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 
ABSTRACT 
 
Interrelationship of diseases can be analyzed using a 
biological network graph. In the Network graph of human 
diseases, each node represents a disease and interrelationship 
between the diseases is represented by as an edge. 
Interrelationship between the diseases represent the 
commonality in the genes associated with diseases. The size 
of a node represents the number of genes that are associated 
with the disease. Representation of such biological network 
can be used to analyze the way other social networks are 
analyzed. The proposed work introduces an approach to 
analyze biological network in terms of social network in 
which causes of different life-threatening diseases such as 
colon cancer are identified by using different centrality 
measures.  
 
Key words: Biological network, Centrality measures. Colon 
cancer, Human diseases, Social network.  
 
1. INTRODUCTION 
 
A graph-based analysis of biological Network [1] plays an 
important role in the field of biomedical research. Although it 
is a complex task, it will achieve the goal of identifying 
strongly connected components in biological network which 
will be useful for treatment planning. Biological networks [2] 
consists of different components e.g. genes, protein, and 
metabolic etc. and to analyze these components by using 
graph representation makes biological network more feasible.  
 
Biological network [3] is organized by different components 
of biology such as genetic network, protein network, Neuron 
network etc. that shows the interaction between genes, protein 
and neuron respectively. In all these networks certain nodes 
are abnormal in case of certain illness. These abnormal nodes 
may be cause for many other disorders. Identification of such 
nodes may help in the analysis of the cause of the disease. 
 

 
 

Social network is study of individual, group, organization 
having similar interest like Twitter, Facebook etc. Such social 
network can be analyzed [4] by using different centrality 
measures as Closeness centrality, Eigen vector centrality, 
betweenness centrality and degree centrality to know the 
details about significance of the members in different aspects 
in that network. Degree centrality gives the density of the 
links a node has. Betweenness centrality is a measure which is 
based on shortest distance between two nodes. Closeness 
centrality gives the nodes which are closer to all other nodes. 
Eigen vector gives information about a node with significant 
neighbors. 
 
The centrality measures used in social network [5] which 
identify the significance of nodes, can be used for the 
identification of critical nodes in biological network. In that 
sense the abnormal nodes that are significant for certain 
diseases can be identified. 
 
A human disease [6] network which is a kind of biological 
network shows the relation between the diseases in terms of 
the genes associated with those disease. Centrality measures 
like degree centrality on HDN identifies a disease which may 
cause for many other diseases. betweenness refers to a disease 
which acts as an intermediator between other diseases. 
closeness centrality measure how a disease is directly or 
indirectly playing a role in another disease. Eigen-vector 
centrality shows the disease triggered by other critical 
diseases. 
 
To know the significance of the nodes in the biological 
network, the measures that are used for a social network can 
also be applied in the biological network. 
 
There are different tools has been used to analyze social 
network such as UCINET, GUESS, Pajek, Net Miner, Rob 
Cross, Gephi. Each tool has certain different features to 
analyse huge network. The same tools can be used to analyse 
biological networks. 
There are different tools has been used to analyze social 
network such as UCINET, GUESS, Pajek, Net Miner, Rob 
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Cross, Gephi. Each tool has certain different features to 
analyse huge network. The same tools can be used to analyse 
biological networks. 
 
In this paper an analysis of Human disease network is done by 
using Gephi tool. Gephi is graph visualization software for 
network analysis. It is an important and easy tool for 
analyzing and understanding large graphs. Manipulation of 
the colors, shapes, and structures of graph is done to reveal 
hidden patterns from the graph data. Gephi supports a wide 
range of graph formats. The relational databases and Comma 
Separated Values (CSV) can also be read using Gephi tool. 
Software updates for Gephi are automatically taken care by 
the built-in Plugins Center. There are dozens of 
community-built plugins that extends Gephi's functionalities. 
Diseasome is a Gephi dataset. Researchers used Gephi tool to 
create the diseasome graph which gives information about 
common genes associated for cause of different disorders. 
 
In this paper biological network is analysed by using the 
Human disease network [7] (Diseasome Dataset) which is a 
network map of human diseases [8] and human genes and has 
been developed by the scientists to provide better visualization 
and analyses of relationship between diseases and genes 
associated with that disease. 
 
