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ABSTRACT 

Current Biomedical research advances in genetics have impelled rapid development towards 

the systematic identification of genes involved in various disorders. However the detailed 

understanding of the molecular and physiological mechanisms through which these genes 

affect disease characteristics remains a major challenge. Genes interact in networks to 

coordinate cellular processes. Analysis of these networks provides discernments into gene 

interactions and functions. Here, we will try to identify the Rheumatoid Arthritis disease 

module, i.e. the local neighborhood of the Interactome whose perturbation is associated with 

Rheumatoid Arthritis, and validate it for functional and pathophysiological relevance, using 

computational approaches. We will use different omics data, we will identify the important 

pathway which is novel modulator in Rheumatoid arthritis. The wiring diagram of the 

uncovered Rheumatoid Arthritis module suggests a relatively close link between seed genes 

and other indirectly associated genes. Here, we took advantage of normal variation in human 

gene expression to deduce gene networks, which we constructed using cytoscape of more 

than 258 seed genes in Rheumatoid Arthritis. Furthermore, genes that predispose to the same 

diseases are clustered non randomly in the interaction network, suggesting that networks can 

provide seed genes that influence disease susceptibility. Therefore, our analysis of gene 

interaction networks give information on the function of seed genes in normal and disease 

processes. 
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CHAPTER 1 

INTRODUCTION 

There are numerous evidences that genes in both monogenic and complex ailment are not 

distributed randomly on the molecular Interactome, but they rather work jointly in similar 

biological pathways. Moreover, gene products related to the same phenotype have a high 

tendency to interact with each other and also cluster in the same network neighborhood. This 

advocates the existence of a disease Interactome, a connected sub-network that can be 

mechanistically related to a particular disease phenotype. The accurate recognition of such 

disease modules could help unearth the molecular mechanisms of disease causation, identify 

new seed genes and pathways and aid rational drug target detection. 

Currently, the exact identification of disease modules is troubled by the incompleteness of the 

available cellular network and disease seed genes lists. There is increasing recent advances in 

Interactome mapping and disease seed gene identification have begun to provide sufficient 

network coverage and accuracy to enable detection of disease modules for some well-studied 

complex ailments. The goal of this project is to demonstrate the effectiveness and the value of 

such an approach, through its significance to the study of Rheumatoid Arthritis, a major 

complex disease which affect the 1% population of India. Despite the identifications of many 

susceptibility alleles and genes by GWAS and other technologies, our knowledge of the 

underlying responsible mechanisms of Rheumatoid Arthritis. Rheumatoid arthritis is the 

common type of autoimmune arthritis. It is triggered by a faulty immune system and affects 

mainly the small joints. Treatments have improved very much and help many of those 

affected. In Rheumatoid arthritis, early treatment can control joint pain, and lessen joint 

damage. Expertise is vital to make an early diagnosis of Rheumatoid arthritis and to rule out 

diseases that mimic Rheumatoid arthritis, thus avoiding unneeded tests and treatments.  

Rheumatoid arthritis is a chronic disorder that mainly affects joints but In some cases, the 

condition also can harm a wide variety of body systems, including the skin, eyes, lungs, heart 

and blood vessels. An autoimmune disorder, rheumatoid arthritis occurs when the own 

immune system mistakenly attacks the body's tissues not the wear-and-tear damage. 

Rheumatoid arthritis affects the joints, causing a painful swelling that can eventually result in 

joint deformity. 
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Figure 1.1 Representation of normal joint and joint affected with Rheumatoid Arthritis. 

The inflammation linked with rheumatoid arthritis is what can damage other organs as well. 

While new types of treatment have improved options, severe rheumatoid arthritis can still 

cause physical disabilities. 

1.1Causes 

The condition of Rheumatoid arthritis arises when immune system attacks the synovium — 

membranes that surround  joints. The affect of inflammation thickens the synovium, which 

can destroy the cartilage and bone of the joint. The tendons and ligaments which hold the 

joint together deteriorate and stretch. Gradually, the joint loses alignment. Doctors can not 

recognize what starts this process, although a genetic component appears likely. While genes 

don't actually cause rheumatoid arthritis, they can make the person more susceptible to 

environmental factors — such as infection with certain pathogens— that may trigger the 

disease. 

1.2 Risk factors 

Factors that may increase the risk of rheumatoid arthritis include, Sex, Age, Family 

history, Smoking and Environmental exposures.  
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1.3 Complications 

Rheumatoid arthritis enhances your risk of developing Osteoporosis, Rheumatoid 

nodules, Dry eyes, mouth Infections, Abnormal composition of body, Carpal tunnel 

syndrome, Heart problems, Lung disease, Lymphoma. 

1.4 Diagnosis of Rheumatoid Arthritis 

Rheumatoid Arthritis can be tough to detect because earlier symptoms of this is similar to 

other joints ailments such as achy joints or a little stiffness. Diagnosis of RA depends on the 

symptoms and results of a physical exam. Some blood tests also can help confirm 

Rheumatoid Arthritis. There is no any single test that confirms Rheumatoid Arthritis  

diagnosis for most patients with this disease.  

