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ABSTRACT

KEYWORDS

Cancer-signalling networks are typically complex which involves gene regulation,
signalling, cell metabolism, and the alterations in its dynamics caused by the several
different types of mutations leading to malignancy. Computational model of networks make
possible to understand the complex behaviour of cancer-signalling network. Correlation
between complexity (clustering coefficient) of cancer-signalling network pathway and
Cancer Epidemiological data sets (cancer incidence, death rate and lifetime risk of cancer)
has been validated. Results of study support the initial assumption, that the complexity of
network matrices is a direct indicator of cancer threat. Understanding the differential
behaviour of regulatory networks during health, disease and in response to drugs play a
crucial role to enhance drug development efforts, new target identification, delineation of
off-target effects, methods of disease prediction, combinatorial drug regimens and also in
development of molecularly targeted personalized treatment.
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1. INTRODUCTION
Cancer has become one of the biggest health threats
all over the world. It is a leading cause of death
worldwide. In 2008 cancer cause 7.6 million deaths
worldwide, which are increased to 8.2 million deaths
and 32.6 million people living with cancer (within 5
years of diagnosis) in 2012. Deaths from cancer
worldwide are projected to continue rising, with an
estimated 17 million deaths in 2030, according to the
International Agency for Research on Cancer (Ferlay
et al., 2010, Ferlay J, 2012, Jemal et al., 2011, Lyon,
2013). According to Lancet Oncology Commission
report titled “Delivering Affordable Cancer Care in
High-Income Countries” published Sept. 26. U.S.
cancer spending grew to $90 billion in 2008 from $27
billion in 1990 and is projected to soar to $157 billion
by 2020(Keogh, 2012).
Surgery, radiation and chemotherapy are the standard
methods for the treatment of cancer.These therapy
shows success to a varying extent; their success is a
function of benefit and adverse effects associated with
them. They shows a great extent of success to give
relief from symptoms and enhancing the survival time
of patient; but it is also associated with severe side
effect, and even the development of secondary
cancers due the non-specific nature of these
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therapeutic methods (Breitkreutz et al., 2012,
Brenner, 2002, Ellison and Gibbons, 2006, Jemal
et al., 2011, Jemal et al., 2009). That's why with
few notable exception, mortality rates for major
classes of cancer does not shows notable change
over the last few decades. It shifted the emphasis
toward the molecularly targeted therapy, which is
a growing part of many cancer treatment
regimens.
Molecularly targeted therapy a newer type of
cancer treatment that uses drugs or other
substances to more precisely inhibit crucial cancer
signaling pathways to selectively kill the
cancerous cells and minimal damage to normal
cells; for example small-molecule drugs like
®
Gleevec (imatinib mesylate) a tyrosine kinase
®
inhibitor, Iressa (gefitinib) epidermal growth
®
factor receptor (EGFR) inhibitor, Sutent
(sunitinib) (VEGF) receptor inhibitor etc. other
class of substances includes in targeted therapy
are antibody drugs, like Avastin® (bevacizumab),
a VEGF-blocking antibogy, Erbitux® (Cetuximab)
is designed to seek out and lock onto EGFR to
facilitate the killing of cancer cells (Bayraktar and
Rocha-Lima, 2013, Huynh, 2010, Sathornsumetee
et al., 2007). Although molecularly targeted drugs
for cancer therapy does not affect the normal
functions body up to a extent of standard
chemotherapy, but they still cause some side
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(www.biologicalnetworks.org). Pathways of these
databases are literature based creative,
computationally predicted metabolic pathways or
from other databases like NCBI, Ensembl, UniProt
databases etc. Cancer sites whose detail molecular
pathway networks have been worked out and their
datasets are present at public freely available
pathway database are selected for this study (Table1).
Cancer statistics has been accessed for cancer
Incidence, Mortality and Lifetime Risk from the
Surveillance Epidemiology and End Results (SEER)
Program database (http://seer.cancer.gov/), which is
a resource for epidemiological data compiled by the
National Cancer Institute as a service to researchers
and physicians. Only the cancer Incidence, Mortality
and Lifetime Risk statistics for the cancer sites
selected for this study were used (Table-1).

