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Abstract
Bioinformatics open software tool cytoscape is worn for the visualizing and integrating 

gene expression of molecular interaction networks. Protein–protein interactions (PPIs) form 
the foundation for an enormous mainstream of cellular events, together with signal 
transduction and transcriptional regulation. It is currently implicit so as to the swot up of 
interactions and communications among cellular macromolecules is fundamental to the 
indulgent of biological systems. Interactions among proteins have been premeditated all 
the way during a number of elevated-throughput experiments. It has furthermore been 
predicted from side to side an assortment of computational process so as to leverage the 
immense quantity of sequence data which generate in the previous decade. In the current 
research we used an unfasten basis software cytoscape for integrating the biomolecular-
interaction networks with high throughput expression data. Molecular states an amalgamated 
conceptual framework on behalf of the forecast of efficient linkages among proteins. In this 
research work there is epigrammatic explanation of the databases and PPIs tools. In this 
work explanation of a preface to network theory and important network topologies 
parameters universally used in analyzing networks, over and above process to recognize 
significant network apparatus, based on perturbations.

Keywords: CNS; Cytoscape; ATC; NCBI; Pubchem.

Introduction
An oldest identified human disease Tuberculosis (TB) is still one of the foremost 

responsible of mortality, in view of the fact that near about two million citizens depart 
this life to death every year commencing this trouble. TB has countless manifestations, 
distressing bone with the central nervous system (CNS), and various erstwhile organ 
systems, excluding it is first and foremost a pulmonary disease i.e., initiated via the 
authentication of Mycobacterium tuberculosis. The evolution of the infection can have 
more than a few outcomes, determined for the most part by means of the reaction of 
the mass immune system. The effectiveness of this reaction is precious by essential 
factors such as the genetics of the immune system over and above extrinsic factors, e.g., 
invective to the immune system and the nutritional and physiological state of the host. 
Innovative drugs and vaccines are essential to stem the worldwide epidemic of 
tuberculosis so as to kills near about two million people each year. Towards reasonably 
develop novel anti-tubercular agents, it is essential to study the genetics and physiology 
of M. tuberculosis and related mycobacteria. It is equally important to understand the 
M. tuberculosis-host interaction to learn how these bacteria circumvent host defenses 
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and cause disease. The generally it used diagnostic processes 
for tuberculosis are the tuberculin skin test, acid-fast stain, 
and chest radiographs. The H37Rv genome strain was 
published in 1998. With its size of 4 million base pairs and 
3959 genes; 40% of these genes have had their function 
characterised, with possible function postulated for another 
44%, within the genome are also six pseudogenes [1].

In fatty acid metabolism process there are near about 250 genes 
are take a part, in which 39 of these involved in the polyketide 
metabolism generating the waxy coat. Such huge numbers of 
conserved genes illustrate the evolutionary significance of the 
waxy coat to pathogen survival. Additionally, experimental studies 
have since validated the significance of a lipid metabolism process 
for M. tuberculosis, consisting exclusively of host-derived lipids for 
instance fats and cholesterol. M. tuberculosis can furthermore 
cultivate on the lipid cholesterol as an individual basis of genes 
and carbon occupied in the cholesterol exploit pathway(s) have 
been validated because significant throughout different stages of 
the infection lifecycle of M. tuberculosis, above all throughout the 
chronic infection phase while additional nutrients are probable 
not available [2]. M. Tuberculosis is a causative representative thus 
for the reason that to causes tuberculosis and leads to lesions in 
lungs and other organs. Tuberculosis is the second most important 
causes of passing away in transmittable diseases [3-5]. In every 
case the objective of these approaches is to restrict the creation of 
prospective interactions contained by cells through an iterative 
process of experimentation, data collection as well as 
computational approaches so as to consequence in network 
reconstruction [6,7].

