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Abstract—Lung cancer is the leading cause of cancer deaths
worldwide. The identification of lung cancer risk disease
sub-networks not only helps to understand lung cancer
mechanism better, but also provide the potential benefits for
the early diagnosis and lead to important applications such as
drug targeting. Although some researches are devoted to
investigating the carcinogenic process of lung cancer, these
approaches have still some limitation. In this paper, the
differentially expressed genes are scored and ranked in
according to the method of augmented fuzzy measure similarity
for obtaining the seed genes. Then, the model of random walk
with restarts is used to identify risk disease sub-networks in the
PPI network. At last 37 risk disease sub-networks are exploited
from the PPI network, which play an important potential role
in the carcinogenic process of the lung cancer disease. In terms
of the proof and comments in the existing literatures, the
identified results show that the proposed method works well in
identifying the significant lung cancer risk disease sub-networks,
and it is also suitable to recognize other complex risk disease
sub-networks.

Keywords-Augmenting Fuzzy Measure Similarity, Random
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1. INTRODUCTION

Cancer, the complex disease of uncontrolled cell growth,
is one of the leading causes of human death worldwide and
the deaths from cancer are projected to continue rising [1-2].
Identification and verification of genes/proteins which have a
functional role in the patho-physiology of cancer remains an
important goal as that can help uncovering the underlying
molecular basis of cancer and cancer prevention, diagnosis
and treatment. For the past few years, there is a common view
that genes with a role in cancer tend to cluster together on
well-connected sub-networks of protein-protein interactions
[3]. This view has been widely accepted and applied to a
variety of disease research, such as oral cancer [4], breast
cancer [5], etc.. This suggests a hypothesis that the synergistic
expression of multiple cancer-related genes at the level of
mRNA can co-regulate the expression of proteins in their
immediate "network neighborhood" [6]. So, these
genes/proteins and their network neighborhood should
provide an ideal starting place to search for sub-networks
with a possible role in the disease.

The effectiveness of network-based approaches to the
identification of multiple disease genes/proteins has been
demonstrated in the context of various diseases, including
congenital heart disease [7], Crohn's disease [8], and coronary
artery disease [9]. In addition, these approaches are also
widely used in other fields, such as metabolic [10],
communication [11], etc.

Among all types of cancer, the mostly common causes of
cancer deaths are lung cancer. More than 1.6 million people
around the world are diagnosed as lung cancer each year [12].
This number continues to grow and it is estimated that 2.2
million people will be newly diagnosed as lung cancer in the
year 2020. Lung cancer is the most prevalent cancer type and
is associated with the highest mortality [13]. Previous
researches have shown that the major types of lung cancer are
associated with cigarette smoking [14-15]. In light of this,
some research have been devoted to investigating the
molecular alterations which ensued from cigarette smoking,
and the mechanism that links cigarette smoking to lung
cancer. Spira et al. have used DNA microarray to compare the
gene expressions of large-airway epithelial cells from
nonsmokers and smokers, and determine how cigarette
smoking alters the transcriptome [16]. Recently, Wan et al.
have selected differentially expressed genes from the survival
genes and constructed gene co-expression networks for
identifying the smoking-associated gene signature [17].
Takahashi et al. have showed that induction of
IKKbeta-dependent and JNK1-dependent inflammation is
likely to be an important contributor to the tumor promoting
activity of tobacco smoke [18]. Fang X et al. have coupled a
network-based approach with gene set enrichment analysis
and identified some new candidate genes in lung cancer and
smoking [19]. However, most of these methods are generally
limited to mRNA expression data in terms of quantification
of molecular expression. And only a few of independent new
disease markers are identified in the most cases, let alone are
considered to construct the new interaction sub-network
modules for obtaining more information. For an identified set
of seed genes/proteins, their corresponding risk disease
sub-networks with PPI information and different function
may have the potential to expand the information of lung
cancer mechanism and cure this disease. Therefore, these
potential sub-networks need to be given more attention, and
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the identification of the sub-networks also need to try and
in-depth study.

