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Abstract-Genome forms gene networks in terms of complicated
interactions to realize its functions. It is believed that the
structure of a network dictates its functions. The comparison of
the structures of gene networks for tissues with and without
cancer can provide better understanding of formation and
development of cancer on the molecular level. In this work,
mutual information networks of cancer-related genes are
constructed based on their expression profiles in colon tissues
with and without cancer. The comparison and analysis of these
network structures show that characteristic parameters, average
degree, maximum ratio of community and modularity can
distinguish the networks corresponding to normal tissues and
diseased tissues. A method to find key genes is proposed that may
have significant impacts on the formation of cancer from the
network structure point of view. Here, eleven key genes are
given. Our literature review shows that eight of these genes are
closely related to the formation and development of colon cancer,
leaving the other three genes open. Furthermore, we predict
thirteen more genes that may play important roles in the
formation of colon cancer according to the change of genes’
degrees. These predictions call for empirical studies on these
genes.
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INTRODUCTION

The invasion and metastasis of cancer cells could influence
prognosis and even be fatal to patients. In recent years, the
study of etiology and pathogenesis of cancers shows that the
formation and development of cancers involve complicated
multi-step and multi-stage processes, including dynamic
expressions of interacting genes on the molecular level. The
canceration of tissue cells experiences three stages: initiation,
development and diffusion of cancer cells, each of which
involves activation of oncogenes and inactivation of cancer
suppressor genes. Therefore, finding genes critical to the
formation and development of a disease from potentially
disease-related genes is of significance to the diagnosis and
cure of the disease and drug design. This is an important
component in the research of bioinformatics[1-2]. In recent

years, scientists have developed many methods to recognize
genes closely related to cancers[3-13]. For example,
hierarchical clustering, recursive partitioning tree, integrated
decision tree, pattern recognition, high-dimensional vector
analysis, etc. Alon and his colleagues[3] carried out a cluster
analysis on gene expression data in colon cancer cells through
the method of t-statistics and obtained a correspondence
between some gene expression profiles and tumors. Zhang et
al.[4] applied recursive partitioning tree method to DNA
expression profiles of colon cancer and suggested that different
genes may coregulate colon cancers. Tibshirani et al.[5]
devised an approach of nearest shrunken centroid and applied it
to finding genes classifying small round blue cell tumors and
leukemias. Li et al.[6] mined the genes associated with
characteristics of colon cancer by the method of integrated
decision-making. These studies illustrate that analysis of gene
expression profiles can decipher the formation and
development of a disease.
In recent years, as a mathematical model of a complex
system, complex network has been studied extensively and
progress has been made in both theoretical study and
applications. There are several statistics[14] that are often used
to capture structure characteristics of a network. For example,
average degree describes the richness of network edges.
Clustering coefficient reflects the extent to which network
nodes are in cluster. Degree distribution depicts the
heterogeneity of the degree in the network. From the point of
view of systems biology, genome, as a large regulatory system,
performs its functions by forming a genetic regulatory network.
Now, the methods of modeling and analysis of complex
network have been broadly applied to the study of biological
regulatory systems (e.g., genetic and/or protein regulatory
systems, signal transduction systems and metabolism systems.
The study of the structures and dynamic behaviors of these
networks provides new and better understanding of the
corresponding biological systems and biologically relevant
predictions[13, 14].
In this research, we construct mutual information networks
using gene expression profiles for cancer-related genes in

