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Abstract
ABSTRACT :Theincidence of Diabetes Mdllitus (DM), Hypertension (HTN) and Coronary artery disease (CAD) in the country has
increased alarmingly. Since decades DM and HTN have been proved to be independent risk factors for CAD. Gene and its regulatory
action through a protein are vital for the normal metabolism. Any abnormality in regulation would lead to a disease. Our study used
the principles of network biology to understand the comorbidity of diseases at the molecular level. We have collected disease genes of
DM, HTN and CAD from various public databases and extracted genes common to all the three diseases. We constructed a biological
network by considering the protein interaction data obtained from Human Protein Reference Database (HPRD).The network was
validated using power law distribution and the genes wer e ranked using Centiscape. Finally we identified the crucial genes with
literature validation which could play a major rolein causing disease co-morbidity.
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1. INTRODUCTION

Diabetes Mellitus and Hypertension are well esshgd
independent risk factors for Coronary artery Diged$e co-
existence of diabetes and hypertension would hagative
impact on the prognosis and outcome of a patiete T
presence of hypertension would accelerate theofisloronary
artery diseases. [Refl] The underlying key pathsjitggical
mechanism would be vascular endothelial dysfuncipbetelet
aggregation and platelet dysfunction. [Ref2] Themumal of

a physician is to maintain the blood glucose lewagld
normotensive state in order to reduce the risk of
cardiovascular diseases. There is always a chaficano
economic burden for the treatment of diabetes telland
hypertension considering the existing scenariousfamuntry.

So the major focus on treatment modality would be
prophylactic to prevent the risk of other diseassralence.

The central dogma of molecular biology is Deoxyriboleic
Acid (DNA) which upon transcription produce Riboteic
Acid (RNA) and RNA expresses or regulates a pdedicu
function through a protein. Proteins are major rooles that
co-ordinate, regulate many functions in our bodyotigh
various mechanisms. Protein interacts with othetgn to
perform many metabolic activities. A lot of credjbes in
favour with the advent of high throughput experitsdeading
to lot of protein-protein interaction data.[Ref3ghwell

established high throughput experiments are thé goivn

assays, tandem affinity purification(TAP), yeast otw
hybrid(Y2H), mass spectrophotometry, microarraybage

displays.[Ref4,12] There are many public repostor
available which gives the interacting partners dfe t
genes/protein. Protein-Protein Interaction (PPtadats could
be retrieved from BIND [Ref5], STRING [Ref6], MINT
[Ref7], DIP [Ref8], HPRD [Ref9] and many others.

Graph theory has wide range of applications in &mental
areas of mathematics, statistics, physics, chemistnd
biology. As we all understand that human biological
phenomenon is highly complex and it could be vemilw
studied in elementary constituents, these elementar
constituents interact in their own manner to bridgout a
normal regulation. For example the energy regutatizough
generation of ATP molecules are regulated in a rchiéie
phenomenon such as Kreb’s cycle which is in factais
molecular and a metabolic phenomenon. Any disraptiiothe
normal physiology leads to an abnormality whichldooe a
pathophysiologic condition. All these reactions Idolbe
represented as a network. This approach of studglied as
Systems Biology or Network Biology. This is a rdpid
growing domain in bioinformatics which deals witioBgical
Networks. [Ref10]
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There are various types of biological networks sashGene
Regulatory Networks, Cell Signaling Networks, PEtworks,
Metabolic Networks and so on. [Refll]. In the cuatre
scenario, PPl networks play a major role in Humaedidine
and Molecular Biology. The application of proteimeraction
networks are: prediction of novel disease genesgjigtion of
genotype-phenotype associations, studying the mersetd
molecular basis of diseases. [Ref12, Refl3]

A task of linking disease genes and associated huma
disorders is done to develop a human diseasome. WWas
constructed by using a bipartite graph between adise
phenome and disease genome. Few key observations
summarized in the study were genes contributiregycommon
disease have increased tendency to participate Rh P
tendency to express in a specific tissue, tendigplaly co-
expression levels. [Refl4]

Human diseasome exploration would connect the swaid,
i.e. genes, proteins with global networks i.e. tliseases,
mortalityand patient care. The overall benefit tafdying the
network would give rise to another domain calleck th
“Network Medicine”. This would help the physicianad the
biologists in understanding and reframe the exjgstiratment
methods of a patient. This would benefit the pateare and
would give birth to a highly specialized domain ledl the
genomic medicine or personalized medicine. [Ref15]