In this paper, we firstly incorporate Gene Ontology into
microarray gene expression profiles information to score and
rank the differentially expressed genes for selecting the seed
genes with a method of augmenting fuzzy measure similarity
(AFMS). And protein-protein interaction network information
and the model of random walk with restarts are used to
identify the risk disease sub-networks of lung cancer. The
new comprehensive method of Dbioinformatics for
sub-network identification can probe into deep genetic
relationships between lung cancer and pathogenesis
mechanism. Our study indicates that disease-specific
sub-networks could provide more specific information for the
development of precision prediction and therapies for lung
cancer. The overall work flow for the present study is
described in Fig. 1.

II. MATERIAL AND METHODS

A. Datasets

In this study, three kinds of data, namely microarray
gene expression profile data, protein-protein interaction
information and Gene Ontology (GO) terms, are used. The
GSE4115 dataset of smoker microarray gene expression
profiles is downloaded from NCBI Entrez Gene GEO site
(http://www.ncbi.nlm.nih.gov/geo/). Data are collected from a
total pool of 152 subjects and divided into two parts: 79 and
73 smokers with and without lung cancer in the data set.
Protein-Protein interaction (PPI) data are extracted from the
Human Protein Reference Database (HPRD)
http://www.hprd.org/ (Version 9.0). The Gene Ontology
project is a major bioinformatics initiative with the aim of
standardizing the representation of gene and gene product
attributes across species and databases. For certain genes that
we are interested, their terms could be searched out in Gene
Ontology project that provides a controlled vocabulary of
terms for describing gene product characteristics
(http://www.geneontology.org/). Currently, there are 36613
terms and 100% defined, including 22628 biological process,
2987 cellular component and 9368 molecular function.
B.  Data preprocessing and selection of the differentially
expressed genes

Before using the raw data, the each gene expression
value is normalized to z-transformed score, so that for each
gene the normalized expression value has mean equal to 0
and standard deviation equal to 1 over each sample. The
scores for each gene are used to select differentially expressed
genes using one-way analysis of variance (ANOVA). The
genes with Bonferroni adjusted p-values less than 0.05 are
selected as the results. At the same time, to reduce error, the
proteins which interact with self in HPRD are removed, and a
PPI network which consists of 9,502 proteins and 37,520
interact pairs are constructed.
C. Selection of the seed genes based on augmenting fuzzy
measure similarity

Currently in analyzing the similarity between gene
products, the mostly used features are the DNA sequence and

the expression values. However, as for many gene products,
additional information is available. One form of information
is symbolic, taking the form of associated Gene Ontology
(GO) terms [20]. In this paper, the method of Mihail Popescu
et al. [21] are adopted, who proposed the AFMS to calculate
the similarity between any two genes based on the GO terms.

Assuming G ={T},------ is a finite set of terms

that describing a gene. The fuzzy measure, g, is a real valued
function, satisfying the following properties:

g®)=0and & G- (1)
g(A)<gB) if A, B=G with ACB 2)
For all A,B < G with A
g(4U A)+g(B)+Ag(A)g(B),
for some A>-1 3)

The g' = g({T})is defined as the fuzzy density value,
which is interpreted as the information source of the single
term 7, in determining the similarity of two genes. For each
terms in the GO, their corresponding density value could be
calculated in a simple fashion, adapting the approach in [22].

The number of occurrences in the corpus of the term 7,
and its children is counted, and is converted to a probability,
ie.,

_ count(T} + children of T, in corpus)

p(T)

“4)

count(all GO terms in corpus)
Where 1Sk£|GO|.
Then, the density value g’ is calculated as:
g ==In(p(T))/ maxi=In(p(T))}  (5)
The denominator is used to scale the value into the
interval [0, 1].
Once all the density values of terms for a gene are
known, the value of A can be uniquely determined for a

finite set G using the property (3) and the facts G = U
and g(G)=1, which leads to the following equation for:

1+/1=f[(1+,1g" (6)

i=1

There is a unique solution A>-1 for this equation
[23]. For any one gene G, which has been described by
terms in the GO, its corresponding parameter A, could
be obtained in according with the above description.