2. LITERATURE REVIEW 
 
Social network analysis [5] includes the study of relationship 
between social entities such as people, publications, web sites, 
nation states, organizations, or groups. Analysis and study of 
the social network is an important constituent of study of 
social science. Multiple statistical and mathematical tools 
which are used for analysis, are first developed in sociology 
[3]. There are multiple applications of social network analysis 
which includes analyzing the distribution of rumours, news 
and innovative ideas. Similarly, this approach can be used in 
medical [9] sector for analysis of health-related behaviours, 
issues and diseases.   
 
Network analysis has also been applied in financial sector to 
study the markets. One of the advantages of using network 
analysis in financial sector is to identify easy mechanism for 
setting appropriate prices to achieve profit in business. 
 
Social network analysis (SNA) can be used to study the 
recruitment into social organizations and political 
movements. Recently, SNA has been used to analyze the 
collective association among countries, institutions and 
authors in psychiatry research. Network analysis and traffic 
analysis has gained a lot attention in Military [33].  This 
approach is being used in military intelligence, to uncover 
rebellious networks of both categorized and leaderless nature 
e.g. terrorist organizations. 

 
Researchers [10] have gained significant interest in analyzing 
molecular network due to easy availability of the biological 
data. This type of analysis is closely related to SNA, but local 
patterns in the network are mainly focused in such analysis. 
Advancement in the field of network medicine has been 
significantly increased by analyzing the biological networks 
with respect to diseases [11]. One of the applications of SNA 
in biology includes understanding the Cell Cycle. A 
physiological network can be seen as the communications 
between physiological systems like eyes, brain, heart etc. 

 
Biological data include many biological components that 
makes a biggest challenge to analyse in biomedical field.  
 
Research in graph-based approach describes how network 
representation can be useful for the researcher and clinician to 
better understand such complex data. Analysis can be 
performed with the help of various databases such as diseases 
database, protein interactions database [12], genetics 
database etc. using different computational tools. Diseasome, 
a network map of human diseases and human genes [13] has 
been developed by the scientists to provide better visualization 
and analyses the relationship between diseases and genes. 
Biological network [14] consist of data related to biology 
which includes genes, Protein, Metabolic related data [15]. 
To analyse such complex data by using graph representation 
make easy to understand the association between biological 
components. 
 
Any biological systems can be used to form a biological 
network. Small units are linked together to form a network 
e.g.  a food web network consists of different species and their 
linkage to each other. Relations found in physiological, 
evolutionary, and ecological studies can be mathematically 
represented with the help of biological networks. Medicine 
Network is the implementation of the concept of network 
science which include analysis of different human related 
disease in order to identify, prevent, and treat diseases like 
cancer [16]. 
 
Human genetics [17] includes study of genes associated with 
human body. That comprises of different fields such as 
biochemical genetics, genomics, population genetics, 
developmental genetics, clinical genetics, and genetic 
counselling. Human genetics study understands the human 
nature, as well as cause of disease. So, it will be helpful in 
treatment planning in medical domain. 
 
In the era of big data, the importance of complex network [18] 
is an active area of research which includes study of social 
networks, technological networks. Study of Complex network 
in terms of a biological network [19] includes analysing 
biological data which consists of disorders and disease linked 
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together by common genes. This offers platform to identify 
common genetic origin of many diseases. 
 
The review of literature describes the need of graph driven 
methods for analysis of biological data. The availability of 
biological data increases day by day which enables the need to 
systematically model the biological network in order to 
understand and analyze the behavior of biological 
components.  

 
To identify the importance of biological systems, many 
scientists have used different approaches and methods that 
show common properties between different diseases. 
Different centrality measures are used for analysing such 
networks. Centrality [20] [21] measures are used to analyse 
the different communities in biological networks and to 
identify the relationship between genes and diseases. The 
analysis shows that when there is high betweenness centrality 
measure, then the interrelationship between them is high. 
Study [22] shows difference between social and biological 
network, carried out on protein interaction network. The most 
important node in protein network is identified by social 
network analysis measure. The same [23] can be used to 
determine protein function to identify proper drug for 
treatment. Weighted biological network [24] is also analyzed 
to study relationship between disease and genes.  

 
The work [25] describes the network-based approach for 
human disease which identifies the gene associate with 
disease. The network is created with diseases as nodes and 
relationship between them are identified by considering 
different cellular components. 
 
The analysis of network has been done by various methods as 
described in below section.There are many tools which have 
been used for graph analysis. 