Centrality measures are mostly computed in netviology
depending upon the type of networks. The widelyduse
network centralities are Degree, Eccentricity, Bmnness,
Closeness, Eigen Vector, Radiality, Centroid vateess and
so on. The biological significance of the centyaliteasures is
well characterised and analysed as studied by Giova
[Refl6]

2. RELATED WORK:

The major challenge faced by biomedical researdier
prediction, identification of novel genes and piotunction
prediction. Role of biological networks particuja®PPl and
gene regulatory networks with the application oftecality
measures have proved significant in various stugéetrmed
earlier. Potential of disease gene prediction araeh
candidate gene identification could be possibleskyloiting
PPI networks. [Refl17]

adjustment schemes were conducted to the

performance of the Degree centrality. [Refl19]

improve

Two hundred and seventy six novel cardiovasculandicate

genes were identified by using a combined cenyratiéasures
such as Degree, Betweenness, Neighbour count afabes
gene, ratio of disease gene in neighbour, clugierinefficient

and Mean shortest path length of disease. [Ref20]

An attempt was made in ranking candidate genes and
prioritizing them based on the microarray datasets$ protein
interaction network. Katz centrality index was poeed to this
study and is applied for 40 diseases in 58 geneesgjpn
datasets. [Ref21] A database is developed on Autism
related neurological disease called Autworks. Tisisweb
application developed to view autism gene netwarlcture
within and related disorders associated with autifRef22]
New novel genes were identified in prostate canognising
centrality measures such as Degree, Eigen vector,
Betweenness and Closeness. The data was extractesiny
literature mining by using support vector machifjBef23]

A recent advance in applying Network medicine wasgd
repurposing or drug repositioning. It was condudtedwo

steps by constructing the protein interaction nekweith the

common genes shared by two diseases. The secqna/atéd

be identifying the drug target’s (gene/protein)samece within
the protein interaction network. The presence & thug
target would make it a potential drug repositiongagndidate.
This would pave way to a rational approach in tnggta

multiple diseases with a single. [Ref24]

This paper aims to select three diseases which déngh rate
of co-morbidity, identify the common genes, extrdoeir
protein interacting partners, constructing a profeteraction
network and apply centrality measures to rank tieial role
players of the genes.

3. MATERIALS & METHODS:
3.1 Disease Gene Collection:

Genes known to be associated with the three diffatiseases
(DM, CAD, HTN) were collected from various databss€he
databases used are in Tablel.

Tablel: List of Databases used for Collection of Disease

Degree, Page Rank, Shortest path Betweenness, néisse Genes

Radiality, Integration, Katz Status Index and Motihsed DATABASE DM HTN CAD

centralities were considered to be best centraiigasures for GeneCards Y Y Y

gene regulatory networks. Top two per cent of teeeg were [Ref25]

considered as key regulatory players in gene régnyla Eugenes Y Y Y

network. [Refl8]For disease gene prioritization sidaring [Ref26]

degree centrality would not favour the loosely aected or OMIM [Ref27] Y Y Y

disconnected nodes within the network. Severalissitzl Entrez [Ref28] Y Y Y
Ensebml Y Y Y
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[Ref29]
T-HOD [Ref30] Y Y N
Uniprot [Ref31] Y Y Y
KEGG [Ref32] Y Y Y
HuGe Y Y Y
Navigator
[Ref33]
GeneAtlas Y Y Y
[Ref34]
BioGUO N N Y
[Ref35]
DDBJ [Ref36] N Y Y
GAD [Ref 37] Y Y Y

3.2 Extraction of common genes.

Common genes for these three diseases were extrasiieg
SQL query.

3.3 Interacting partners:

The interacting partners of the genes/proteins wetkected
using HPRD [Ref9].

3.4 Network Construction & Visualization:

Cytoscape, [Ref38] is an online visualization tooted to
construct a network. The network is constructeddsgoving
the duplicate edges and self-loops.

3.5 Computation of network parameters:

Network parameters are computed using NetworkAralyz
[Ref39]. It is a Cytoscape plugin that computes disghlays a
comprehensive set of topological parameters andraiiy
measures for undirected and directed networks, winidudes
the number of nodes, edges, and connected comoribat
network  diameter, radius, density, centralization,
heterogeneity, clustering coefficient, and the ahtaristic
path length.