effects; for example angiogenesis inhibitors like
Nexavar®
(sorafenib), Sutent® (sunitinib),
Votrient® (pazopanib) , etc. interfere with the
formation of new blood vessels. This can lead to
problems with bruising and bleeding of blood
vessels (Breitkreutz et al., 2012, Elice and
Rodeghiero, 2010, 2012).
Cancer is a systems biology disease. The etiology of
cancer involves a complex interplay of
cancersignaling pathways; that translate the external
stimulus—such as hormonal signals, growth factors,
or micro environmental stress—into appropriate
biological responses, such as cell growth,
proliferation, differentiation, or apoptosis. There is
ample evidence that most or all cancers display
dysregulation of several signaling pathways
resulting in the cells acquired independence of
external growth factors (Baker and Kramer, 2011,
Laubenbacher et al., 2009).
Therefore,
understanding the cancer signaling pathway during
carcinogenesis, cancer progression, and it's response
to therapy (Radiation, immunotherapy and
chemotherapy) is crucial for development of more
effective therapeutic methods (Breitkreutz et al.,
2012, Faratian et al., 2009, Hornberg et al., 2006, van
der Greef et al., 2007).
The present study investigates the correlation
between cancer-signaling network complexity and
cancer epidemiological data sets. Molecular
pathways for a number of cancer sites were
examined and network metrics computed
betweenness centrality and clustering coefficient.
The results of study revealed that the cluster
coefficient metric, which represents the network
c o m p l e x i t y, i s c o r r e l a t e d w i t h c a n c e r
epidemiological data sets. Cancer networks with
higher network complexity were also associated
with a high risk of cancer.

2.2. Network Assessment and Analysis
Network assessment and network metrics analysis
was done by software cytoscape 3.0.1 . Clustering
coefficient (measure of complexity) and
betweenness centrality (a measure of the extent that a
node lays on the paths between other nodes) are
statistical parameters used in correlation analysis
with epidemiological data sets.
The betweenness centrality of a node ? is given by
the expression:

Where óst is the total number of shortest paths from
node s to node t and óst(?) is the number of those
paths that pass through ? (Junker and Schreiber,
2007, Koschutzki, 2008).
Clustering coefficient is a local property that
quantifies the likelihood that the neighboring nodes
of a given node i are interconnected. It is determined
as Ci = 2n/[ki(ki - 1)], Where, ki the node degree of
the node I (Koschutzki, 2008, Medina, 2013).

2. MATERIALS AND METHODS
2.1. Dataset collection

2.3. Statistical Analysis

For some types of cancer, the detailed molecular
pathway has been resolved. The pathway data set of
these cancers are available at many public, freely
available pathway database such as BioCyc
(http://biocyc.org/), Reactome
( h t t p : / / w w w. r e a c t o m e . o r g / ) ,
BioGRID
(http://thebiogrid.org/), BioCarta
(http://www.biocarta.com/), Kyoto Encyclopedia of
Genes and Genomes (KEGG)
(http://www.genome.jp/kegg/), human signalling
network (http://www.bri.nrc.ca/wang/), Pathway
Interaction Database (http://www.pid.nci.nih.gov/)
a n d B i o l o g i c a l - N e t w o r k s
http://jraas.anveshika.org/

The data sets of cancer epidemiology, network
statistic and literature searches were analyzed using
a correlation test and statistical significance was
defined as p? 0.05.
3. RESULTS
The objective of the study is to correlate statistical
metrics of network to Cancer Epidemiology. The
main finding of the study is that, clustering
coefficient is directly correlated to Cancer incidence,
2
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Table 1. Cancer Epidemiological data sets (Cancer incidence, Death rate in cancer and life time risk of cancer) and
network statistic (cluster coefficient ) for each of the 10 cancer sites in this study. *Cancer incidence per 100,000 men
and women per year; **Death per 100,000 men and women per year; ***Life time Risk is the probability of
developing cancer in the course of one's lifespan. Lifetime risk may also be discussed in terms of the probability of
developing or of dying from cancer. Based on cancer rates from 2008 to 2010.

