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They are then subjected to the expression profiling to get the
protein coding genes. Microarray data are collected from the
public database of the NIH Gene Expression Omnibus. Out
of 81 genes, only 11 genes show high connectivity and
prominence in the network system. [Supplementary file 1].
The essential nodes with high interactions are subjected to
the statistical analysis to evaluate the data. [Shown in Table
I].

Abstract—Recent studies have shown the evaluation and
validation of cancer drugs and their targets. Even though the
specificity of drug targets is a great challenge in the pharmacoproteomics field of cancer biology. The literature mining along
with the OMIM database gives the details of diseased genes
which are further subjected to design a well connected gene
regulatory network of cancer. The network is statistically
analyzed and represented by the graphical interpretation to
encounter the hub nodes and their locally parsed neighbors.
The ligand verses multi receptor docking and the propensity of
drug targets in hub nodes and related sub-networks were
further statistically examined in this study.
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TABLE I.

SHOWING THE GRAPH PROPERTY OF THE HIGHLY
INTERACTING NODES

Degree CentralityBetweenness Centrality Closeness Centrality
Molecule
Score
Molecule
Score Molecule Score
BCL6
1 BCL6
0.733 BCL6
1
AKAP13
0.442 AKAP13
0.037 AKAP13
0.642
RHOU
0.364 NCOA3
0.026 RHOU
0.611
RHOQ
0.364 TP53
0.014 RHOQ
0.611
RHOH
0.364 ESR1
0.008 RHOH
0.611
RHOF
0.364 BRCA2
0.008 RHOF
0.611
RAC2
0.364 RHOU
0.007 RAC2
0.611
RAC1
0.364 RHOQ
0.007 RAC1
0.611
ARHGAP4
0.364 RHOH
0.007 ARHGAP4
0.611

Biology,

I. INTRODUCTION
Recent studies have shown that drug treatments are
becoming very much pronounced in genetic diseases thereby
encountering the disease genes in the proteomics level has
become more difficult [2, 3, 8]. Even the identification of the
specific oncogenes and tumor suppressor genes related to
breast cancer has taken up many challenges [4]. But there
lies a great complexity among the genetic interactions of the
cancer disease genes which still not fully demystified.
This result is subjected to design a well connected
network systems to define the biological behavior. The
degree distribution of the nodes defines its importance and
biological hierarchy [6, 9]. To study the effects of breast
cancer specific ligands on the biological network of breast
cancer, here a novel method has been used which applies the
Surjective Function to demonstrate the drug-target
relationship. For the validation of the result, one ligand
versus multi receptor docking has been performed to
elucidate the high specificity of the ligands for best fit. This
analysis has been done on the basis of their docking score
and RMS value.

The Hub genes and their neighbor genes are uploaded into
the Cytoscape, the cellular network analyzer software to get
the visualization of the entire network. Here the Cytoscape
version 2.6 has been used with other plugins. The graphical
view of the network has been taken which gives the priority
of the hub nodes beside other locally parsed nodes. For
further validation of the drugs those nodes are given more
focus than other neighbors with low degree distribution.

II. METHODOLGY
A. .Constructing Breast Cancer Gene Regulatory Network
Cancer genes usually contain information about genes
which are targets for cancer-causing mutations; protooncogenes and tumor suppressor genes. The breast cancer
related genes are extracted from the OMIM database
ignoring the pseudo genes by the query search method [18].
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The ligand ID has taken from the KEGG Ligand
database.
IV. STATISTICAL ANALYSIS
The two sets (X, Y) of ligands and the target receptors
respectively are taken and formulated with the Surjective
Function which says that for every y in the codomain Y there
is at least one x in the domain X such that f(x) = y. In the
Figure 3, it has been shown that the way a ligand interact
with receptors. Again for the reverse analysis, the target set
also shows the mode of interaction which can be well
explained by this statistical and mathematical function.
Figure 1a: Showing the breast cancer gene network with the highly
connected Hub nodes (red in color).
Figure 1b: Showing the random interaction among the nodes in Breast
cancer network.

III. CONSTRUCTION OF LIGAND NETWORK
The breast cancer specific natural antimutagens were
annotated from a wide range of publishers and databases
like Wiley, Blackwell Synergy, Medline, Pubchem, Ingenta
Connect, Chemfinder, Drug Bank etc. To find the interaction
between the small molecules on the basis of their receptor
specificity, the ligand network has been designed in
Cytoscape using Metascape Plugin. The network shows the
scale free property like other biological networks illustrating
that some small molecules are more linked to many reactions
while others behave just as a discrete node of those highly
connected nodes. The resultant network has been shown in
the Fig 2. Now to validate the target specificity both the
network is being co-related. The ligands are subjected to
multi receptor docking using Quantum 3.3.0. The docking
score and RMS value here defines , how well the ligand
having target flexibility with the particular receptor. On the
basis of the score the mapping is done on the breast cancer
network consisted of breast cancer receptor protein.
According to Park K & Kim D, the ligand and binding sites
are associated with protein functions [7]. So a good docking
score indicates a ligand to be ideally fit for a drug target.

Figure 3: showing the mode of interaction among the ligand set and the
target set using Surjective Function where set X is the ligand set and set Y
is the target set.