1.5 Genetics of Rheumatoid Arthritis 

Rheumatoid Arthritis can be characterized by the infiltration of various inflammatory cells 

into joint fluid, and later tissue destruction. Imbalance concerning pro- and anti-inflammatory 

cytokine activities supports the initiation of autoimmunity, chronic inflammation and thereby 

damage of joint. The macrophages play a pivotal role in Rheumatoid Arthritis because they 

are several in the inflamed synovial membrane. They activates MHCII molecule, and secretes 

pro-inflammatory and growth factors like IL1, IL2, IL6, IL10, IL13, IL15, IL17, IL18, 

TNFα ,GM-CSF Chemokines and Chemo-attractants Metalloproteinases. Expression of IL1β 

regulated by TNF, which is important for the induction of prostanoid and Metalloproteinases 

production by synovial fibroblasts and chondrocytes. TNF enhances the expression of 

adhesion molecules on endothelial cells, which recruit number of cells to the joint. IL1 and 

TNF induce synovial fibroblasts to express IL6, chemokines, GM-CSF and MMPs, which 

take part in cartilage and bone destruction. TNF contributes to osteoclast activation and 

differentiation. In addition, IL1 mediates degradation of cartilage directly by inducing the 

expression of Metalloproteinases by chondrocytes. In addition, these chemokines, produced 

by Rheumatoid Arthritis synovial stromal cells also stimulate monocyte migration. Other 

cytokines such as IFNγ induced chemokines also contribute to the documented morphologic 

and clinical features of Rheumatoid Arthritis. Autoreactive B cells can be driven by the T 

cells to produce IgG autoantibodies that may be directly involved in joint damage. As the B 

cell appears to play an essential role in the Rheumatoid Arthritis process, it is appropriate to 

consider how B cell-mediated effects which might be reduced in patients with this disease. 
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Rheumatoid Arthritis also caused by abnormal presentation of self antigen by APCs and 

activation of autoreactive T-Cells. T lymphocytes play a main role in the disease process. 

APCs require signals from activated T-Cells for differentiation and maturation; this 

subsequently facilitates APCs to activate newly arrived T-Cells in a specific or unspecific 

manner in inflammation. Several co-stimulatory molecules are involved at the time of  APC 

T-Cell interactions, includingCD28/CD80-CD86 andCD40-CD40L. Some of these molecules 

are crucial in initiation of the immune response CD28/CD80/CD86,whileCD40-CD40L is 

required for the enlargement of the inflammatory response. Huge numbers of activated 

leukocytes infiltrate the synovial membrane, causing inflammation, In most of the cases 

which lead to progressive destruction of cartilage and bone. Since Rheumatoid Arthritis is a 

systemic autoimmune disease, other parts/organs of the body may become affected at a 

delayed stage. Evidence of environmental factors, such as infectious agent and smoking, may 

take part a role. Although the contributing mechanisms of the pathogenesis of RA are 

unknown, a genetic predisposition has been identified in certain groups. This genetic 

predisposition, and also the activation and affinity maturation of autoreactive T-Cells and B-

Cells that are in the joint, point out a role for adaptive immunity in the pathogenesis of RA. 

1.6 Role Of JAK STAT Pathway In  Rheumatoid Arthritis 

 

                          Kelly et. al. 

Figure1.2 Activation of JAK STAT signaling pathway by cytokines 
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The family of non receptor protein tyrosine kinases are JAKs that affect intracellular 

signalling in association with transcription factors known as STATs, otherwise known as the 

JAK–STAT pathway. JAKs are bound to their receptors and then activated when the 

subsequent cytokine or growth factor binds to that particular receptor. Activated JAKs 

phosphorylate the tyrosine residues on the receptor and then causes a change in conformation, 

allowing the binding of a STAT protein in the SH2. JAKs then phosphorylates the residues of 

tyrosine on the STAT protein, allowing the dimerization of the STATs, which afterwards 

migrate into the cytoplasm and translocate into the nucleus, permitting for transcription of  

target genes. JAKs also autophosphorylate, but the involvement of this is not well understood 

till date. 

1.7 Treatment of Rheumatoid Arthritis  

There is no cure for Rheumatoid Arthritis. The goal of treatment is to minimize the symptoms 

and poor function. Good control of Rheumatoid Arthritis requires earlier diagnosis. Thus, 

patients with a diagnosis of Rheumatoid Arthritis should begin their treatment with disease-

modifying anti-rheumatic drugs, DMARDs. These drugs not only reduce symptoms but also 

slow progression of the disease. DMARDs have greatly improved the symptoms, function 

and life quality for nearly all patients with Rheumatoid Arthritis. 

1.8 Living with rheumatoid arthritis 

Research shows that people with RA, mainly those whose disease is not well controlled, have 

a higher risk for heart disease and stroke. Talk with your doctor about these risks and ways to 

lower them. 