normal colon tissues and tissues with cancer in stages A, B
and C. It is believed that cancer-related genes could perform
completely different molecular roles as organism tissues in
different situations (with or without a disease, or even with a
disease in different disease stages) and hence these differences
should be able to be represented and even identifiable by
certain statistics that capture the structure characteristics of the
corresponding networks. From the analysis of several
statistics(average degree, average path length, clustering
coefficient, modularity and maximum ratio of community, and
the number of non-isolated nodes) for these networks, it
follows that modularity and maximum ratio of community can
distinguish the networks corresponding only to normal tissues
and diseased tissues while average degree can distinguish the
networks for all four cases in a broad range of the threshold
parameter. Eleven genes are found to contribute the most to
the variation of average degree in these four networks. Nine of
these genes are predicted to be oncogenes of colon cancer,
leaving the others cancer suppressors. Our literature review
indicates that eight of these key genes are directly correlated
to colon cancer, leaving the other three genes open. These
findings call for more empirical study and also might be
helpful for clinical diagnosis, treatment and drug design for
the disease.
Next, a simple introduction to some reverse modeling
methods and structural statistics used in this article will be
given. The sources of raw gene expression data and the
manipulations of the data are presented in Section 3. Section 4
shows the mutual information gene networks constructed from
the processed databases and our main results derived from
these networks. A conclusion and discussion section comes to
the end of the paper with some open problems.
II. REVERSE NETWORK MODELING AND
STRUCTURAL PARAMETERS OF NETWORK
To build a network model for a biological system and make
biologically relevant predictions on the functions of the system,
it is necessary to identify the system’s structure. For example,
in order to describe regulatory relationships in a set of genes,
we have to identify all relevant components, their functions,
their interrelationships and values of all relevant parameters.
Now, there are two ways to build a network model for a
biological system, forward and reverse network modelings.
The former is based on studies of individual components of the
system and, hence, is appropriate to a system for which there
exist lots of experiment data in literature. However, reverse
network modeling is based on the analysis of high-throughput
data (from DNA chips and some other recently developed
techniques) to mine regulatory mechanisms among the
components of the system. Recently, reverse network modeling
has been broadly applied to the studies of various biological
systems. Werhli et al.[15] built Raf signal transduction network
based on phylogenetic expression profiles through the methods
of Gaussian model and Bayesian model. Using the method of
reverse network modeling, Perkins et al.[16] investigated gene
regulatory network of drosophila and explained the activation
of genes. Wang et al.[17] constructed gene logical network for
Arabidopsis subject to external stimuli, and further analyzed
dynamical behaviors of the logical networks.

In this work, we consider regulatory networks of cancerrelated genes in colon tissues with and without cancer cells.
Through reconstructing the corresponding networks and
studying the characteristics of network structures, we hope to
better understand and find some unknown relevant functions
and regulatory mechanisms of the formation and pejoration of
colon cancer on the molecular level.
Now, let us briefly introduce some statistics used in this
work (see [14], [18] for detailed explanations). Set G = (V , E )
be a complex network with node-set V = {1,2,", N } and edgeset E .
1)Average path length( L ): The distance between nodes i
and j is defined as the smallest number of edges that connect
nodes i to j , denoted by d ij . Average path length of network
is defined as L =

1
∑ dij .
0.5( N − 1) i > j

2) Average clustering coefficient ( C ): The clustering
coefficient of node i , denoted by Ci , is equal to the proportion
of the edges among its adjacent nodes in the possible edges.
The average clustering coefficient is the average value of
clustering coefficient of all the nodes.
3) Average degree ( K ):The degree of a node is the total
number of nodes adjacent to it. The average degree is the
average value of degrees of all nodes.
4) Modularity( Q ): In a complex network, the concept of
community is a good tool to describe network structures and
provides better understanding of network functions.
Newman[18] proposed modularity to measure the probability
of a network having communities. Suppose that network G
contains k communities G1 , G2 , " , Gk . Define symmetric
matrix H = ( hij ) , where the element hij represents the ratio
k ×k

of the number of edges between two communities Gi , G j to
the total number of edges of the network. The modularity is
defined as: Q = ∑ Qi = ∑ ( hii − ai2 ) , where ai is the sum of all
i

i

elements in the i th row of H , representing the ratio of the
number of edges adjacent to community Gi and that of all
edges.
5) Maximum ratio of community ( M ):Suppose that a
complex network contains m communities G1 , G2 ,", Gm .
The ratio, M i , of the number of the interior edges of
community Gi to that of the edges adjacent to Gi is called the
interior-exterior ratio of community Gi . The maximum ratio

