAL RESULTS 
We apply the PLM classifier to prostate cancer microarray 

data obtained from [17, 18]. The training data set contains 52 
tumor samples and 50 normal samples with 12,600 genes ex-
pression profiles [18] which are measured by the Affymetrix 
HG-U95Av2 chip. To concentrate on the analysis of the cancer 
mechanism, cancer-related genes are extracted from the Cancer 
Gene Census [21]. Hence, the number of genes is reduced from 
12,600 to 225. For the PLM classifier, we binarize each expres-
sion pattern by setting all elements to ‘1’ if the values are 
greater than the average expression level of each sample, ‘0’ 
otherwise. An independent set of test data (25 tumor and 9 
normal samples) from [17] is also prepared in the same way.  

We use the second order uniform PLM to classify the pros-
tate cancer microarray data. Thus, all individuals in the library 
are composed of two genes and a class of sample. The library is 
initialized by randomly selected genes from training examples 
with the probability of 0.5. Unless the training examples are 
selected, the individuals are sampled from random examples. 
The individuals are set to 50,000, and the number of duplicates 
is initialized to 1,000. The learning rate η  is important because 
it control the adaptability and stability of the library. The larger 

η  causes the library updated more rapidly. In experiment, η  is 
set to 0.005. 

A. Prostate Cancer Classification 
Table I summarizes the classification accuracy of the PLM 

and the conventional machine learning methods. Given the test 
dataset, the PLM has 88.24% classification accuracy which is 
the best performance of the applied methods. With the small 
random combinations of genes in the PLM, we can obtain bet-

TABLE I.   PERFORMANCE COMPARISON. 
 

Algorithms Accuracy (%) 
PLM 88.24 
K-nearest neighbors 85.29 
Neural Networks 79.41 
Decision Trees 79.41 
Support Vector Machine 79.41 
Bayesian Networks 73.53 

 

TABLE II.            HIGH-RANKED GENE COMBINATIONS RELATED TO 
CANCER. THE GENES ON THE PTEN DEPENDENT PATHWAY AND 
WNT-SIGNALING PATHWAY ARE MARKED BY SYMBOL * AND †, 

RESPECTIVELY. 
 
 

Gene Combinations 
 a b  a b 

1 CTNNB1* IGH@ 12 BCL3 EIF4A2 

2 NPM1 ITGB1† 13 MYH11 SHC1 

3 IGH@ MYH11 14 CTNNB1* EIF4A2 

4 BCL3 LASP1 15 CTNNB1* ILK† 

5 EIF4A2 MAPK3† 16 NACA ILK† 

6 CEBPA COX6C 17 CCND1* FOXO3A† 

7 EIF4A2 IGH@ 18 LASP1 ITGB1 

8 MYH9 ILK† 19 BCL3 CTNNB1* 

9 MAF MYH9 20 FOXO3A† MAF 

10 BCL3 PDPK1† 21 ILK† PDPK1† 

11 HDAC1* ILK† 22 CTNNB1* MAF 

 

TABLE III.             BIOLOGICAL PROCESS ENRICHED IN HIGHLY 
WEIGHTED GENES. OVERREPRESENTED TERMS WERE CHOSEN BY 

HYPERGEOMETRIC TESTING AND MULTIPLE TESTING ADJUSTMENTS 
USING THE FALSE DISCOVERY RATE (FDR). *ADJUSTED P-VALUE BY 

FDR. 
 

GO ID Biological Process *p-
value Genes 

GO:0048469 Cell maturation 1.57E-3 

GO:0021700 Developmental 
 maturation 1.60E-3 

GO:0030099 Myeloid cell  
differentiation 1.60E-3 

GO:0030097 Hemopoiesis 1.96E-3 

GO:0048534 Hemopoietic or lymphoid  
organ development 2.18E-3 

GO:0002520 Immune system  
Development 6.14E-3 

GO:0045944 
Positive regulation of  
transcription from RNA  
polymerase II promoter 

6.15E-3 

HDAC1, 
ITGB1, 
CCND1, 
MAPK3, 
CTNNB1, 
MYH11, 
LASP1, 
MYH9, 
BCL3, 
MAF, 
PDPK1, 
EIF4A2, 
CEBPA, 
COX6A, 
FOXO3A, 
ILK 

 



ter classification performance than other methods which use 
whole genes as input features. The PLM outperforms the simi-
lar rule generating or structure inferring methods such as deci-
sion trees and Bayesian networks. This means that the PLM 
can be used as a candidate method to build a reliable system 
both in classification of prostate cancers and discovery of valu-
able genes.  