Tuberculosis is a universal predicament because every 
15 seconds/death from tuberculosis (2 million deaths per year) 
with 8 million communities develop tuberculosis annually, 
exclusive of treatment up to 60% populace infected will be 
dying. Its major rationales were poverty, lack of healthy living 
conditions and adequate medical care [8-10]. Tuberculosis 
continues to affect about 30% humanity’s populace, 
predominantly in developing countries, despite existence of 
chemotherapeutic drugs and widespread use of the 
Mycobacterium bovis BCG (Bacille Calmette-Guérin) vaccine. 
Effective chemotherapeutic treatment takes long time, it is 
expensive, and not available to people in various parts of world 
where needed most. The circumstances are supplementary 
convoluted by appearance of multidrug-resistant strains. BCG 
vaccination effectiveness is as well contentious, as it is not be 
successful to defend adults in opposition to pulmonary 
tuberculosis. For predicting sub cellular position of eukaryotic, 
prokaryotic (Gram-negative as well as Gram-positive bacteria) 
different methods had been developed but no method has 
been developing for mycobacterium protein, which may 
correspond to inventory of potent immune-gens of this 
trepidation pathogen. In this investigation, challenges were 
complete to increase a method for prediction of sub cellular 
location of Mycobacterium proteins [11-13].

M. tuberculosis contamination whichever induces otherwise 
reduces host cell death, depending scheduled the bacterial 
strain along with the cell micro-environment. There is confirmation 

signifying a function on behalf of mitochondria in these 
processes. In contrast, it has been exposed so as to more than a 
few bacterial proteins are competent to objective mitochondria, 
playing a critical role in bacterial pathogenesis and modulation 
of cell death. However, mycobacteria–derived proteins equipped 
aim host cell mitochondria are less studied [3].

Consequently, it is significant to envisage sub-cellular 
localization of protein in pathogenic organism similar to 
Mycobacterium. Normally, existing processes of sub-cellular 
localization developed for eukaryotic proteins similar to TSSub 
(Tsinghua subcellular localization software), LOCSVMPSI (Local 
Support Vector Machine along with the position-specific 
scoring matrix PSI-BLAST), ESLpred (Prediction of Eukaryotic 
Sub-cellular localization), Euk-Ploc (Eukaryotic Protein-sub-
cellular Location prediction). A replica has been urbanized for 
predicting four sub-cellular locations of mycobacterium 
proteins, namely cytoplasmic, integral membrane, secretary 
and membrane- attached proteins. The aim behind this study 
was to predict the sub cellular localization of putative proteins 
of M. tuberculosis H37Rv strain as they might be useful for 
targeting anti-micro-bacterial drugs [14]. Tuberculosis (TB) has 
regrettably retained the position, on behalf of number of 
decades, as being the leading killer among all infectious 
diseases. The important gene group identified structure an 
origin for designing experiments to probe their advanced 
efficient roles and moreover provide as a ready shortlist for 
identifying drug targets [15,16].

Figure 1. Biological interaction network (PPIs).
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Biological Networks
Biological system contain many cells and molecules which 

interact through each one previous and thus forms a network 
(which consist of nodes and directed and undirected edged) 
called biological network. Subunits so as to be linked together 
into a whole in a system are known a network similar to 
protein-protein interaction network, metabolic network, gene 
regulatory network. As life is a dynamic process, the study of 
modelling, analysis and visualisation of biological network are 
the crucial area of study in life sciences nowadays as biological 
network is highly structural network. There are several 
dissimilar types of networks in biology some of which we will 
be describing briefly.

Protein-protein interaction (PPI) network
One of the on the whole significant types of interaction in 

biology is protein-protein interaction (figures 1 and 2) which 
involves the binding of two or more proteins so as to carry 
out their biological function. Majority of the cellular events 
such as signal transduction which involves protein–protein 
interactions for the transport of signals from the extrinsic part 
of the cells to internal part of the cell and over and above 
transcriptional regulation which is also based on the 
interactions of the different proteins, this indicates so as to for 
the study of biological systems the understanding of 
interactions at cellular level is needed.

There are different process to investigate the protein-
protein interactions such as high throughput detection 
method which includes yeast, two hybrid screening and 
affinity mass spectrometry. Nowadays there are many 
software’s available for the visualization of protein-protein 
interaction one of them is cytoscape, which is widely used 
application for visualization and also for analysis. The 
biological database has been created where these interactions 
are collected and preserved together for further study similar 
to STRING, DIP (Database of Interacting Protein) etc. In a 
Graphical representation, a node corresponds in the direction 
of a protein and two proteins have an edge if they physically 
interact.