M = max {M i i = 1, 2," , m} , abbreviated as the maximum

ratio of community here. If M i > 1 , community Gi is a true
community and may be responsible to certain function of the
focal system. The community with the maximum ratio M as a
component of the network is critical to network functions.
In this work, we study the structure characteristics of
networks consisting of cancer-related genes. A gene

expression profile is a vector whose components are its
expressions in many different experiments. The mutual
information of genes A and B means that of their expression
profiles. The idea of mutual information stems from
information theory. It measures dependence degree of two
stochastic variables. Let A and B be two genes (regarded as
two stochastic variables). Their mutual information I ( A; B ) is
given
by
,
where
I ( A; B) = H ( A) + H ( B) − H ( A, B)
H ( X ) = −∑ p ( x ) log 2 p ( x ) is the Shannon entropy of vector
x∈X

X . H ( A, B ) is the joint entropy of genes A and B . The

larger the value of I ( A; B ) is, the closer the interrelation
between genes’ is.
III.

DATA SOURCE AND PROCESSING

A .Data Source
The gene expression data we work on are all from GPL570
in NCBI. For description convenience, we refer to the sample
data sets for stages A, B and C of colon cancer as experimental
groups and that for normal tissues as control group. The
networks corresponding to experimental and control groups are
called diseased networks and normal network respectively. The
sample data sets for stage A, B and C includes 39, 103, 92
samples respectively. These data are all from GSE2109. Our
data set for control group contains 10 samples in GDS2609, 11
samples in GSE10715 and 32 samples of GSE8671. Each of
these data sets includes p_values and P-M-A (P, A and M stand
for presence, absence and margin respectively) for 20827
genes, corresponding to 54676 probes. We represent P with 1,
A and M with 0 in the data sets. Our work is based on these
four databases (corresponding to normal stage, stages A, B and
C)*.
B. Selection of Cancer-Related Genes
It is out of our scope to construct and analyze the mutual
information networks for all genes in the databases (each of
the four databases contains expressions of more than 20,000
genes). Our main focus is on cancer-related genes[19]. From
the databases we chose 286 genes that are known to be linked
with cancers. These genes correspond to 801 probes. In the
cases where several probes correspond to one gene, the
highest expression value is chosen to form the gene’s
expression profile. We are interested in the structures of gene
networks. Genes with expression profiles consisting of almost
completely 0 or 1 contribute little to the structure of a
network. In our study, if less than 15% or more than 90% of
the total components of a gene’s profile are equal to 1, we
exclude the gene from our databases. There are 91 genes
remaining in the database for control group, 79 in the database
for stage A of colon cancer, 70 for stage B and 60 for stage C.
Therefore, we focus on mutual information networks of these
remaining genes in each database†.