Type of cancer
Lung cancer
Colorectal cancer
Endometrial cancer
Skin cancer
Bladder cancer
Renal cell carcinoma
Pancreatic cancer
Glioma
Melanoma
AML

Cancer
incidence*
61.4
45
24.3
23.1
20.7
15.3
12.2
6.5
5.9
3.7

Death
rate**
49.5
16.4
4.3
3.6
4.4
4
10.9
4.3
3.4
2.8

Life time
Risk***
6.88
4.82
2.69
NA
2.4
1.61
1.49
0.62
0.7
0.41

Cluster
Coefficient
0.274
0.222
0.2
0.261
0.199
0.195
0.215
0.189
0.191
0.144

NA- Data not available.

Table 2. Correlation analysis between Network statistic (cluster coefficient of cancer network pathway) and Cancer
Epidemiological data sets (Cancer incidence, Death rate in cancer and life time risk of cancer).

Correlation
Between
Cancer incidence &
Cluster Cofficient
Death rate & Cluster
Cofficient
Life time Risk & Cluster
Cofficient

Correlation
R squared
coefficient (r)
0.7661
0.5869

P value
0.0098

Is the correlation
significant?
Yes

0.6662

0.4439

0.0354

Yes

0.8757

0.7668

0.002

Yes

Table 3. Search terms corresponding to each of the cancer sites in the study were used to perform searches for on
PubMed (http://www.ncbi.nlm.nih.gov/pubmed/), Google scholar (http://www.google.com/scholar) and Web of
Knowledge (Thomson Reuters) ( http://wok.mimas.ac.uk/) using the default (nonadvanced) search type. The total
number of citation results returned by each search was recorded. The searches were performed on July 22, 2013.

Type of cancer
Lung cancer
Colorectal cancer
Endometrial cancer
Skin cancer
B ladder cancer
Renal cell carcino ma
Pancreatic cancer
G lio ma
M elano ma
AM L

http://jraas.anveshika.org/

PubM ed
56,497

Number of citations
G oogle scholar
W eb of K nowledge
(Thomson Reuters)
18,20,000
1,00,508

156,509
26,062
21,003
58,066
32,603
66,365
62,883
90,922
57,488

16,80,000
9,22,000
916,000
15,40,000
17,50,000
13,80,000
4,50,000
11,30,000
4,66,000

3

1,80,404
36,334
40,390
79,641
73,254
77,235
75,633
1,95,822
89,308
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Figure 1. Scatter plot showing the correlation between cancer incidence rate and cluster coefficient Data points are
shown for cancer sites in the study. The x axis is the incidence rate for the cancer site and the y axis is the cluster
coefficient for the cancer site. The line is a linear regression fit, with Correlation coefficient (r) = 0.7661.
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Figure 2. Scatter plot showing the correlation between death rate for cancer and cluster coefficient. Data points are
shown for cancer sites in the study. The x axis is the death rate for the cancer site and the y axis is the cluster coefficient
for the cancer site. The line is a linear regression fit, with Correlation coefficient (r) = 0.6662.