Figure 2. protein-protein Interaction network in Mycobacterium 
tuberculosis H37Rv.

Few extremely associated nodes (hubs) embrace the 
network together. The node color indicate the phenotypic 
outcome deriving as of removing the corresponding protein, 
1. red: lethal, 2. green: non–lethal, 3. orange: slow growth, 4. 
yellow: unknown.

Materials and Methods
Databases used

1.	 Super Targets
2.	 NCBI (National Center for Biotechnology Information) 

(www.ncbi.nlm.nih.gov/pmc/), (http://www.ncbi.
nlm.nih.gov/pubmed).

3.	 String (Search Tool intended for the Retrieval of 
Interacting Genes/Proteins)

Super targets: It is a first place developed database used to 
collect information about drug-target relations. It consists 
primarily of three dissimilar types of entities:

1.	 Drugs
2.	 Proteins
3.	 Side-Effects

Beside this, information concerning ontologies and 
pathways is able to be gained. Undo segment is committed to 
an individual target subgroup-the cytochromes (CYPs) P450. 
All these entities are associated among every one with drug-
protein, protein-protein and drug-side effect associations 
and embrace prosperous annotation concerning the source, 
ID’s, physical properties, references and much more. Proteins 
are retrieved from UniProt and are displayed with synonyms 
and organism information. As well in sequence with reference 
to target-target interactions and sequence similarities among 
the targets are concerned. Additional information as 
3D-structures from PDB and Electronic Configuration-
numbers are provided if available. Drugs gained from Super 
Drug were mapped with BindingDB, integrated to SUPERTARGET 
and assign metadata as Anatomical Therapeutic Chemical 
(ATC) codes, arrangement in sequence and binding affinities. 
The bad-impact of drugs contained in the database was fetch 
from SIDER and associated to the drugs. The endeavour of 
SUPERTARGET is to recommend at for the most part 
comprehensive datasets. Here for target of drug relations 
from different well-known databases as DrugBank, BindingDB 
and SuperCyp were incorporated. To improve the entirety of 
the dataset supplementary novel explored associations were 
incorporated. The novel-information was obtained in two 
different steps:

1.	 Text-mining algorithms were practical to sort all 
PubMed listed papers by their significance for drug-
target associations.

2.	 In a second step, the 7,000 papers with the uppermost 
rank were physically revised.

Protein-protein interaction (PPI) data was obtained from 
Consensus PathDB which integrates physical protein-protein 

http://www.ncbi.nlm.nih.gov/pmc/
http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/pubmed
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interactions, metabolic and signaling reactions and gene 
regulatory interactions (Figure 3). Information on complex 
composition comes from Corum a protein complex database.

NCBI (national center for Biotechnology Information): It 
is primary database relevant to biotechnology and 
biomedicine of the United States National Library of Medicine 
(NLM), a division of the National Institutes of Health with 
foremost databases include GenBank for DNA sequences and 
PubMed, a bibliographic database for the biomedical 
literature. All these databases are available online through the 
Entrez search engine. NCBI is directed by David Lipman, one 
of the original authors of the BLAST sequence alignment 
program and a widely respected figure in bioinformatics. 

PubChem: PubChem is a database of chemical molecules and 
their activities against biological assays. The system is 
maintained by the National Centre for Biotechnology 
Information (NCBI), a component of the National Library of 
Medicine, which is part of the United States National Institutes 
of Health (NIH). PubChem is made up of “three linked 
databases within the NCBI’s Entrez information retrieval 
system. PubChem Substance - “Search deposited chemical 
substance records using name, synonym or keywords. Links 
to biological property information and depositor web sites 
are provided. PubChem Compound - “Search unique chemical 
structures using names, synonyms or keywords. Links to 
available biological property information are provided for 
each compound. PubChem BioAssay - “Search bioassay 
records using terms from the bioassay description, for 
example ‘cancer cell line.’ Links to active compounds and 
bioassay results are provided (Table 1).