 
UCINET is a tool which is used for social network analysis. 
Net Draw is bundled with UCINET. It displays network 
visualizations and reading graphs is done with the help of 
NetDraw. UCINET is commonly used in academic world. 
Various visualization and other analysis platforms support 
the UCINET file format. There are some shortcomings with 
Ucinet e.g. filtering the data that is being viewed is difficult. 
Formatting of output is not allowed with NetDraw’s 
visualization. 

 
GUESS is a tool used to analyze and visualize graph and 
network data. This tool is widely used in academics. But 
installation of this tool is a little difficult as it has to be 
installed on a server. There is a lack of online documentation 
which helps in using the software.  Advanced functionalities 
for formatting output is lacking in this tool. This tool requires 
additional time and more support for configuration.  

 
Pajek tool is having a decent available documentation which 
helps to use the software. Pajek provides advanced 
functionality in the means of analyses of the data. Complex 
mappings of very enormous networks can be performed using 
Pajek. 

 
Net Miner provides an intuitive and Convenient interface to 
user.  This tool is helpful for the beginner and all other users 
who are less advanced. Its platform provides good support and 
documentation which makes it easy to use software online. 
Various visualizations and statistical analyses can be 
conducted using Net Miner. This tool is widely used by 
various users in different sectors such as general consumer 
use, corporate, and academic.  

 
Rob Cross tool is advanced in terms of functionality but 
membership to Network Roundtable is required. 
Gephi is open source software tool to analyze & visualize 
huge network. Motivation behind using this tool is, it 
provides support to data analytics to identify hidden patterns, 
making hypothesis, dividing structure uniqueness or faults 
during data sourcing. It is valuable for analyzing complex 
network. Gephi can read most graphs. 
 
3.  EXPERIMENTAL RESULTS 
 
Analysis of biological network is prepared using human 
diseases network known as diseasome dataset. The tool used 
for the experiment is Gephi as it is an open source used for 
analyzing huge network in a visualized way. 
 
Diseasome is a dataset of human disease network [26].   The 
network in Figure 1 is comprised of disease as nodes and 
edges represent the relationship between causes of two disease 
which has common genes. The size of a node indicates the 
genes associated with that disease. The disease nodes are 
connected to each other if the diseases are associated with 
common genes. The colored circular nodes in Figure 1 
represent various disease classes. Shared genes among 
diseases are indicated using the lines connecting nodes. Thus, 
a colourful visual display using Gephi can be provided for 
diseasome network that helps the user to understand 
gene-disease [27] relationships in a better and simpler way. 
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 Figure 1: Diseasome Dataset  
 

The same can be used by biomedical researcher and health 
care solution providers for understanding genetic origin of 
many diseases. Analysis of the network [28], irrespective of 
its type, and size, can be performed using graphs. In this 
study, diseasome graph is analyzed and different centrality 
measures are calculated. 
 
Centrality means a function in which each node in a network 
is assigned a numeric value C(v). The concept is used to rank 
the nodes and is helpful to identify important disease in the 
networks [29]. 
 
Degree centrality influences the importance of a particular 
node in that network. The importance of node will be higher if 
the number of neighbors of that node is more. 
 
The Degree is calculated by the number of direct connections 
of each disease with all other diseases in the network. Degree 
centrality tells that how one disease is directly related with 
other diseases. Higher Degree centrality shows that number of 
diseases that directly caused by a disease or it can directly 
cause many other diseases. According to this in our measures 
of graph analysis shows, Colon cancer is having highest 
degree centrality which means that many other diseases like 
breast cancer, gastric cancer, leukemia may directly lead to 
colon cancer [30]. The same is verified from the biological 
disease analysis [26]. Figure 2 shows highest degree 
centrality disease i.e. Colon cancer.  
 

 
Figure 2: Highest degree centrality disease Colon cancer  

 
The indegree centrality shows the number of ties that directs 
to a node. Indegree gives the count of total number of edges 
coming to a node. 
 
According to human disease network, indegree centrality of a 
disease tells that the number of diseases that are triggered 
directly by a particular disease.  
 
Figure 3 shows the highest In-degree centrality disease. Colon 
cancer is having highest indegree i.e. 84. Colon cancer may 
directly cause other diseases. 
 
The outdegree centrality shows the number of ties that the 
node directs to others. Outdegree gives the count of total 
number of edges going out of a node. 
According to human disease network, outdegree centrality 
provides the number of diseases that are directly caused by a 
disease. 