It is important to be physically active most of the time, but to sometimes scale back activities 

when the disease flares. In general, rest is helpful when a joint is inflamed, or when you feel 

tired. At these times, do gentle range-of-motion exercises, such as stretching. This will keep 

the joint flexible. 

Traditional single gene or single pathway based approaches have shown limited utility. In the 

past few years, several attempts have been made to integrate the topological properties of 

protein interaction networks with different types of ‗omics‘ data to discover novel genes and 

pathways. These approaches rely on the local impact hypothesis, assuming that if a few 

disease components are identified, other disease-related components are likely found in their 

network vicinity. Therefore, each disease can be linked to a well defined local neighborhood 
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of the Interactome, called the disease module. Yet, the existence of such a single 

neighborhood remains a hypothesis that needs to be tested. Our goal, here, is to determine 

whether a whole network based approach can enhance our understanding of the local network 

neighborhood of a disease using Rheumatoid Arthritis as an example. We start by compiling 

a list of physical and experimentally documented interactions in human cells from the 

literature, as well as a set of known and well-established disease genes. These seed genes 

allow us to pinpoint the position of the putative disease module within the interactome (Stage 

I). Next, we apply a network theoretic procedure to identify the localization of potential 

Rheumatoid Arthritis genes that may belong to this disease module (Stage II). In Stage III the 

obtained disease module is validated for functional and pathophysiological relevance using 

several Rheumatoid Arthritis specific biological datasets. We further explore the overlap and 

the difference between the Rheumatoid Arthritis module and other immune related disease 

modules. Finally, in Stage IV we explore the pathways within the module that contain 

promising therapeutic targets. 

1.9 Role of SNPs  

Genetic analysis is the overall process of studying and researching in fields of science that 

involve genetics and molecular biology. There are a number of applications that are 

developed from the various researches, and they are also considering as part of the various 

process. The basic system of analysis revolves around genetics studies include identification 

of genes and inherited disorders. 

1.10 Role of Protein Protein Interaction Network 

Modelling, analyzing and interpreting protein-protein interaction (PPI) networks are an 

important problem in systems biology. Many random network models were designed to 

capture particular network properties or mimic the way real PPI networks might have 

evolved. Thus, our new approach allows us to utilize high quality parts of currently available 

PPI data to create accurate models for PPI networks of different species. 

The majority of cellular functions are not controlled by single proteins, but in association of 

proteins acting together. There are huge amount of data available which requires new 

mathematical and computational approaches to be developed for model and analyze the 

complex networks they form. A suitable model of PPI networks will allow better estimating 

all types of statistics as well as generating synthetic networks of groups for which protein-
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protein interactions have not been determined experimentally. This could help to understand 

cellular processes and future designing biological experiments. Therefore, analyzing and 

modelling PPI networks has become an exciting research area.                                     

Many models of network have previously been introduced to capture particular sets of PPI 

network properties, or to mimic the way in which these models might have evolved. 

However, it is difficult to say to what extent network properties really describe network 

structure. Therefore, different models of network should use all of the available real network 

models information, i.e., the entire network connectivity information. Using our network and 

our previous interpretations that geometric random graphs provide a model for PPI networks. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

17 
 

CHAPTER 2 

LITERATURE REVIEW 

Rheumatoid Arthritis is a type of autoimmune disorder  of  joints and this ailment distributed 

across all over the world. Plenty of research work has been done for finding out the factors 

which is responsible for the diseased state. Various  research work that has been already done 

in finding out factors causing this disease . The some significant research work survey which 

is related to my current research is as follows-  

The role of bioinformatics is essential in both interpreting genomic, transcriptomic and 

proteomic data generated by high throughput experimental technologies. This is base to 

provide both conceptual and practical methods for detecting systemic functional behaviours 

of the cell and the organism. (Kanehisa et. al.). 

Interactions are the essence of all biomolecules because they cannot fulfil their roles without 

interacting with other molecules. Hence, mapping the interactions of biomolecules can be 

useful for understanding their roles and functions. In recent years, the mapping of protein-

protein interactions in different species has been reported, but few reports have focused on 

the large-scale mapping of protein-protein interactions in human. In this, developments in 

protein interaction mapping and discuss issues and strategies for the mapping of the human 

protein Interactome (Figeys et.al.). 

2.1 Database and Software 

Cytoscape is a freely available software package for visualizing, modelling and analyzing 

molecular and genetic interaction networks. Cytoscape use to analyze the results of mRNA 

expression profiling, and other functional genomics and proteomics data, in the context of an 

interaction network obtained for genes of interest.(Cline et. al.). Analysis of network 

interactions between genes and proteins has become a main theme in systems biology. 