String: String is a database of known and predicted protein 
interaction. The interactions include direct (physical) and 
indirect (functional) associations; they are derived from four 
sources:

•	 Genomic Context.
•	 High-throughput experiments.
•	 (Conserved) coexpression.
•	 Previous knowledge.
To specify your desired starting point of the analysis you 

have to use the input form at the STRING start page (depicted 
above). You can enter your protein of interest by supplying its 
name or identifier. Alternatively, clicking on the other tabs, 
you can search by amino acid sequence (in any format), 
multiple names or multiple sequences. There are also 3 
example inputs and a random input generator which will 
randomly select a protein with at least 4 predicted links at 
medium confidence or better. The organism can be selected 
by clicking on the arrow or directly typing the name inside the 
relative input field (an autocompletion mechanism will appear 
to help you). General names so as to group more than one 
organism (e.g. “mammals”) can also be used. The network 
view summarizes the network of predicted associations for a 
particular group of proteins. The network nodes are proteins. 
Hovering over a node will display its annotation, clicking on a 

node gives several details about the protein. The edges 
represent the predicted functional associations. An edge may 
be drawn with up to 7 differently colored lines-these lines 
represent the existence of the seven types of evidence used in 
predicting the associations. A red line indicates the presence 
of fusion evidence; a green line-neighborhood evidence; a 
blue line-co-ocurrence evidence; a purple line-experimental 
evidence; a yellow line-text mining evidence; a light blue line-
database evidence; a black line-co-expression evidence. 
Hovering over an edge will display the combined association 
score, clicking on it gives you the detailed evidence 
breakdown.

If predicted associations for your protein are found, they 
are displayed in a summary view, located just below the view 
of the network. At the top of the summary your input is 
shown. If your input gene is a fusion of two functions, both 
will be shown. Predicted associations are shown immediately 
below your input, sorted by score. Clicking on the score 
bullets gives you a breakdown of the individual prediction 
method scores. Clicking on a gene name gives you the protein 
sequence over and above a list of similar proteins in STRING. 
Initially, only predictions with medium (or better) confidence, 
limited to the top 10 will be shown. These settings can be 
changed by using the parameter dialog box at the bottom of 
the page.

Each ‘view’ has a designated set of parameters. The first 
parameters are the same for all views: Your input identifier, 
your requested minimum confidence and an option to limit 
the output to the 10 best-scoring hits. The confidence score is 
the approximate probability so as to a predicted link exists 
among two enzymes in the same metabolic map in the KEGG 
database. Confidence limits are as follows: low confidence-20% 
(or better), medium confidence-50%, high confidence-75%, 
highest confidence-95%. Please note so as to parameters are 
only changed when you press the ‘Update Parameters’ button. 
The dialogue box shown above is the one for the Network 
View. Network specific parameters are: ‘edge scaling factor’-
this reduces the length of high-scoring edges so that the 
images will be drawn more compact and low scoring hits will 
be spread out further. Lower values mean more compact 
images, higher values will cause more spread. The second 
parameter is the ‘network depth’. A value higher than 1 means 
so as to the search for interactions is iterative-after a first 
round all nodes are themselves again input for a next round 
of searches. Nodes of a higher iteration will be colored white. 
Please note so as to this can result in fairly large images so as 
to may take a while to compute and download. This feature 
allows you to ‘walk’ through the network of functional 
associations. Note so as to you can click on any node, and the 
subsequent page offers a link to use so as to node as the 
input-effectively placing it in the center of the image. 
Repeated use of this mechanism allows you to explore large 
regions of the network.
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Figure 3. Different Protein-Protein Interaction network.

Table 1. Databases and resources useful for researching PPIs.
Database Resources URL

BIND Peer-reviewed bio-molecular interaction database containing published interactions
and complexes http://bind.ca/ 

BioGRID Protein and genetic interactions from major model organism species http://www.thebiogrid.org/ 
COGs Orthology data and phylogenetic profiles http://www.ncbi.nlm.nih.gov/COG/ 
DIP Experimentally determined interactions among proteins http://dip.doe.mbi.ucla.edu/ 
IntAct Interaction data abstracted from literature or from direct data depositions by expert curators http://www.ebi.ac.uk/intact/ 

iPFAM Physical interactions among those Pfam domains so as to have a representative structure in the 
Protein DataBank (PDB) http://ipfam.sanger.ac.uk/ 