Cluster Coefficient

0.4
0.3

·
·
··
·
·
·
·
·

0.2
0.1
0.0
0

2

4

6

8

Lifetime Risk

Figure 3. Scatter plot showing the correlation between lifetime risk of cancer and cluster coefficient. Data points are
shown for cancer sites in the study. The x axis is the lifetime risk for the cancer site and the y axis is the cluster
coefficient for the cancer site. The line is a linear regression fit, with Correlation coefficient (r) = 0.8757.
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Death rate and lifetime risk of cancer. Results of
study also shows that the network with highest
clustering coefficient are associated with higher
Cancer incidence, Death rate and lifetime risk of
cancer; as in the case of Small cell lung cancer, which
have a highest clustering coefficient also have
highest cancer incidence, Death rate and lifetime risk
of cancer (table-1).
Correlation coefficients (r) and P value for
correlation between epidemiological parameters and
clustering coefficients ware calculated (table-2); the
plot of cancer incidence versus clustering coefficient
shows that only one point lies outside the 95%
confidence band (figure-1). The plot of death rate
versus clustering coefficient shows that only two
points lies outside the 95% confidence (figure-2)
band but in a plot of lifetime Risk versus clustering
coefficient, all points lies within the 95% confidence
band (figure-3). All these statistical results show that
extent of correlation is good and correlations are not
due to random sampling.
Death rate of cancer patients is influenced by the
standard of treatment and economic status of
patients. On other hand cancer incidence and life
time risk has least affected with these factors. Data of
study also shows representing the same results. In
this study cancer incidence and life time risk have
higher correlation with network complexity in
comparison to death rate.
Cancer metabolic pathways present in pathway
database are literature based, so there is a possibility
that extent to which a particular type of cancer is
studied may be influencing the topology, and hence
the complexity of the networks. To test this
possibility, a set of PubMed, Google scholar and
Web of Knowledge (Thomson Reuters) literature
searches corresponding to each of the cancer site of
study were performed and the total numbers of
citations were compared with the clustering
coefficient values (Table-3). No correlation between
the total citations and the clustering coefficient was
observed, which supports the statement that the
extent to which a particular type of cancer has been
studied is not biasing the results.

discovery of new druggable targets.
The KRAS and GBR2 is the frequently occurring
node and same results are also reported by
Breitkreutz et al 2012. KRAS is also known as V-Kiras2 Kirsten rat sarcoma viral oncogene homolog or
K-ras, a Ras family oncogene. About 30% of human
tumours carry ras gene mutations. Of the three genes
in this family (composed of K-ras, N-ras and H-ras),
K-ras is the most frequently mutated member in
adenocarcinomas of the lung . Therefore, alteration
in KRAS activity will have significant effects on
information processing in the protein–protein
interaction.
Grb2 is a ubiquitously expressed adapter protein that
is essential for a variety of basic cellular functions
and acts as a critical downstream intermediary in
several oncogenic signaling pathways. It found to be
over expressed during carcinogenesis and enhanced
signaling through MAPK pathway . Grb2 is involved
in keratinocyte growth factor (KGF) induced
motility in cancer cells lines, suggesting that Grb2
can be a valid therapeutic target for cancer therapy
for prevention of local invasion and metastasis of
solid tumors . Hence the proteins sorted from the
molecular pathway network of cancer on the basis of
betweenness centrality can be a potent target for
drugs. These targets provide a molecular basis for
chemoprevention.
Breitkreutz et al 2012 show that cancer molecular
signalling network complexity is correlated with 5year survival probability of patient . 5-year survival
probability greatly influenced by the economic
status, slandered of treatment and medical
advancement in cancer therapy; but on the other
hand cancer incidence and lifetime risk of cancer
influenced least. Therefore in present study we use
incidence and lifetime risk of cancer for statistical
study. Results of this study also indicate that these
epidemiological parameters are strongly correlated
with network complexity.
A complex interplay of various signalling pathways
is responsible for carcinogenesis and cancer
progression, which limit the efficacy of a single drug
to provide a desired therapeutic result. As of now,
inability of single drug to produce most effective
results in cancer treatment enhances the future
prospective of combinatorial targeted
chemotherapy(Mishra et al., 2009, Schmidt et al.,
2007, Wagner and Ulrich-Merzenich, 2009).
Systems biology has potential to play a crucial role in
prediction of the most potent therapeutic targets;
which consequently helps in identification of the
best possible drug combination (Al-Lazikani et al.,
2012, Chabner and Roberts, 2005, Chen et al., 2012,
DeVita et al., 1975). combinatorial drugs are multicomposed mixtures of active components; they
show their synergistic effect by acting at same or