Multipurpose software tools for visualizing and analyzing these networks are therefore very 

much in demand. It is an open software environment Cytoscape has been developed with the 

goal of facilitates the designing and development of such software tools by the scientific 

community (Vlasblom et. al.). A different mode of genetic interaction deciphers different 

functional relationships between genes. The mining of biological information from multi-

mode genetic-interaction networks demands suitable statistical and computational methods. 
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Development of such methods and implemented them in open-source software. Motifs 

extracted from multipurpose network of genetic interaction form functional subnetworks, 

highlight genes dominating these subnetworks, and expose genetic reflections of the 

underlying biochemical system.(Taylor et. al.). Comparision of metabolic important tissue 

and then ontology study.(Nakai et. al.).The BiNGO is an open-source Java tool to determine 

which Gene Ontology (GO) terms are considerably overrepresented in a set of genes. BiNGO 

plugin can be used either on a list of genes, text, subgraphs of  networks visualized in 

Cytoscape. BiNGO plugin maps the predominant functional themes of the gene set on GO 

hierarchy, and takes advantage of Cytoscape‘s  visualization environment to create an 

insightful and customizable visual representation of the results.(Maere et. al.). 

The huge amount of protein sequence data are available, for the modelling of protein 

sequence and function, The PANTHER database was constructed to model evolutionary 

sequence–function relationships. There are a number of applications for these data as, protein 

classification service, expression data analysis service, and coding single nucleotide 

polymorphism scoring service.(Thomus et. al.).  

2.2 Network development and essence of network 

The integration of biomedical data and further use for drug discovery is remaining a 

challenge. Biological processes such as metabolic pathways, protein-protein interactions are 

often represented as network in systems biology. The understanding of such networks and 

their analysis are today important challenges in life sciences. While a great variety of 

visualization tools that try to deals most of these challenges already exists, only few of them 

become successful to bridge the gap between visualization and network analysis 

(Pavlopoulos et. al.). 

Gene expression profiling and the analysis of PPI networks may support the identification of 

disease bio-markers and potential drug targets. Thus, a step forward in the development of 

systems approaches to medicine is the integrative analysis of these data sources in specific 

pathological conditions. This investigation supports the hypothesis that the integrative 

analysis of differential gene expression and PPI network analysis may facilitate a better 

understanding of functional roles and the identification of potential drug targets in human 

heart failure (Camargo et. al.).  
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The main understanding of the causes of human disease can come from classifying 

characteristics that are specific to disease genes. However, a full understanding of the role of 

important genes to human disease is lacking, due to the premise that these genes have a 

propensity to cause developmental abnormalities rather than adult disease (Dickerson et.al.). 

SNPs data extracted from GWAS are popular strategies to reveal the genetic basis of human 

complex diseases. Despite many successful analysis of GWAS, it is well recognized that new 

analytical approaches have to be integrated to attain their full potential. The characterization 

of the interrelating behaviours of complex biological systems is a basic objective of protein–

protein network analysis and computational biology. Undirected protein– protein networks of 

interacting proteins intimately correlated with significant biological pathways.(Natale et.al.). 

The normal variation in human gene expression to infer gene networks, which we created 

using correlations in expression levels of gene in cells from independent samples. The 

resulting networks allowed us to classify biological processes and gene functions. 

Furthermore, genes that predispose to the alike diseases are making cluster non-randomly in 

the co-expression network, suggesting that networks can provide genes that influence ailment 

susceptibility. Therefore, our analysis of gene co-expression networks offers information on 

the function of human genes in normal and disease processes (Nayak et. al. ). The specific 

SNPs that account for this enrichment can be used as a basis for focused genotype-phenotype 

studies (Freudenberg et.al.). 

In current research, various analysis were performed and try to develop the disease module of 

rheumatoid arthritis.  
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CHAPTER 3 

RESEARCH PROPOSAL  

3.1 Introduction 

In current biomedical research there is increasing facts that seed genes in diseases are not 

interact randomly on the molecular interaction network i.e. Interactome, but they  work 

together in similar biological modules. In addition, gene products linked to the same 

phenotypic characters have a strong tendency to interact with each other and form cluster in 

the same network neighborhood. This implies the existence of a disease module, a connected 

sub-network that can be mechanistically related to a particular disease phenotypic character. 

The accurate detection of such disease modules could help to decipher the molecular 

mechanisms of disease causation, identify new disease seed genes and pathways and assist 

rational drug target detection. 

3.2 Theoretical framework and hypotheses 

Hypothesis of this research is as, there are various genes which is involve to generate the 

particular ailment condition. there are number of genes which is directly involve in diseased 

state known as seed genes but all those genes which are not directly involved in diseased 

condition but play important role in that condition. In this particular research we are try to 

find out the disease genetics and alteration in that by using number of tools and find the 

number of parameter as SNP analysis, pathway analysis, ontology analysis, functional 

analysis, PPI analysis. 

3.3 Methods  

3.3.1 Data collection  

Various attributes define for the data collection 

a) Disease 

b) Polymorphic genes  

c) PMID 

d) Rs id 

e) Population 

f) P value 
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g) Odds ratio 

h) RNA 

i) DNA 

j) Chromosome number 

k) Chromosomal location 

3.3.2 Selection of tools for analysis 

3.3.3 Network construction 

3.3.4 Network Analysis of data using various parameters 

1. SNP analysis 

2. Ontology analysis 

3. Functional analysis 

4. Pathway analysis 

5. PPI analysis      

3.4 Research goals and specific aims  

The major goal of this research was to develop an Interactome of rheumatoid arthritis using 

bioinformatics approaches for the analysis of genes, pathways and ontology.  