MINT Experimentally verified PPI mined from the scientific literature by expert curators http://mint.bio.uniroma2.it/mint/ 
Predictome Experimentally derived and computationally predicted functional linkages http://visant.bu.edu/ 
ProLinks Protein functional linkages http://mysql5.mbi.ucla.edu/cgi-bin/functionator/pronav 

SCOPPI Domain–domain interactions and their interfaces derived from PDB structure files and SCOP 
domain definitions http://www.scoppi.org/ 

STRING Protein functional linkages from experimental data and computational predicttions http://string.embl.de/ 

Software used
Software: Cytoscape is a general-purpose, open-source 
software environment for the large scale integration of 
molecular interaction network data. The Cytoscape Core 
handles basic features such as network layout and mapping 
of data attributes to visual display properties. Cytoscape was 
developed at the Institute of System Biology in Seattle in 
2002. It was made publically in July 2002 (V0.8). It is written in 
java and used in any java-based operating systems. There are 
many additional plugin available for network and molecular 
profiling analysis, novel layouts, additional file format support 
and connection with databases and searching in large 

networks [17,18]. The software cytoscape V-2.8.3 was 
downloaded from www.cytoscape.org as an open source java 
application as it runs on all major operating systems. This 
software was used for integrating, visualizing, analyzing data 
in the context of networks (Figure 4). Access to large amount 
of molecular interaction data is available through different 
database. However it is difficult to integrate interactions from 
these data bases so so as to the resulting molecular networks 
can be visualized and analyzed. Plug-in module of cytoscape 
provides means to implement the novel algorithms, additional 
network analysis and biological semantics. Plug-ins is given 
access to the core network model and can also control the 
network display [19].

http://bind.ca/
http://www.thebiogrid.org/
http://www.ncbi.nlm.nih.gov/COG/
http://dip.doe.mbi.ucla.edu/
http://www.ebi.ac.uk/intact/
http://ipfam.sanger.ac.uk/
http://mint.bio.uniroma2.it/mint/
http://visant.bu.edu/
http://mysql5.mbi.ucla.edu/cgi-bin/functionator/pronav
http://www.scoppi.org/
http://string.embl.de/
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Figure 4. Vizualization of PPI in Cytoscape plateform.
System requirements: The system requirements for 
Cytoscape depend on the size of the networks the user wants 
to load, view and manipulate (Table 2).

Table 2: Requirement of Computer details for Cytoscape software 
installation.

Small Network 
Visualization

Large Network Analysis/
Visualization

Processor 1GHz As fast as possible
Memory 512MB 2GB+
Graphics Card On board Video Highend Graphics Card
Monitor XGA (1024X768) Wide or Dual Monitor

Result and Discussion
Construction of biological network models

A set of network connections is a set of items, which we 
will call vertices or sometimes nodes, with connections among 
them, called edges (Figure 5). Systems taking the form of 
networks (also called “graphs” in much of the mathematical 
literature) abound in the world. Examples include the Internet, 
the World Wide Web, social networks of acquaintance or 
other connections among individuals, organizational networks 
and networks of business relations among companies, neural 
networks, metabolic networks, food webs, distribution 
networks such as blood vessels or postal delivery routes, 
networks of citations among papers, and many others.

Figure 5. A small example network with eight vertices and ten 
edges.

Degree distribution
In undirected networks, the node degree of a node n is 

the number of edges linked to n. A self-loop of a node is 
counted similar to two edges for the node degree. The node 
degree distribution gives the number of nodes with degree k 
for k=0,1, ... In directed networks, the in-degree of a node n is 
the number of incoming edges and the out-degree is the 
number of outgoing edges. Similar to undirected networks, 
there are an in-degree distribution and an out-degree 
distribution (Figure 6).

Figure 6. Node degree distribution of protein interaction network. 
Note so as to their degree distributions follow the power law, 

indicating so as to they are all scale-free networks.