3. DISCUSSION
Topological characteristics provide crucial
knowledge for identification of critical network
components, which may be an attractive druggable
target, because they cause the inhibition of
nonessential genes while the consequent disruption
of information flow between functional modules
may prove to be therapeutically effective with minor
toxic effects. Betweenness centrality indicates the
relative importance of that particular node in
network global connectivity. It can be helpful in
http://jraas.anveshika.org/
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different nodes of a cancer signalling network
resulting in increase of therapeutic potential many
folds, in comparison to a single drug-target therapy
and, also compensates the toxicity and increased
bioavailability of active compounds (Arrell and
Terzic, 2010, Huie, 2002, Khan, 2006, Pawson and
Linding, 2008, Schoeberl et al., 2009, Tsai et al.,
2009). Ability to target the multiple nodes of cancer
signalling network may restrict the cancerous cells to
develop the resistance against combinatorial drug
therapies (Al-Lazikani et al., 2012, Woodcock et al.,
2011). This method is also helpful in the
development of combinatorial drug therapies to treat
other disease like diabetes, tuberculosis, Alzheimer's
and cardiovascular disease (Espinal et al., 2000,
Hammer et al., 2006, Perry et al., 2009, Shi et al.,
2012).
Systems biology aims to describe and to understand
the operation of complex biological systems.
Systematic approach plays a crucial role in
accommodation of human complexity variability
and its influence on health and disease (Hood et al.,
2004, Kitano, 2002, Naylor and Chen, 2010). It
provides a new opportunity to find out treatment for
each individual patients beyond the 'one-size-fits-all'
treatment strategy (Arrell and Terzic, 2010, Zhang et
al., 2012). Advancements of tools and technologies
in systems biology analyses provide great
opportunities to exploit the emerging areas of
personalized medicine (Naylor and Chen, 2010).
Application of systems biology in personalized
medicine for the treatment of various diseases
including cancer provides a great opportunity to find
out most effective diagnosis and treatment for
individual patients. It is also helpful to make the
therapeutic methods more cost effective (Chuang et
al., 2007, Lemberger, 2007, Morel et al., 2004).
Understanding the differential behaviour of
regulatory networks during health, disease and in
response to drugs play a crucial role to enhance drug
development efforts, new target identification,
delineation of off-target effects, methods of disease
prediction, combinatorial drug therapy and also in
development of molecularly targeted personalized
treatment (Arrell et al., 2009, Bartunek et al., 2009,
Nelson et al., 2008, Weston and Hood, 2004). It
could facilitate the drug discovery by generating a
testable hypothesis directly from network
components and structure. They also provide a
template for systems modelling of drug discovery,
by integrating information from multiple levels of
biological complexity, as well as from drug–protein
or drug–ligand interaction networks(Arrell and
Terzic, 2010).

http://jraas.anveshika.org/

CONCLUSION
By the result analysis, it has found a valid support
that there is a correlation between complexity
(clustering coefficient) of cancer network pathway
and cancer epidemiological data sets (cancer
incidence, death rate and lifetime risk of cancer).
Finding also supports the initial assumption that the
complexity of network matrices is a direct indicator
of cancer threat. Understanding the complex
behaviour of cancer-signalling networks is very
helpful for providing a platform for the development
of rational therapeutic strategies for cancer and other
deadly diseases.
CONFLICT OF INTEREST
The authors declare that there is no conflict of
interests regarding the publication of this paper.
REFERENCES
[1].Cancer Facts & Figures. American Cancer Society,
Atlanta, Georgia. 2014;Childhood & Adolescent
Cancers:1-66.
[2]. Abbasi A, Hossain L, Leydesdorff L. Betweenness
centrality as a driver of preferential attachment in the
evolution of research collaboration networks. Journal
of Informetrics. 2012;6(3):403-12.
[3]. Al-Lazikani B, Banerji U, Workman P. Combinatorial
drug therapy for cancer in the post-genomic era.
Nature biotechnology. 2012;30(7):679-92.
[4]. Albert R, Jeong H, Barabasi AL. Error and attack
to le r an c e o f c o mp lex n etw o r k s . N a tu r e.
2000;406(6794):378-82.
[5]. Arrell DK, Terzic A. Network systems biology for drug
discovery. Clinical pharmacology and therapeutics.
2010;88(1):120-5.
[6]. Arrell DK, Zlatkovic J, Kane GC, Yamada S, Terzic A.
ATP-sensitive K+ channel knockout induces cardiac
proteome remodeling predictive of heart disease
susceptibility. Journal of proteome research.
2009;8(10):4823-34.
[7]. Baker SG, Kramer BS. Systems biology and cancer:
promises and perils. Progress in biophysics and
molecular biology. 2011;106(2):410-3.
[8]. Bartunek J, Sherman W, Vanderheyden M, FernandezAviles F, Wijns W, Terzic A. Delivery of biologics in
cardiovascular regenerative medicine. Clinical
pharmacology and therapeutics. 2009;85(5):548-52.
[9]. Bayraktar S, Rocha-Lima CM. Molecularly targeted
therapies for advanced or metastatic non-small-cell
lung carcinoma. World journal of clinical oncology.
2013;4(2):29.
[10]. Breitkreutz D, Hlatky L, Rietman E, Tuszynski JA.
Molecular signaling network complexity is correlated
with cancer patient survivability. Proceedings of the
National Academy of Sciences. 2012;109(23):920912.
[11]. Brenner H. Long-term survival rates of cancer
patients achieved by the end of the 20th century: a
period analysis. Lancet. 2002;360(9340):1131-5.
[12]. Chabner BA, Roberts TG, Jr. Timeline:
6