Any two genes, e.g. the gene G, and the gene G, , are
considered as being represented by collections of terms
G ={T,.1},, and G, ={T,,T,, ., where
T, T,; € GO .The purpose of the proposed method is to
augment each set as:

G'=Gu{ T} and§ VG, (7)

Where{7,,,,} is the set of nearest common ancestors (NCA)

i,2j
of every pair (7}, 7,;) . And the parameters 4 or A, canbe
obtained by the Eq. (4), (5) and (6) based on the augmented
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set G or G, . At the same time, the resulting augmented
intersection is:
G ﬂG2]+ = G]+ ﬂG; =[G,NG,] U{ﬂf,zj} (®)
Using the augmented intersection, the augmenting fuzzy
measure similarity denoted by S,,,,(G,,G,) , is defined as:
(G, NG1)+& (G NG])
2 ©)
Where g, is the fuzzy measure compute on the result of Eq.
(8), which using Eq. (3) and parameter A, , k={1,2}.
For example, the calculation of the AFMS for two gene
products: COL21A1 gene (GenBank ID AAL02227) and
COL27A1 gene (GenBank ID BAB13947). They are

described as respectively:
COL21A gene:

G, ={T, = 5198(structural molecular activity),
T, = 7155(cell adhesion),T, = 5201

(extracellular matrix structural

g+
SAFMS (G,G,) = :

constituent), }
COL27A1 gene:
G, ={T; = 5201(extracellular matrix structural

constituent), T, = 5581(collagen)}
NCA (1,,T;,)=T, , the rest

G =TT} and G} ={T,.T,.7,} . the
intersection is [G,NG,]" ={T;,T;} . The set of related

of NCA=0,

augmented

Since

densities are calculated for G using Eq. (4) and (5):
{0.42, 0.44,0.58}, then the Eq.(6) is solved as:
1+A=(1+0424)x(14+0.442)x(1+0.584)
=1 =-0.72
And using Eq.(3), the fuzzy measure compute is:
g (G, NG,T) =g/ ({T;, T,}) = 0.42 +0.58
+(—0.72)x0.42x0.58
=0.82
The same process used in G, and the densities and
parameter are obtained: {0.42,0.58,0.65}, A =-0.75.
Then
g:(G, NG, 1) =g; ({1, T,}) = 0.42+0.58
+(—0.75)%0.42x0.58
=0.81
Hence, the AFMS is:
(G NG 1) +& (G NG])
2

g+
SAFMS (G,,G,) = :

_0.82+0.81 _082

As for these pervious selected differential expressed genes, a
further screening work is carried out for ensuring that the
selected seed genes are the most important and reliable ones.

According to the method of AFMS, the similarity scores
of any two differential expressed genes are calculated. And
then corresponding similarity scores matrix SS(s;) is

also constructed. Where s, =S,,,(G,,G;) or 1if i=j,n

denotes the number of the differential expression genes.
The each gene score based the SS(s;) is defined as:

23 s, 1)
== (10)

Si = a4
XX s;—n
i=1 j=1

Finally, these scores are ranked in accordance with the
principle of high to low, s, >s, >--- , the preceding m
genes whose sum scores accounted for 90% of all sum scores
are viewed as the seed genes.

D. Identification of the lung
sub-networks

These seed genes are mapped to the PPI network and are
found out their corresponding proteins, they are called
proteomic seeds. Each of them, there is a candidate
sub-network consisting of it and its direct interactors, termed
as the interactor sub-network is selected.

Based on the protein's proximity and connectivity to the
seeds, each protein in HPRD are assigned a score. If the score
is significant (»<0.001), and it is an interactor for a seed, the
protein is called a crosstalker. The seed and their crosstalkers
together constitute a crosstalker sub-network, it is also
identified as a risk disease sub-network. In other words, we
use an information flow based algorithm based on random
walk with restarts [24], identified a new smaller-scale
sub-network from each interactor sub-network.

Let G=(V,E) be a PPI network. For convenience,
N(v) is defined as the set of interacting partners of
proteinvelV , ie, NW)={ueV: uveFE}, and defined

S <V as the set of proteomic seeds. Our objective is to
compute a score «a(v) for each protein veV , to quantify

cancer risk disease

the network crosstalk between v and the seeds in S . Here,
network crosstalk is used an indicator of functional
association between proteins.