3.6 Computation of the centrality measures:

The centrality measure gives the significance qfadicular
node in the network. CentiScaPe, [Ref 40] a Cyosqapgin,
allows the user to compute the parameters in theank. In
our analysis, we computed Degree, Closeness, Behess
and Centroid value centralities after understandithg
biological significance of the genes with respeot the
diseases.

3.7 Ranking the genes:

The top hundred genes of each computed centraigsore
were considered and a cumulative score was obtalned
summing the independent scores of each centraldgsores

as considered in our study. The genes with maximsaare
were ranked higher.

3.8 Validation of theranked genes:

The genes obtained were validated for literaturesefa
evidence through PubMed citation index number (PMI@).
The genes having evidence in all the three diseasze
identified as comorbid genes.

RESULTS& DISCUSSION:

The number of genes for Diabetes Mellitus was thousand
three hundred and fourteen genes (4314). Hypetensas
two thousand six hundred and seventy five(2675) ford
Coronary Artery Disease was one thousand six hundrel
ninety two (1692). A total of seven hundred ancefifour
genes (754) were identified to be common amonthelthree
diseases. These genes were extracted using SQl. qites
nomenclature and the chromosomal position of thgsges
were listed using HGNC.[Ref41] The interacting pins were
collected from HPRD.

FIGUREL: Biological Network constructed using Cytage

The network was constructed and visualized usingp$ape.
The number nodes and edges were four thousand unadrdx
and eighty seven (4285) and ten thousand four ledhdnd
sixty nine (10169) respectively. The network getetawas
complex. The network was further analysed usingwsdek
Analyzer, a Cytoscape plugin. The simple parameters
generated are mentioned in the Table 2. The netwak
validated using power law distribution. Network Ayrer fits
power-law by using least squares method. The paesmef
power-law fit are:

y=ax’

a=1234.2 b=-1.536

Correlation=0.998 R-squared=0.882
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TABLE 2: List of Simple Parameters

S.No. | Parameter Value
1 No. of connecteq 49
components
2 Clustering co-efficient 0.093
3 Network Diameter 11
4 Network Radius 1
5 Network Density 0.001
6 Characteristic Path 4,190
Length
7 Neighbourhood 4.883
connectivity

The centrality measures were computed using CeapiSc
plugin of Cytoscape. Degree, Closeness, Betweenands
Centroid value were selected based upon the uaaelisty of
their biological significance particularly in a d&se state. We
selected only hundred genes falling in each cetytnaleasure.
Each gene was assigned a score and a rank wasaibtmsed
on the cumulative score of those centrality measurstially,
we obtained a set of fifty five (55) genes that eveanked by
each centrality measure. We validated those geh&sned,
with literature evidence by using PubMed citatiomdex.
Finally we could identify a total of ten (10) gengisowing
evidence in all the three diseases.

In this study, we could identify genes which colddd to the
co-morbidity among three diseases. These genegoal®
studied in detail to understand their mechanisnaspathways
associated in each disease. Their physiological iklso to
be understood in order to have a clear picturemmarbidity
mechanisms. These genes could be analysed for ssipme
analysis in every disease state to determine
pathophysiologic role of the gene. After expressamalysis
studies and their results, the following work colld taken
one step ahead for therapeutic studies. Drug wrgat be
identified, prophylactic drugs can be developed, stmo
significantly developing stage of other disease I¢tobe
predicted and prevention of this disease coulddssiple.

the

CONCLUSION:

The dynamics of network biology has lead to many
applications in the field of biology and medicirgrug target
repositioning, is now a much explored field as tbacept of

single drug-multiple diseases gained in lot of img@oce. This
paper is a small attempt to understand the comagbites
associated with three diseases and trying to iyettie top
genes with the application of graph theory prirespland
protein interaction networks. The novelty in oupagach is to
reduce the impact of complex network and extrapajathe
comorbid genes and their role within the proteiteliaction
network. We used the well studied centrality meeswuch as
Degree, Betweenness, Closeness and Centroid value f
analysing the networks based on their biologicghificance
we adopted a ranking system by considering the tatime
scores of each centrality measure and assigned
accordingly.

rank

The efficacy of this work would be determined ifopée
understand the significance of genes that play la o
comorbidity, analyse the expression data and etalfiar
potential drug targets.
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