3.5 Specific aims 

• Analysis of the shared SNPs/genes associated with rheumatoid arthritis 

• Validation  of associated SNPs/genes (seed genes) characterize different pathways to 

rheumatoid arthritis 

• Hub gene identification 

• To develop an Interactome for analysis of rheumatoid arthritis. 

• Gene Ontology Analysis 

 

3.6 Result and discussion 

A. Network analysis using Cytoscape  

1-Identification of  associated genes association 

2-Validation of associated genes 

3-Hub gene identification 
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B. Gene Ontology Analysis 

C. Gene functional analysis  

D. Pathway analysis  

E. PPI analysis 
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CHAPTER 4 

 RESEARCH DESIGN AND METHODOLOGY 

4.1 DATA COLLECTION 

To analyze the seed genes of Rheumatoid Arthritis and SNP information was extracted from 

the central PUBMED server. Thousands of genes reported which show direct or indirect 

association with the Rheumatoid Arthritis among them various genes shows polymorphisms. 

In current research we collected 258 polymorphic genes which is found to be positively 

reported and accessible. Information regarding genes polymorphism were collected and used 

to develop a data sheet which is based on the following attributes. 

Attributes: Disease Name, Gene Name, PUBMED ID, p value, Odd Ratio, Polymorphisms, 

Population, Chromosome Number, Location, RS-ID, Variant DNA, Variant RNA. 

 

Table 4.1 Collection of data using the suitable attribute 
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4.2 BIOINFORMATICS DATA SOURCES UTILIZED IN THE CASE 

STUDY 

 

S.No. 

Tools Analysis Origin URL 

1 PANTHER Ontology 

study 

Version 10.0 http://www.pantherdb.org/ 

2 CYTOSCAPE Interaction 

network 

Cytoscape 

3.4.0 

http://www.cytoscape.org/ 

3 DAVID Functional DAVID 

Bioinformatics 

resources 6.7 

https://david.ncifcrf.gov/home.jsp 

4 STRING PPI Version 10.0 http://string-db.org/ 

Table 4.2 Software and Interface used for the Result analysis 

4.3 SNP ANALYSIS 

For the all selected gene set SNP were analyzed on the basis of single nucleotide 

polymorphism associated to Rheumatoid Arthritis using various attributes as chromosome 

number, chromosomal location. 

4.4 DEVELOPING INTERACTOME 

4.4.1Cytoscape 

Data sources, import and update 

The File menu contains most basic file functionality:  

1-File Import for importing data such as networks and attributes, 

2-File Export for exporting data and images, 

3-File Print allows printing, 

4-File Quit closes all windows of Cytoscape and exits the program,  

5-File New creates a new network, either blank for editing, or from an existing network,  

6-File Open for opening a Cytoscape session file, 

7-File Save for saving a session file,  
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Figure 4.1 Import for importing data such as networks and attributes in XLS format. 

Interaction data files 

Attribute Names- genes, p value etc. 

Transfer first line as attribute names: By choosing this option, first entry in the file will be 

used as edge attribute names. 

Network Import Options: If Interaction Type is set to Default Interaction, the value here 

will be used as interaction for all edges. 

We can add arbitrary node, edge and network information to Cytoscape as 

node/edge/network 

Advanced options 

These attributes can then be visualized in a user-defined way by setting up a mapping from 

data to visual attributes (colors etc.). 

Zoom Cytoscape provides two mechanisms for zooming, either using mouse gestures or 

buttons on the toolbar. Use the zooming keys located on the toolbar to zoom in / out of the 

interaction network shown in the current display. 

4.5 GENE ONTOLOGY ANALYSIS 

4.5.1 GOrilla analysis 

For ontology analysis we are providing genes which are obtained from the literature survey. 

Literature survey involves capturing published information about the gene and its product as 

GO annotations. In the given set of genes that are up-regulated under certain conditions, an 
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enrichment analysis will find which GO terms are represented (over or under) using 

annotations for that gene set. 

Below is a schematic diagram giving an introduction to the steps involved in literature-based 

GO analysis as: 

 

Figure 4.2 First, select the name of the species. Second, choose the running mode. Third, 

paste list of the genes to be analyzed, one per row. The ontology which we want to 

calculate the enrichment (biological process, molecular function, or cellular 

component). To minimize search time, the tool searches only one ontology at a time and 

also can calculate collectively at a time. 

GOrilla is publicly available as a web interface application. This application can be operated 

using two modes  

1. Discovery of enriched GO terms for the top ranked list of genes using the mHG 

statistics. 