Journal of Recent Advances in Applied Sciences
Chemotherapy and the war on cancer. Nature reviews
Cancer. 2005;5(1):65-72.
[13]. Chen R, Mias GI, Li-Pook-Than J, Jiang L, Lam HY,
Chen R, et al. Personal omics profiling reveals
dynamic molecular and medical phenotypes. Cell.
2012;148(6):1293-307.
[14]. Chuang HY, Lee E, Liu YT, Lee D, Ideker T.
Network-based classification of breast cancer
metastasis. Molecular systems biology. 2007;3:140.
[15]. DeVita VT, Jr., Young RC, Canellos GP. Combination
versus single agent chemotherapy: a review of the
basis for selection of drug treatment of cancer. Cancer.
1975;35(1):98-110.
[16]. Elice F, Rodeghiero F. Bleeding complications of
antiangiogenic therapy: pathogenetic mechanisms
and clinical impact. Thrombosis research. 2010;125
Suppl 2:S55-7.
[17]. Elice F, Rodeghiero F. Side effects of anti-angiogenic
drugs. Thrombosis research. 2012;129 Suppl 1:S50-3.
[18]. Ellison LF, Gibbons L. Survival from cancer--up-todate predictions using period analysis. Health reports /
Statistics Canada, Canadian Centre for Health
Information = Rapports sur la sante / Statistique
Canada, Centre canadien d'information sur la sante.
2006;17(2):19-30.
[19]. Espinal MA, Kim SJ, Suarez PG, Kam KM,
Khomenko AG, Migliori GB, et al. Standard shortcourse chemotherapy for drug-resistant tuberculosis:
treatment outcomes in 6 countries. Jama.
2000;283(19):2537-45.
[20]. Faratian D, Clyde RG, Crawford JW, Harrison DJ.
Systems pathology--taking molecular pathology into
a new dimension. Nature reviews Clinical oncology.
2009;6(8):455-64.
[21]. Ferlay J, Shin HR, Bray F, Forman D, Mathers C,
Parkin DM. Estimates of worldwide burden of cancer
in 2008: GLOBOCAN 2008. International journal of
c a n c e r J o u r n a l i n t e r n a t i o n a l d u c a n c e r.
2010;127(12):2893-917.
[22]. Ferlay J SI, Ervik M, Dikshit R, Eser S, Mathers C,
Rebelo M, Parkin DM, Forman D, Bray, F. Cancer
Incidence and Mortality Worldwide: IARC
CancerBase No. 11. 2012.
[23]. Giubellino A, Burke TR, Jr., Bottaro DP. Grb2
signaling in cell motility and cancer. Expert opinion
on therapeutic targets. 2008;12(8):1021-33.
[24]. Gui R, Li D, Qi G, Suhad A, Nie X. Inhibition of
Grb2-mediated activation of MAPK signal
transduction suppresses NOR/CB1954-induced
cytotoxicity in the HepG2 cell line. Oncology letters.
2012;4(3):566-70.
[25]. Hammer SM, Saag MS, Schechter M, Montaner JS,
Schooley RT, Jacobsen DM, et al. Treatment for adult
HIV infection: 2006 recommendations of the
International AIDS Society-USA panel. Jama.
2006;296(7):827-43.
[26]. Hensing T, Chawla A, Batra R, Salgia R. A
Personalized Treatment for Lung Cancer: Molecular
Pathways, Targeted Therapies, and Genomic
Characterization.
Systems Analysis of Human
Multigene Disorders: Springer; 2014. p. 85-117.
[27]. Hood L, Heath JR, Phelps ME, Lin B. Systems
biology and new technologies enable predictive and
preventative medicine. Science.
2004;306(5696):640-3.
[28]. Hornberg JJ, Bruggeman FJ, Westerhoff HV,
Lankelma J. Cancer: a Systems Biology disease. Bio
Systems. 2006;83(2-3):81-90.
http://jraas.anveshika.org/