*

http://cise.sdkd.net.cn/institute/isbbc/data/SCGN/database1.rar

†

http://cise.sdkd.net.cn/institute/isbbc/data/SCGN/database2.rar

C. Data Processing
To calculate mutual information between genes, we
discretize p_values in each database as follows. (i) Select the
interval [Min, Max] for p_values and divide it into 20 portions
such that each portion contains almost the same number of
p_values. Rank the expression values as 1st, 2nd, … , 20th. (ii)
Replace the p-values in an interval by its labeling value.
Obviously, the granularity of our discretization is finer than
that of 0-1 discretization and hence our discretization loses
less information than that contained in the 0-1 discretization.
Therefore, it is reasonable to believe that the mutual
information networks based on our finer discretization better
reflect the nature of the gene regulatory system.
D. Numerical Experiments, Methods and Results
1) Comparison of network statistics
For each of the discretizated databases, we can calculate
mutual information values and hence obtain a complete
network of all genes in the database with mutual information
values as edge weights. Note that the ranges for mutual
information values for our four databases are different. For the
purpose of comparison of networks, we normalize the mutual
x − min
information values for each database as x ′ =
,
max − min
where x and x′ represent the original and normalized mutual
information values, m ax and m in are the maximum and the
minimum values of the mutual information values
respectively.
In order to highlight the structural characteristics of the
networks so that valuable biological conclusions can be
drawn, it is necessary to choose a threshold value to carry out
coarse graining on normalized mutual information. For a
chosen threshold value, we can build four gene networks (with
normalized mutual information values as edge weights),
corresponding to the cases of control group, stages A, B and C
of colon cancer. In this work, we focus on the influence of
structural differences of networks on their functional
differences, and the statistics of a network can describe the
structure of mutual information networks. Therefore, for each
network derived from a threshold value, we compute six
statistics: average degree K , average path length L ,
maximum ratio M of community, modularity Q , average
clustering coefficient C and the number R of non-isolated
nodes. These statistics are plotted versus the threshold values
in Fig. 1. Comparing these statistics of the four networks, one
can see that M ， Q and R can distinguish normal and
diseased networks clearly in a broad range of the threshold
variation while there exist little changes in these statistics for
stages A, B and C. However, the differences among average
degrees K for control group and different disease stages are
pretty clear. Hence, parameters M , Q and R can be used to
describe the difference of normal and diseased networks,
while K could be an index to identify the networks for
control group and disease stages A, B and C. Fig. 2 illustrates
the four networks where the threshold is 0.45.
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Fig. 1. Plots of four statistics M , Q , R and K versus threshold values.
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(a) Normal stage
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Fig. 2. The mutual information networks of eighty two cancer-related genes in
our four databases corresponding to the cases of control group and disease
stages A, B and C. Obviously, some isolated nodes (genes) in the network for
control group (a) are not isolated in the cases of experimental groups (b, c, d)
while some other isolated genes in the cases of experimental groups (b, c, d)
are not isolated in control group (a), and the isolated nodes in (b), (c), (d) are
almost same. Here, the threshold value to construct the networks is 0.45.

2) Selection of structural key genes
From the above observation, we conclude that for a fixed
threshold, the variation pattern of average degree K in the
mutual information networks for the cases of normal stage,
stages A, B and C represents the variation pattern of the
structure of the genetic regulatory system. The variation
pattern of K is called the database pattern. Note that each
node (gene) of a network has a degree. The variation pattern
of a gene’s degree in the networks for the cases of normal
stage, stage A, B and C is called the variation pattern of the
gene. The average degree of a network describes the
abundance of network edges that together with nodes form the
network structure. From the point of view that the structure of
a system dictates its functions, changes in the structure may
cause changes in its functions. Therefore, we compare the
variation patterns of genes with the database pattern and
identify the genes, called structural key genes (abbreviated as
SKGs), which significantly contribute to the database pattern.
A SKG may contribute to the database pattern either
positively, implying that the variation pattern of the gene is the
same as the database pattern, or negatively, implying that the
gene’s variation pattern is the reversed with the database
pattern. For the networks shown in Fig. 2, the variation of
average degree K (i.e. the database pattern) in the four
networks is as follows, average degree for normal
stage>average degree for stage B>average degree for stage
C>average degree for stage A. There are nine SKGs positively
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CONCLUSIONS AND DISCUSSIONS

Based on the expression of cancer-related genes in normal
tissues and diseased tissues in stages A, B and C of colon
cancer, we construct the corresponding networks of mutual
information. From the comparison of network structures, we
observe that the characteristic parameters of network structure:
average degree, maximum ratio of community, modularity and
the number of non-isolated nodes can distinguish these
networks. Furthermore, we find eleven SKGs that significantly
contribute to the database pattern for average degree K (see
Table 1). Based on the idea that the structure of a system
dictates its functions, we predict these genes are closely
related to the formation and development of colon cancer.
Nine of the eleven genes having the same variation pattern as
the database pattern play a stimulating role in the processes of
formation, development and even the pejoration of colon
cancer on the molecular level. Their functions and/or involved
bioprocesses may be inducing appearance and division of
cancer cells and hence these genes are possibly the oncogenes
of colon cancer. On the contrary, the other two genes (PDGFB
and STK11) having the reversed database pattern might inhibit
formation and development of colon cancer and hence
possibly are cancer suppressor genes. Empirical studies on
colon cancer show that eight genes (ALK, AR, ESR1, FGF2,
GLI2, TP63, PDGFB, STK11) are closely related to the
formation and development of colon cancer [20-26]. For
example, ALK hydrolyzes the substance in the intestine and
the sphingomyelin in epithelial cells of the intestinal villus and
indirectly regulates cell proliferation, differentiation and
apoptosis by regulating the production of Cer, sphingosine and
1-phosphate sphingosine. In ulcerative colitis and colon tumor,
if the enzyme activity of ALK is down-regulated, then some
mutations occur to gene ALK-Smase. The concentration of
AR in cells is believed to be correlated to the degree of
differentiation of a tumor and the formation of colon cancer.
Gene STK11 is a cancer suppressor gene and plays a role in
the formation and development of sporadic colorectal cancer.
Our literature review does not show that the other three genes
(ERG, ZAP70, LATS1) are directly related to colon cancer. In
fact, In tumors like colorectal cancer, cutaneous angiosarcoma