2. Discovery of enriched GO terms in a target set versus a background set and using a 

hyper geometric model  

3.  GOrilla automatically removes duplicates keeping the highest level occurrence. This 

includes dealing with duplicates that hide behind different nomenclatures.  
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4. GOrilla at present supports the following organisms: human, mouse, rat, yeast, D. 

melanogaster, C. elegans and A. thaliana. The output consists of a colour-coded 

trimmed DAG of all significantly enriched GO terms.  

5. The results page displays a flow chart and a table that lists used to describe the set of 

genes that entered on the, the GO term, Description, p value, FDR q value, 

Enrichment (N, B, n, b) the sample frequency, Expected p-value. In addition, the 

results page displays all the criteria used in the analysis.(Eden et. al.) 

The resulting enriched GO terms is visualized using a DAG graphical representation with 

colour coding reflecting their degree of enrichments. Nodes in the graph are clickable and 

give additional information on the GO terms and genes attributing to the enrichment. N is the 

total number of genes; B is the total number of genes associated with a specific GO term; n is 

the flexible cutoff, i.e. the automatically determined number of genes in the 'target set' and b 

is the number of genes in the 'target set' that are associated with a specific GO term. 

Enrichment is defined as (b/ n)/(B/N). 

PPI ANALYSIS: String 

The STRING database aims to provide such a global perspective for as many organisms as 

feasible. Known and predicted associations are scored and integrated, resulting in 

comprehensive protein networks. Below is a schematic diagram giving an introduction to the 

steps involved in STRING analysis as: 

 

Figure 4.3 First, paste the name of genes one per row. Second, choose the running mode. 

Third, select the organisms. 
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Functional Analysis by DAVID 

The large gene lists which derived from literature mining is important foundations that 

directly influences the success of functional analysis in DAVID. Due to the complexity of the 

data mining situations involved in biological studies, there is no good systematic way, at the 

present time, to quantitatively estimate the quality of the gene list ahead of time. However, 

based on real-life data analysis, the gene list contains all of following characteristics: 

1) Contain many important genes (marker genes, seed genes) as expected for the rheumatoid 

arthritis  

2) Reasonable number of genes ranging from 100-1000. 

3) Most of the genes significantly pass the statistical threshold (e.g. P-values <=0.05) 

The foundation of enrichment analysis is that if a biological process is abnormal in a given 

study, the co-functioning genes should have a greater potential (enriched) to be selected as a 

relevant group by the high-throughput technologies. To decide the degree of enrichment, a 

certain background must be set up in order to perform the comparison.  

Upload gene list, Submit to David system using default options and View result in different 

different mode. 

 

Figure 4.4 Submit a gene list to DAVID and access various analytic tools/modules. 

a. Following the example input format and steps on the left side uploading panel, a list of 

genes may be uploaded into DAVID. b. After successful uploading of gene list, a set of 
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analytic modules are available for the analysis of the current gene list highlighted in the gene 

list manager on the left side. 

This is a useful analytic module particularly when we want to closely look at the annotation 

of highly interesting genes. 

(A) Click on the gene name to link for more detailed information.  

(B) Click on ―RG‖ (related genes) beside the gene name to search for other functionally 

related genes.  

(C) Use the browsers ―Find‖ function to search for particular items.  

(D) Click on the red ―G‖ to list all associated genes of all terms within the cluster.  

(E) Click on the ―green icon‖ to display the 2-D (gene-to-term) view for all genes and terms 

within the cluster. 

The annotation terms are clustered using the default clustering stringency. this may re-run the 

classification function leading to optimal results for the particular case by resetting the 

stringency (high, medium or low) in the options on top of the result page. 

 Visualize genes on BioCarta and KEGG pathway map. 

 Display related many genes to many terms on 2D view. 

 List Interacting proteins. 

 Explore gene name in batch. 

 Link gene-disease associations. 

 Highlight protein functional domains and motifs. 

 Redirect to related literatures. 

 convert gene identifiers from one type to another 

 Diagnose and fix problems with gene IDs  

 Explore gene names in batch  

 Highlight functional domains and motifs  

 Redirect to related literature  

 Cluster redundant and heterozygous annotation terms  

 Read the entire annotation contents associated with a gene 

 Identify biological themes, particularly GO terms.  

 Discover enriched functionally-related gene groups. 
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CHAPTER 5 

RESULT AND DISCUSSION 

The Development of Interactome for determining novel pathways and genes of Rheumatoid 

Arthritis we had taken polymorphic genes and their respective parameters. we obtain the 

result for the analysis of genes  related to  Rheumatoid Arthritis some of the essential features 

which are used to get the desired results are Name of the gene , RSID , PMID , p-value and 

odds ratio. The analysis of current research is as follows: 

5.1 SNP ANALYSIS 

For the selected gene set all the SNP were analyzed and it was found that maximum of the 

single nucleotide polymorphism associated to Rheumatoid Arthritis were reported in intronic 

region. It was found that all the SNPs were form the locus of almost all the chromosomes 

(except Y). 