Clustering coefficients
In undirected networks, the clustering coefficient Cn of a 

node n is defined as Cn= 2en/kn(kn-1), where kn is the number 
of neighbours of n and en is the number of connected pairs 
among all neighbours of n. In directed networks, the definition 
is slightly different: Cn= en/kn(kn-1). In both cases, the clustering 
coefficient is a ratio N/M, where N is the number of edges 
among the neighbours of n, and M is the maximum number 
of edges so as to could possibly exist among the neighbours 
of n. The clustering coefficient of a node is always a number 
among 0 and 1.

The average clustering coefficient distribution gives the 
average of the clustering coefficients for all nodes n with k 
neighbours for k=2, ... Network Analyzer also computes the 
network clustering coefficient so that is the average of the 
clustering coefficients for all nodes in the network. The 
clustering coefficient of a node is the number of triangles 
(3-loops) so as to pass through this node, relative to the 
maximum number of 3-loops that could pass through the 
node. We didn’t find any type of clustering coefficient in 
various types of ER graph model and Barabasi Albert graph, 
inside the Gephi and also for Barabasi Albert graphs in 
Cytoscape (Figure 7).
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Figure 7. Average clustering coefficient of network.

Shortest paths
The length of the shortest path among two nodes n and 

m is L(n,m). The shortest path length distribution gives the 
number of node pairs (n,m) with L(n,m)=k for k=1,2,.... The 
network diameter is the maximum length of shortest paths 
among two nodes. If a network is disconnected, its diameter 
is the maximum of all diameters of its connected components. 
The network diameter and the shortest path length distribution 
may indicate small-world properties of the analyzed network 
(Figure 8).

Figure 8. Shortest path length distribution of network.

Amongness and closeness centrality
Amongness centrality: Amongness centrality is computed 
only for networks so as to do not contain multiple edges. The 
amongness value for each node n is normalized by dividing 
by the number of node pairs excluding n: (N-1)(N-2)/2, where 
N is the total number of nodes in the connected component 
so as to n belongs to. Thus, the amongness centrality of each 
node is a number among 0 and 1.

The amongness centrality of a node reflects the amount 
of control so as to this node exerts over the interactions of 
other nodes in the network. This measure favours nodes so as 
to join communities (dense sub networks), rather than nodes 
so as to lie inside a community (Figure 9).

Figure 9. Amongness centrality of network.

Closeness centrality: The closeness centrality Cn(n) of a node 
n is defined as the reciprocal of the average shortest path 
length and is computed as follows:

Cn(n)= 1/avg(L(n,m))

Where L(n,m) is the length of the shortest path among two 
nodes n and m. The closeness centrality of each node is a 
number among 0 and 1. Closeness centrality is a measure of 
how fast information spreads from a given node to other 
reachable nodes in the network (Figure 10).

Figure 10. Closeness centrality of network.

Avg. clustering coefficient
As an alternative to the global clustering coefficient, the 

overall level of clustering in a network is measured by Watts 
and Strogatz as the average of the local clustering coefficients 
of all the vertices n:

It is worth noting so as to this metric places more weight 
on the low degree nodes, while the transitivity ratio places 
more weight on the high degree nodes. In fact, a weighted 
average where each local clustering score is weighted by 
ki(ki-1) is identical to the global clustering coefficient.

A graph is considered small-world, if its average local 
clustering coefficient C is significantly higher than a random 
graph constructed on the same vertex set, and if the graph 
has approximately the same mean-shortest path length as its 
corresponding random graph.
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The networks with the largest possible average clustering 
coefficient are found to have a modular structure, and at the 
same time, they have the smallest possible average distance 
among the different nodes (Figure 11).

Figure 11. Avg. Clustering coefficient of network.

Avg neighborhood connectivity
The connectivity of a node is the number of its neighbors. 

The neighborhood connectivity of a node n is defined as the 
average connectivity of all neighbors of n. The neighborhood 
connectivity distribution gives the average of the 
neighborhood connectivities of all nodes n with k neighbors 
for k=0,1,…. Network Analyzer computes similar parameters 
for directed networks. In analogy to the in-and out-degree, 
every node n in a directed network has in- and out-
connectivity. Thus, in directed networks, a node has the 
following types of neighborhood connectivity:

•	 only in-the average out-connectivity of all in-neighbors 
of n;

•	 only out-the average in-connectivity of all out-neighbors 
of n;

•	 in and out-the average connectivity of all neighbors 
of n (edge direction is ignored).