The random walk starts at a randomly chosen protein in
S . At each step, when the random walk is at a protein v, it
either moves to an interacting partner of v with the probability
1—r, or it restarts at a protein in S with probability r.
The parameter 0 <7 <1 is called the restart probability.

For each move, the interacting partner to be moved to is
selected uniformly at random from N(v). If ue N(v), the

probability of a move from v to u defined as:
P(u,v)=o(u,v)/ Zu,eN(v) o',v) (11)

otherwise 0. @(u,v) denotes the reliability of the interaction

between # and V. Similarly, for each restart the protein to
be restarted is selected uniformly at random from S , if ue .S,

the probability of restart at # € N(v) defined as:

pluy=z, D, z,u'  (12)
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Otherwise 0. z,(u) denotes the z-score of the fold change

of u with respect to the phenotype of interest, based on
proteomic seeds screening.

Based on the above described random walk model, the
probability between the proteins in S and each protein

veV is defined. Let @, denote a |V|-dimensional vector,
such that «,(v) is equal to the probability that the random
walk will be at protein v at step?, where ||0!, || =1.Let P
denote the stochastic matrix derived from network G=(V,E) ,
where P(u,v)=1/|N(v)|, if uveE, 0 otherwise. Then, we
have

a.,=(kr Ba, +rp (13)
Where £ denotes the restart vector with p(u) =1/ |S | for

ueS, and 0 otherwise. In the initial step, let &, = p, the
vector containing the crosstalk scores for each node in the

network is given by @ =lime,

11—

Since the moving process of the seed protein is random
and the probability is uniform in general case, the parameter
issetas r=0.5. At the same time, the parameter ¢ must be
sufficiently large. In our experiment, we has selected
t=1000, t=2000 and ¢=3000 for testing the related
performance respectively. And the obtained results adopting
the different parameters show that the score vectors are
almost consistent. Moreover, more experimental results show
that the values of the score vector are almost stable with the
increase of the parameter? . Here, we just choose ¢=1000

to carry out the experiments. Then u = Za(i) (v)/n and the

i=1

o’ = (a”()—p)’/(n=1) of the scores distribution
i=1
which using in this sample are computed, under the
assumption of normally distributed the scores. Subsequently,
the scores are adjusted to the standard normal distribution for
each protein:
)= € W o (14)
Once all proteins in the PPI network are scored and
adjusted according to these rules, the crosstalker
sub-networks are selected as follow: for each proteomic
seedu , the sub-network induced by the proteins in N(u)

that have significant adjusted scores with respect to S 1is
considered a crosstalker sub-network, the crosstalker
sub-network is defined as:

C(S= (N (u) :@ (15)
Where N (u)={ve Nu):z2”(v)>z"} . Here, -

the cut-off for adjusted score to be considered significant and
in our experiments, we used a p-value cut-off of 0.001.

denotes

III. RESULT AND DISCUSSION

Using the ANOVA, 59 differentially expressed genes
are identified from GSE4115 dataset, and according to the
method of AFMS, each differentially expressed gene are

scored and ranked, 37 genes are finally chosen as the seed
genes. Subsequently, their corresponding proteins are found
out, called them proteomic seeds. For each one of them, a
crosstalker sub-network consisting of itself and its significant
interactors is obtained, resulting in a total of 37 crosstalker
sub-networks.

These sub-networks could be considered as different
disease function modules and play an important potential role
in the carcinogenic process of lung cancer. For example, the
MAPKI1 crosstalker sub-network, which is illustrated with
Fig.2 and consists of 81 genes, some of these genes have been
confirmed to involve in the pathogenesis of lung cancer, such
as VAV1, DUSP6, TIP30, HMGA1, EGFR [25-29] etc. The
MAPK cascade is a highly conserved module that is
identifiable in many cancers. Some MAPK-related proteins
annotated with cell growth function, they are identified as
significant proteins in lung carcinogenesis. Elevated
expression of activated MAPK1 has been observed in
NSCLC (Non Small Cell Lung Cancer) [30] and may play a
role in lung metastasis [31].