[29]. Huie CW. A review of modern sample-preparation
techniques for the extraction and analysis of
medicinal plants. Analytical and bioanalytical
chemistry. 2002;373(1-2):23-30.
[30]. Huynh H. Molecularly targeted therapy in
hepatocellular carcinoma. Biochemical
pharmacology. 2010;80(5):550-60.
[31]. Hwang WC, Zhang A, Ramanathan M. Identification
of information flow-modulating drug targets: a novel
bridging paradigm for drug discovery. Clinical
pharmacology and therapeutics. 2008;84(5):563-72.
[32]. Jemal A, Bray F, Center MM, Ferlay J, Ward E,
Forman D. Global cancer statistics. CA: a cancer
journal for clinicians. 2011;61(2):69-90.
[33]. Jemal A, Siegel R, Ward E, Hao Y, Xu J, Thun MJ.
Cancer statistics, 2009. CA: a cancer journal for
clinicians. 2009;59(4):225-49.
[34]. Johnson L, Mercer K, Greenbaum D, Bronson RT,
Crowley D, Tuveson DA, et al. Somatic activation of
the K-ras oncogene causes early onset lung cancer in
mice. Nature. 2001;410(6832):1111-6.
[35]. Junker BH, SCHREIBER F. Analysis of Biological
Networks. Wiley Online Library; 2007.
[36]. Keogh B. Era of personalized medicine may herald
end of soaring cancer costs. Journal of the National
Cancer Institute. 2012;104(1):12-3, 6-7.
[37]. Khan IA. Issues related to botanicals. Life sciences.
2006;78(18):2033-8.
[38]. Kitano H. Systems biology: a brief overview.
Science. 2002;295(5560):1662-4.
[39]. Koschutzki D. Network centralities. Analysis of
biological networks. 2008;2:65.Laubenbacher R,
Hower V, Jarrah A, Torti SV, Shulaev V, Mendes P, et
al. A systems biology view of cancer. Biochimica et
biophysica acta. 2009;1796(2):129-39.
[40]. Lemberger T. Systems biology in human health and
disease. Molecular systems biology. 2007;3:136.
[41]. Lyon F. International Agency for Research on Cancer.
2013.
[42]. Mainardi S, Mijimolle N, Francoz S, Vicente-Dueñas
C, Sánchez-García I, Barbacid M. Identification of
cancer initiating cells in K-Ras driven lung
adenocarcinoma. Proceedings of the National
Academy of Sciences. 2014;111(1):255-60.
[43]. Medina MA. Systems biology for molecular life
sciences and its impact in biomedicine. Cellular and
molecular life sciences : CMLS. 2013;70(6):1035-53.
[44]. Mishra K, Dash AP, Swain BK, Dey N. Anti-malarial
activities of Andrographis paniculata and Hedyotis
corymbosa extracts and their combination with
curcumin. Malaria Journal. 2009;8(1):26.
[45]. Morel NM, Holland JM, van der Greef J, Marple EW,
Clish C, Loscalzo J, et al. Primer on medical
genomics. Part XIV: Introduction to systems biology-a new approach to understanding disease and
treatment. Mayo Clinic proceedings. 2004;79(5):6518.
[46].
Naylor S, Chen JY. Unraveling human
complexity and disease with systems biology and
personalized medicine. Personalized medicine.
2010;7(3):275-89.
[47]. Nelson T, Behfar A, Terzic A. Stem cells: biologics
for regeneration. Clinical pharmacology and
therapeutics. 2008;84(5):620-3.
[48]. Palumbo MC, Colosimo A, Giuliani A, Farina L.
Functional essentiality from topology features in
metabolic networks: a case study in yeast. FEBS
letters. 2005;579(21):4642-6.
7