 
Figure 3: Highest In degree centrality disease Colon cancer  
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Figure 4 shows the highest Out-degree disease. Colon cancer 
is having highest out degree i.e. 50. Many other diseases are 
caused directly by Colon cancer. 
 
Betweenness centrality measures the control of a node over 
the information flow in the network. Between ness centrality 
of any node A can be calculated by sum of total number of 
shortest paths between any two nodes which passes through 
node A divided by the total number of shortest paths between 
two nodes. 
 
According to human disease network, betweenness refers to a 
disease which acts as an intermediator between any two other 
diseases. According to human disease network graph, if a 
person suffering from deafness and lipodystrophy syndrome 
then he is suffering from Cardiomyopathy because 
Cardiomyopathy acts as a bridge between deafness and 
Lipodystrophy. Cardiomyopathy is a cardio muscular disease 
and lipodystrophy is a metabolic [15] disease. The 
betweenness centrality proves that if the person having 
lipodystrophy and diabetes, must have cardiomyopathy which 
is discussed in the paper [15]. 

Figure 4: Highest Out-degree centrality disease Colon Cancer 

 
Fig. 5 shows the highest betweenness centrality disease. The 
cardiomyopathy is having highest betweenness centrality 
which says that this disease related with many diseases. 
 
 

 
 
Figure 5: Highest Betweenness disease Cardiomyopathy 
The other diseases having highest Betweenness centrality are 
lipodystrophy, diabetes mellitus, glioblastoma, deafness, 
myopathy, cataract, leukemia, colon cancer and #Alzheimer 
disease. 
 
The closeness centrality of a node indicates how close the 
node from another node in a network. If the distance is lesser 
to other nodes, then it can be said that the node is closer to 
those nodes. Closeness is a measure of the degree to which an 
individual is near to all other individuals in a network. 
According to human disease network, closeness centrality 
measure notifies how a disease is directly or indirectly playing 
a role in another disease. Higher closeness centrality means 
the disease is directly or indirectly either caused by another 
disease or may lead to another disease.  
 
Figure  6 shows the highest closeness centrality disease. In 
our result it has been shown that the Lipodystrophy is having 
highest closeness centrality. 

 Figure 6: Highest closeness centrality disease Lipodystrophy 
As Lipodystrophy is co related with loss of body fat which 
may leads to diabetic nephropathy and retinopathy. This 
highest closeness centrality of Lipodystrophy predicts that it 
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may cause several other disorders. 
 
Eigen vector Centrality measure is used to show the influence 
of a node in the any network based on its connections to other 
important nodes.  
 
Colon cancer is having highest eigen vector centrality in 
Diseasome network.  Colon cancer is triggered by other 
related diseases like breast cancer, blood cancer, gastric 
cancer, prostate cancer which in turn are triggered by many 
diseases. It is associated with more genes i.e. these diseases 
are playing important disease in human disease network and 
are to be well concentrated. 
 
The Diseasome network is analysed with social network 
measures using the tool Gephi for the relationship between 
the diseases and genes associated with them.  
Table 1: Centrality Measures of Diseasome network 
Measures 
used for 
analysis 

Node with highest 
measure 

Values 

In-degree Colon cancer—disease 50 
out-degree Colon cancer—disease 84 
Degree Colon cancer—disease 134 
Closeness 
Centrality 

Lipodystrophy—disease 0.245414 

Betweenness 
Centrality 

Cardiomyopathy 
—disease 

0.166189 

Eigen Vector 
Centrality 

Colon cancer— disease 1.0 

As shown in table one the disease colon cancer has highest 
measure of indegree, outdegree and degree centrality. That is 
colon cancer may lead to many diseases.as it contains the 
genes which are common to many diseases. Figure 7 shows 
the graphical representation of diseases(node) having highest 
centrality measure. From graph it can be analysed that colon 
cancer is having highest centrality measure, so it is an 
important disease which will cause many diseases. 
 

  
Figure 7: Analysis of Human disease network 

5. CONCLUSION 
These analysis helps in finding the common genetic origin of 
many diseases which will be helpful to identify the causes of 
different disease and to make proper drug design and 
treatment plan. Disease and all the genes associated with that 
disease can be analyzed with the help of diseasome graph. 
This provides a better visual genetic links between disease 
gene and disorder which will be useful for physician, genetic 
counselors and biomedical researchers. Minor diseases can be 
analysed and find the causes for Dangerous disease which 
helps in solving the problem in the earlier stage. 
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