and hepatocellular carcinoma, the expression of ETS1 can be
found in stromal cells of tumors that have been infiltrated and
the expression is going to be up-regulated with the invasion
and metastasis. And ERG is a subfamily of ETS transcription
factor family and ETS is correlated with transcriptional
activation of enzymes that degrade the extracellular matrix in
the process of metastasis and angiogenesis of tumor [27, 28].
Based on our analysis and the facts mentioned above for these
genes, we predict that these genes are oncogenes of colon
cancer. Our predictions call for more empirical studies on the
functions of these genes in colon cancer.
Let us look at the networks shown in Fig. 2 again. The
degrees of some nodes (genes) in normal network are far
greater than those in diseased networks. For example, the
degree of gene BLK in normal network is 37, while it is 0 in
diseased networks. That is, these genes are very active in
normal cells but exceptionally silent in cancer cells and,
hence, they are probably cancer suppressor genes. However,
the degrees of some other genes in normal network are far less
than those in diseased networks. For example, the degree of
gene ERBB4 in normal network is 0, while they are 25, 21 and
16 in the networks for disease stage A, B and C respectively.
Hence they might be oncogenes of colon cancer. Nineteen of
these genes together with their degrees are listed in Table 2. It
has been shown that six (IGF1, CD82, PDGFRB, PIK3CG,
ERBB4, WT1) of the nineteen genes in Table 2 are closely
related to the formation and development of colon cancer [2934]. For example, CD82 is a type of membrane surface
glycoprotein and plays an inhibiting role in the metastasis of
colon cancer, affecting cancer cells’ invasion to surrounding
tissues and metastasis to lymphaden and distant organs
through interactions between cells, and cells and extracellular
matrix. ERBB4 is a gene regulating the growth of colon
cancer. Over-expression of ERBB4 has an important relation
with clinical pathology of colon cancer. Assume that the more
significantly the degree of a gene varies with tissues’ states,
the closer its expression is related to the states. We predict that
the left thirteen genes (marked with “*” in Table 2) are closely
correlated with the formation of colon cancer.
TABLE II LIAST OF GENES WHOSE DEGREES VARY GREATLY
BETWEEN CONTROL GROUP AND EXPERIMENTAL GROUPS
(a)
Gene
BLK* EMP1*
ETV1*
CXCL3*
ZBTB48*
IGF1
CD82
LTK*
EPCAM*
NOTCH3*
PDGFRB
PIK3CG
SPI1*

Normal
37
20
27
33
23
22
26
25
20
32
43
31
40

A
0
0
1
0
0
0
0
0
0
0
0
0
0

B

C

0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0

(b)
Gene
ERBB4F
OSB*
RET*
SELE*
WNT3*
WT1

Normal
0
0
0
0
0
0

A

B

C

25
13
23
23
35
29

21
29
25
26
29
33

16
10
29
14
29
15

Fig. 2 illustrates the location maps of cancer-related
genes in our four databases. In the right side of the location
map in Fig. 2a, there exists a community in normal network
(the maximum ratio of community is equal to 4.8169). The
community disappears in diseased networks (the maximum
ratio of community is less than 1). In the network for a
complex biological system, a community of system
components is often in charge of some specific biological
functions. Therefore, we believe that for control group, the
genes in the community of the network together might play a
role of inhibiting colon cancer in an ordered manner, and
correspondingly the tissue is in the normal state.
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