Journal of Recent Advances in Applied Sciences
Cancer Research. 2009;15(17):5435-44.
[57]. Van der Greef J, Martin S, Juhasz P, Adourian A,
Plasterer T, Verheij ER, et al. The art and practice of
systems biology in medicine: mapping patterns of
relationships. Journal of proteome research.
2007;6(4):1540-59.
[58]. Wagner H, Ulrich-Merzenich G. Synergy research:
approaching a new generation of
phytopharmaceuticals. Phytomedicine.
2009;16(2):97-110.
[59]. Weston AD, Hood L. Systems biology, proteomics,
and the future of health care: toward predictive,
preventative, and personalized medicine. Journal of
proteome research. 2004;3(2):179-96.
[60]. Woodcock J, Griffin JP, Behrman RE. Development
of novel combination therapies. The New England
journal of medicine. 2011;364(11):985-7.
[61]. Zang XP, Siwak DR, Nguyen TX, Tari AM, Pento JT.
KGF-induced motility of breast cancer cells is
dependent on Grb2 and Erk1,2. Clinical &
experimental metastasis. 2004;21(5):437-43.
[62]. Zhang A, Sun H, Wang P, Han Y, Wang X. Future
perspectives of personalized medicine in traditional
Chinese medicine: a systems biology approach.
Complementary therapies in medicine. 2012;20(12):93-9.
[63]. Zhong Q, Simonis N, Li QR, Charloteaux B, Heuze F,
Klitgord N, et al. Edgetic perturbation models of
human inherited disorders. Molecular systems
biology. 2009;5:321.

[49]. Pawson T, Linding R. Network medicine. FEBS
letters. 2008;582(8):1266-70.
[50]. Perry JR, McCarthy MI, Hattersley AT, Zeggini E,
Wellcome Trust Case Control C, Weedon MN, et al.
Interrogating type 2 diabetes genome-wide
association data using a biological pathway-based
approach. Diabetes. 2009;58(6):1463-7.
[51]. Sathornsumetee S, Reardon DA, Desjardins A, Quinn
JA, Vredenburgh JJ, Rich JN. Molecularly targeted
t h e r a p y f o r m a l i g n a n t g l i o m a . C a n c e r.
2007;110(1):13-24.
[52]. Saxton TM, Cheng AM, Ong SH, Lu Y, Sakai R,
Cross JC, et al. Gene dosage-dependent functions for
phosphotyrosine-Grb2 signaling during mammalian
tissue morphogenesis. Current biology : CB.
2001;11(9):662-70.
[53]. Schmidt BM, Ribnicky DM, Lipsky PE, Raskin I.
Revisiting the ancient concept of botanical
t h e r a p e u t i c s . N a t u r e C h e m i c a l B i o l o g y.
2007;3(7):360-6.
[54]. Schoeberl B, Pace EA, Fitzgerald JB, Harms BD, Xu
L, Nie L, et al. Therapeutically targeting ErbB3: a key
node in ligand-induced activation of the ErbB
receptor-PI3K axis. Science signaling.
2009;2(77):ra31.
[55]. Shi S, Yao W, Xu J, Long J, Liu C, Yu X.
Combinational therapy: new hope for pancreatic
cancer? Cancer letters. 2012;317(2):127-35.
[56]. Tsai CH, Lin FM, Yang YC, Lee MT, Cha TL, Wu GJ,
et al. Herbal extract of Wedelia chinensis attenuates
androgen receptor activity and orthotopic growth of
prostate cancer in nude mice. Clinical cancer research
: an official journal of the American Association for

http://jraas.anveshika.org/

8