5.2 DEVELOPING INTERACTOME: HUB GENE IDENTIFICATION 

This is very surprising property of biological networks is the appearance of hub proteins, 

suggesting that hubs must play a unique role. Indeed, evidence from model organisms 

indicates that hub proteins tend to be encoded by seed genes, and that genes encoding hubs 

are must be older and evolve more slowly than genes encoding non-hub proteins. The 

deletion of genes encoding hubs also leads to a enormous phenotypic outcomes than the 

deletion of genes encoding less connected proteins. It is assume that in humans, hubs should 

be associated with disease genes. it was found that seed genes show a strong tendency to be 

linked with hubs and expressed in multiple tissues, i.e., they tend to be located at the 

functional centre of the Interactome. That is, from a network perspective, these genes 

segregate at the functional periphery of the Interactome. Most nodes have  the same number 

of links, and maximum connected nodes (hubs) are quite rare in a random network. The 

fraction of bond with a given degree, called the degree distribution, follows the well-known 

Poisson distribution. The most noticeable consequence of this property is the presence of a 

few maximum connected hubs that hold the whole network together. The biological role and 

dynamical behaviour of hubs are function inside modules and coordinate specific cellular 

processes, different processes and organize the Interactome. 
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Figure 5.1Representation of connectivity between the nodes 

In the current research we found that the gene TNFAIP3 with maximum degree which is 48 

could act as a hub protein. The first neighbours of TNFAIP3 is TNFSF14,TNPO3,TGFB1, 

NLRP3 , NAA25, MSRA, PTPN2, IL21, RDX, IL18, IL17F, IRF5, ITGAV, HLA-DPA1, 

HLA, DOA, HCG22, IL17F, FCGR2A , GDF15, CYP2C19, CTLA4 , DHODH, COG6, 

CXCL9, CYB5A, STAT4, TNFRSF11B, CD40, CYP1A2, FOXO3a, PTPRC, PTPN22, 

ANGPT1, ADAD1. 

In the Result panel of Cytoscape, The network statistics of Cytoscape includes various 

parameters as given below  

 

Figure 5.2 Result panel of the Network. 
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5.2.1 Betweeness centrality  

Nodes with a high betweenness centrality is a measure of the number of shortest paths that go 

through each node. In networks with directed edges such as regulatory networks, bottlenecks 

tend to correlate with essentiality100. In the graph given below it has been shown that 

betweeness centrality ranges from.000 to 0.425. 

 

Figure5.3 betweenness centrality and number of neighbor. 

5.2.2Shortest path length distribution  

 

Figure 5.4 The calculation of shortest path length distribution using frequency and path 

length 
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Shortest path length facilitates the rapid transfer of information , in this graph we analyses the 

shortest path length of the network using comparative analysis between frequency and path  

length. 

5.2.3Stress centrality  

 

Figure 5.5 Relationship between stress centrality and number of nodes. 

The betweenness centrality of a node reflects the amount of control that this node exerts over 

the interactions of other nodes in the network. This measure favors nodes that join 

communities (dense subnetworks), rather than nodes that lie inside a community. 

5.3 GENE ONTOLOGY ANALYSIS 

The GO defines concepts/classes used to describe gene function, and relationships between 

these concepts. It classifies functions along three aspects: molecular function(molecular 

activities of gene products) cellular component(where gene products are active) biological 

process(pathways and larger processes made up of the activities of multiple gene products). 

GORILLA GENE ONTOLOGY  

To test the Ontology of GOrilla we used the Rheumatoid Arthritis dataset, This 

dataset consists of 258 polymorphic genes obtained from literature annotation. 

Patients from different Geographical indication showed various characteristics. 
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5.3.1 Process analysis 

The result of Process analysis is shown in figure 7 table 2 and highlights a unique 

set of enriched GO terms that were identified at different cutoffs.  

 

Figure 5.6 Process analysis of genes 

The enriched GO terms include Response to chemical ( top 46 genes), Response to external stimulus 

(top 49 genes) and Response to stimulus (top 85genes),Response to Stress (top 54 genes), 

Compliment activation, classical pathway ( top 3 genes), Response to External biotic stimulus 

( top 42 genes), Response to biotic stimulus ( top 42 genes), Response to organic substances ( 

top 41 genes), Response to lipopolysaccharides ( top 22 genes), Defence response (top 66 

genes), Response to molecule of Bacterial origin (top 28 genes), Positive regulation of IL-8 

secretion (top 3 genes),Response to Lipid( top 42 genes), Response to Oxygen containing 

compound(top 31 genes), Inflammatory response (44 genes), Regulation of Immune system 

process (top 53 genes), Positive regulation of immune system process (top 47 genes), 

Regulation of IL-8 secretion (top 5 genes), Regulation Of Localization(top 72 

genes),Response to transition metal nanoparticle ( top 2 genes), Fc receptor mediated 

stimulatory signalling pathway (top 3 genes), immune response regulatory cell surface 

receptor signalling pathway involved in Phagocytosis (top 3 genes) Fc gamma receptor 

signalling pathway involved in phagocytosis (top 3 genes), Fc gamma receptor signalling 

pathway involved in phagocytosis (top 3 genes), Fc gamma receptor signalling pathway (top 
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3 genes), Immune system process (top 85 genes), Proteolysis (top 4 genes), complement 

activation (top 3 genes), Protein activation cascade (top 3 genes). 