Based on the three definitions given above, there are 
three neighborhood connectivity distributions-”only in”, “only 
out” and “in and out”.

If the neighborhood connectivity distribution is a 
decreasing function in k, edges among low connected and 
highly connected nodes prevail in the network (Figure 12).

Figure 12. Avg. Neighborhood connectivity distribution of the network.

Shared neighbor
P(n,m) is the number of partners shared among the nodes 

n and m, so as to is, nodes so as to are neighbors of both n 
and m. The shared neighbors distribution gives the number of 
node pairs (n,m) with P(n,m)=k for k=1,….

If a motif similar to the one presented in figure 5 is over-
represented in a network, this can be inferred from the shared 
neighbors distribution (Figure 13).

Figure 13. Shared Neighbore connectivity of network.

Stress centrality
The stress centrality of a node n is the number of shortest 

paths passing through n. A node has a high stress if it is traversed 
by a high number of shortest paths. This parameter is defined 
only for networks without multiple edges (Figure 14).

The stress centraility distribution gives the number of nodes 
with stress s for different values of s. The values for the stress are 
grouped into bins whose size grows exponentially by a factor of 
10. The bins used for this distribution are {0}; (1, 10); (10, 100); ...

Figure 14. Stress Centrality of network.

Topological coefficient
The topological coefficient Tn of a node n with kn 

neighbors is computed as follows:
Tn=avg (J(n,m))/kn.
Here, J(n,m) is defined for all nodes m so as to share at 

least one neighbor with n. The value J(n,m) is the number of 
neighbors shared among the nodes n and m, plus one if there 
is a direct link among n and m.

For example, J(b,c)=J(b,d)=J(b,e)=2. Therefore, Tb=2/3.
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The topological coefficient is a relative measure for the 
extent to which a node shares neighbours with other nodes 
(Table 3). Network Analyzer computes the topological coefficients 
for all nodes with more than one neighbor in the network. Nodes 
so as to have one or no neighbors are assigned a topological 
coefficient of 0 (zero). The chart of the topological coefficients 
can be used to estimate the tendency of the nodes in the network 
to have shared neighbors (Figure 15).

Figure 15. Topological coefficient of network.

Table 3. Topological properties of Mycobacterium Tuberculosis 
H37Rv PPI networks.

Network Parameters MN(undirected) MN(directed)

No. of nodes 1140 1140

No. of edges 8288 8288

Avg. shortest path 1266764 (97%) 447661(34%)

No. of hubs 414 414

Avg. clustering coefficient 0.625 0.312

Diameter 6 2

Connected component 8 8

Radius 3 1

Characteristics path length 2.470 2.539

Avg. no of neighbors 33.665 33.665

Network density 0.030 0.00

Network hetrogenity 1.328 1.231

Isolated nodes 0 0

No of self loops 0 0

Muliti edge node pair 0 0

Analysis time (sec) 136.065 31.645

Hubs
In a scale-free network, small-degree nodes are the most 

abundant, but the frequency of high-degree nodes decreases 
relatively slowly (Figure 16). Thus, nodes so as to have degrees 
much higher than average, so-called hubs exist. Because of 
the heterogeneity of scale-free networks, random node 
disruptions do not lead to a major loss of connectivity, but the 
loss of the hubs causes the breakdown of the network into 
isolated clusters (Figure 17).

Figure 16. Major hubs of Mycobacterium tuberculosis.

Characterization of hubs
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Figure 17. Characterization HUB for PPI network.

Conclusion
PPI networks make available an easy general idea of the 

network of communications consequently at the same time 
as to obtain consign inside a cell. The immense amounts of 
sequence data quantities consequently as to have been 
generated. It also has been leveraged to construct enhanced 
predictions of communications and functional links between 
proteins, over and above individual protein functions. By 
integrating investigational process intended for influential 
PPIs and computational methods for prophecy, very many 
constructive and functional data on PPIs have been generated, 
together with a number of far above the ground eminence 
databases.
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