V. RESULT AND ANALYSIS
The interpretation of the breast cancer network gives
eleven Hub nodes viz: BRCA2; BRCA1; NCOA6; NCOA3;
MRPS26; ANKRD17; SEPTIN 1; FBXO31; TRERF1;
RHOBTB2; AKAP13. Here due to huge number of
interactions among 81 breast cancer genes the threshold of
degree distribution has been set to ≥ 10. So in the hierarchy
order of the degree distribution the nodes are taken into
considerations which are having highest order of degree
distribution. [Supplementary file 2] So each breast cancer
specific ligands when multi targeted with these nodes gives
optimum results than other neighbors which are not so
interactive in the network graph. Even among this the two
most prominent tumor suppressor gene BRCA2; BRCA1
shows maximum target specificity indicating that breast
cancer specific drugs are specific for the particular disease
gene and not random among the networks.
The graph showing on Figure 3a and 3b indicates that
Acacetin is having high docking score with BRCA1 and
BRCA2 where as Ferulic acid is having high score only with
ANKRD17 ignoring the rest of the Hub nodes. The graphical
representation [Supplementary file 3] shows the specific
propensity of drug targets. Thus it is been concluded that
these disease genes are much prone to be act upon by the
ligand.
The network visualization makes the task more
accessible to get an overview of the interactions of cancer
genes. The statistical analysis of the sets of Ligand and
receptor show a Surjective Function as every ligand(x) taken
as the element of the set of Ligand(X) is having relation with
the element in the set of receptor (Y).

Figure 2: Showing the interaction between the small molecules on the basis
of their receptor specificity.
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VI. SIGNIFICANCE AND CONCLUSION
This review has demonstrated that there are some
particular small molecules which response in specific cancer
diseases. The specificity is not random. The analysis on the
basis of graphical representation and network view has made
the interpretation more lucid. The field of cancer biology is
lacking with a strong database which would put up the
medical science with the small details of the
chemopreventive drugs and specific cancer relativity.
This review is the step forward to illustrate the drug
targets of cancer biology with the aid of system biology.
Though the data of full cancer network is far from complete,
still the study gives a statistical review of how the drug
trends will be coming into the cancer biology field.
ACKNOWLEDGMENT
We
sincerely
acknowledge
Institute
Of
ComputationalBiology, Bangalore and DBT –BIF
center ,Maharani Lakshmi Ammani College for Women,
Bangalore for the financial support for the research work.

271

[17] [Massarweh S, Osborne CK, Creighton CJ, Qin L, Tsimelzon A,
Huang S, Weiss H, Rimawi M, Schiff R: Tamoxifen resistance in
breast tumors is driven by growth factor receptor signaling with
repression of classic estrogen receptor genomic function. Cancer Res
2008, 68(3):826-833.
[18] Ein-Dor L, Zuk O, Domany E: Thousands of samples are needed to
generate a robust gene list for predicting outcome in cancer.
Proceedings of the National Academy of Sciences of the United
States of America 2006, 103(15):5923-5928.
[19] Network-based classification of breast cancer
Metastasis Han-Yu Chuang1,5, Eunjung Lee2,3,5, Yu-Tsueng Liu4,
Doheon Lee3 and Trey Ideker1,2,4,* 1 Bioinformatics Program,
University of California San Diego, La Jolla, CA, USA, 2 Department
of Bioengineering, University of California San Diego, La Jolla, CA,
USA, 3 Department of Bio and Brain Engineering, Korea Advanced
Institute of Science and Technology, Daejeon, Korea and 4 Cancer
Genetics Program, Moores Cancer Center, University of California
San Diego, La Jolla, CA, USA 5 These authors contributed equally to
this work
[20] Kang Y, He W, Tulley S, Gupta GP, Serganova I, Chen CR, ManovaTodorova K, Blasberg R, Gerald WL, Massague J (2005) Breast
cancer bone metastasis mediated by the Smad tumor suppressor
pathway. Proc Natl Acad Sci USA 102: 13909–13914
[21] Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL,
Gillette MA, Paulovich A, Pomeroy SL, Golub TR, Lander ES,
Mesirov JP (2005) Gene set enrichment analysis: a knowledge-based
approach for interpreting genome-wide expression profiles. Proc Natl
Acad Sci USA 102: 15545–15550
[22] Peri S, Navarro JD, Amanchy R, Kristiansen TZ,
Jonnalagadda CK, Surendranath V, Niranjan V, Muthusamy B,
Gandhi TK, Gronborg M, Ibarrola N, Deshpande N, Shanker K,

Shivashankar HN, Rashmi

[23] BP, Ramya MA, Zhao Z, Chandrika KN, Padma N, Harsha HC et al.
(2003) Development of human protein reference database as an initial
platform for approaching systems biology in humans. Genome Res 13:
2363–2371
[24] Petricoin III EF, Bichsel VE, Calvert VS, Espina V, Winters M,
Young L, Belluco C, Trock BJ, Lippman M, Fishman DA, Sgroi DC,
Munson PJ, Esserman LJ, Liotta LA (2005) Mapping molecular
networks using proteomics: a vision for patient-tailored combination
therapy.J Clin Oncol 23: 3614–3621

272