TP53 is a well-studied tumor suppressor protein and
plays important roles in anti-cancer mechanisms and cell
cycle function, the TP53 crosstalker sub-network is illustrated
with Fig.3. Its activation is induced by a number of stress
signals such as DNA damage, oxidative stress and activated
oncogenes. Activated TP53 induces cell cycle arrest,
apoptosis and inhibition of angiogenesis and metastasis
function. Once damaged, tumor suppression is severely
reduced, resulting in uncontrolled proliferation of the cell.
Due to the importance in carcinogenesis, it is no surprise that
TP53 was found to be significantly mutated in lung
adenocarcinoma as well as in squamous cell carcinoma and
SCLC (small cell lung cancer) [32-34].

Large numbers of methods on discovering
discriminative lung cancer candidate genes are proposed,
including gene set enrichment analysis [19], protein
parameter estimation model [35] and enriched sera protein
profiling method[36]. The biological database used in those
method relatively simple, and the algorithm used in those
method relatively more complicated. The most critical thing
is that there is no information on the sub-networks of
biomarkers, since those studies mainly included some novel
protein biomarkers. Instead of existed methods, we take a
more direct approach to identify new seed genes according to
the similarity between two differential expression genes
which are screened out previously. Notice that the seed
genes or proteins are viewed as the center, by means of the
random walk with restarts model, the new sub-networks can
be discovered finally. In order to display the identified
results of proposed method, Fang's method [19] which is
under the condition of the disease stage or smoking is chosen
for the purpose of comparison. The 32 common genes
involved in smoking and lung cancer related networks are
identified by Fang's method. While, 37 novel seed genes with
corresponding crosstalker sub-networks are discovered by the
presented method, which can provide us more potential and
useful information. All of the seed genes are listed in Table 1.

If some proteins with unknown functions are discovered
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in these sub-networks, that will be a great challenge to
confirm the expression of those identified genes in the
formation of lung cancer, the production of correspondent
proteins in the tissue, or interaction between identified genes
and targeted proteins within the network. At the same time,
we also note that the number of the crosstalker sub-networks
is not very much, one potential explanation for this
observation is that current human PPI network capture only a
very small fraction of all protein relationships in the human
interactome [37], and therefore cannot be expected to reveal
a significant sub-network for every gene.

IV. CONCLUSION

Lung cancer is a complex disease and carcinogenesis in
humans is a multistep process that transforms normal cells
into malignant derivatives. In the recent decade, a lot of
researchers have investigated the underlying mechanisms that
prompt the uncontrolled cell proliferation and metastasis.
They have successfully identified some key components of
the various steps in the carcinogenesis and some therapeutic
interventions have been developed to at least slow down the
carcinogenic process. However, because of the complexity
and lack of comprehensive information, the detection and
therapy that targets some specific molecules is only partially
effective. Therefore, investigation of the disease mechanism
from the systems perspective is inevitable. The identification
of potential risk disease sub-networks can provide more
additional new biological information about lung cancer and
help understanding lung cancer mechanism, further
diagnosing and curing this disease. In this paper, we propose
a seed-based method to identify sub-networks of lung cancer.
The algorithm of augmented fuzzy measure similarity in
conjunction with microarray gene expression profile and GO
information are used to score and rank differentially
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Fig. 1. The flowchart of constructing the crosstalker sub-networks in lung cancer and cigarette smoking.
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Fig. 3. The crosstalker sub-network of TP53 protein

TABLE . THE SEED GENES OF IDENTIFIED CROSSTALKER SUB-NETWORKS WHICH RELATED LUNG CANCER
The seed genes of crosstalker sub-networks
LRRFIP1, NEDD9, AR, MSH6, FYN, SOX9, ECD, CD82, PLEKHAS, BCAS1, ESR1, PPMID, TSC2, XRCC4, SGCB,
ACVR2A, SP1, E2F1, AGPS, TP53, CORO2A, SLC5A1, MAPKI, STAM2, MED21, PRUNE, GOSR2, CTNNR1, SFRS14,
MANI1A2, MED2S, EIF2B3, SMAD2, ERFR, PTK2, HSP90AA1, AKTI
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