We can further improve the performance by increasing the 
size of library. Moreover, the higher-order library can be made 
with more computational resources. It allows us to control the 
library more elaborately for the better classification perform-
ance and complex interaction analysis. 

B. Finding Prostate Cancer-Related Genes 
In the microarray data analysis, the PLM can be used to 

find cancer-related genes and gene combinations. Table II 
shows the highly weighted gene combinations obtained from 
the 10 repeated experiments. The library elements are sorted 
according to their weights and the 22 highest combinations are 
presented. 

The activation status of cell signaling pathways controls 
cell fate and deregulation of these pathways demonstrates car-
cinogenesis. The PTEN/Akt pathway and Wnt signaling path-
way are reported to relate to prostate cancer. Thus, prostate 
cancer is affected by genes on PTEN/Akt pathway and Wnt 
signaling pathway. The Wnt signaling pathway dysfunction is 
an important component of prostatic tumorigenesis. By chang-
ing the activity of Wnt signaling pathway, prostate cancer cells 
upset the normal balance between formation and destruction of 
tumor cells [22]. The PTEN/Akt signaling cascades also play 
critical roles in the transmission of signals from growth factor 
receptors to regulate gene expression and prevent apoptosis 

[23]. Components of this pathway are mutated or abnormally 
expressed in prostate cancer. Table II shows the high-ranked 
gene combination list found by our method. Here, many genes 
are located in the Wnt or PTEN/Akt pathway. 

To examine the meaning of selected gene combinations, we 
compare the functional correlations between genes in Table II 
with those extracted from the Gene Ontology (GO) term [25]. 
The GO has become a standard to validate the functional co-
herence of genes. In the GO, gene functions are organized into 
three hierarchical trees. These trees are parallel to each other 
and stand for biological process, molecular function and cellu-
lar component, respectively. A node of tree represents a func-
tional annotation of genes. If the genes in Table II are closely 
related, they might reflect their functional relevance in a spe-
cific biological context. We examine significant terms with p-
value < 0.01. The results are shown in Table III. Among genes 
in Table 2, 16 genes (HDAC1, ITGB1, CCND1, MAPK3, 
CTNNB1, MYH11, LASP1, MYH9, BCL3, MAF, PDPK1, 
EIF4A2, CEBPA, COX6A, FOXO3A and ILK) are annotated 
in a significant level. These genes belong to specific functional 
categories which are related to cell and development matura-
tion, hemopoiesis, cell differentiation and regulation of tran-
scription. 

Figure 3 shows the PTEN/Akt pathway known to be related 
to the prostate cancer. The abnormal condition of PTEN/Akt 
pathway can induce apoptosis instead of cell survival [24]. In 
Table II, we find a gene combination, PDPK1 and ILK, located 
in the pathway. Therefore, it suggests that these gene combina-
tions are significantly related to the prostate cancer. 

V. CONCLUSION 
We propose an effective method to discover significant 

gene pairs for cancer classification. The proposed method is 
based on the probabilistic library model (PLM) which is moti-
vated from molecular computing. Here, gene combinations are 
selected to build a library, and an evolutionary learning is per-
formed to obtain the joint probability distribution of given 
samples. Since the combinatorial effects among genes are ex-
plicitly considered in the PLM framework, a set of meaningful 
decision rules can be found after the learning process. 

We apply the proposed method to the prostate cancer classi-
fication. The empirical evidences support that our method out-
performs conventional machine learning algorithms in accu-
racy. By examining the gene pairs of the library, we also find 
the cancer-related genes with several candidates of co-
regulated genes on the pathway.  

One important future research is to investigate the effect of 
various library orders, especially higher-orders. These complex 
library elements take the combinations of more than three 
genes into account. We expect that they can contribute to the 
discovery and understanding of the complicated relationship 
among the cancer-related genes. 
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