GO term Description 
P-

value 

FDR 

q-

value 

Enrichment (N, 

B, n, b) 
Genes 

GO:004222

1 

response to 

chemical 

1.27E

-5 

5.07E

-2 

1.58 

(211,74,83,46) 

SELE,IL17A, LTA, CIITA,CXCL9,XRCC1, 

IL12A,MTHFR,PTGER4,SLC11A1,CD6,T

LR1,CD58, NLRP3,DHODH,JAK3,TLR5, 

TLR4, ABCB1, CYP1A2, ETS1,CNR2, 

FOXO3, CHI3L1,SELP,PON1, BGLAP, 

VEGFA,IL4,PTPN22,C1QA,CCL3L1,CD9, 

ABCC1,IL10,CYB5A,TNF,TNFRSF1A,OG

G18,TNFAIP3,VCAM1,TNFRSF1B,FASL

G,TNFRSF11B,IL23R,IL6R  

GO:000960

5 

response to 

external stimulus 

2.01E

-5 

4.03E

-2 

1.48 

(211,64,109,49) 

IL17A,SELE,VTCN1,HLAE,CXCL9,IL12B

,IL12A,MTHFR,SLC11A1,TLR1,TLR3,TL

R5,TLR4,CHI3L1,SELP,IFNG,BGLAP,IL4, 

IL33,CARD9,TNF,IL10,TNFRSF1A,TNFAI

P3,OGG1 – 8,VCAM1,TNFRSF1B,FASLG, 

IL6,TNFRSF11B,IL6R,IL23R,CRP,LTA,PT

GER4,CD6,DHODH,,NLRP3,CYP1A2,ETS

1,TYMS,CNR2,PON1,CDK6,PTPN22,FCN

2,IRF5,SMAD3, PTPRC  

GO:005089

6 

response to 

stimulus 

3.03E

-5 

4.04E

-2 

1.25 

(211,126,114,85) 

IL17A,SELE,AIRE,VTCN1,CD244,CIITA, 

HLAE,CXCL9,XRCC1,IL12B,IL12A,MTH

FR,DPP4,SLC11A1,CTLA4,TLR1,CD58, 

HLA-DQA1,TLR3, RDX, TLR5, ABCB1, 

TLR4,FOXO3,CHI3L1,IFNG,SELP,BGLAP

,IL4R,VEGFA,IL4,PADI4,IL33,CD84,CCL

3L1,CARD9,TNF,CYB5A,IL10,KLRD1,TN

FRSF1A,CFH,TNFAIP3,OGG18,VCAM1,  

IL17F,B4GALT1,TNFRSF1B,FASLG,IL6,I

L23R,TNFRSF11B,IL6R,CRP,LTA,PTGER

4,CD6,TAP2,DHODH,NLRP3,JAK3,CYP1

A2,ETS1,TYMS,CNR2,CDK6,PON1,PTPN

22,FCN2,MUTYH,C1QA,C1QB,COLEC10, 
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C1QC,FCGR3A,NR3C1,ABCC1,MIA3,OR

AI1,IRF5,ERBB3,SMAD3,C5,PTPRC,MPG 

GO:000695

0 
response to stress 

4.4E-

5 

4.4E-

2 

1.44 

(211,94,84,54) 

IL17A,SELE,CD244, HLA,CXCL9,XRCC1, 

IL12A,MTHFR,SLC11A1,CTLA4,TLR1,TL

R5,TLR4,FOXO3,CHI3L1,SELP,IL4,VEGF

A,PADI4,IL33,CD84,CCL3L1,CARD9,IL1

0,TNF,TNFRSF1A,CFH,KLRD1,OGG1,TN

FAIP3,VCAM1,B4GALT1,TNFRSF1B,IL2

3R,IL6R,TNFRSF11B,CRP,LTA,PTGER4,

CD6,NLRP3,DHODH,JAK3,CYP1A2,ETS1

,CNR2,FCN2,C1QA,MUTYH,C1QB,C1QC,

MIA3,C5,PTPRC  

GO:000695

8 

complement 

activation, 

classical pathway 

6.64E

-5 

5.32E

-2 
31.65 (211,5,4,3) C1QA,C1QB,C1QC  

GO:004320

7 

response to 

external biotic 

stimulus 

1.35E

-4 

9.03E

-2 

1.48 

(211,53,113,42) 

SELE,IL17A,CRP,VTCN1,LTA,HLAE,CL9

,IL12B,IL12A,PTGER4,SLC11A1,CD6,TL

R1,NLRP3,TLR3,TLR5,TLR4,CYP1A2,CN

R2,SELP,IFNG,CDK6,IL4R,IL4,PTPN22,IL

33,FCN2,CARD9,IL10,TNF,TNFRSF1A,T

NFAIP3,IRF5,VCAM1,SMAD3,PTPRC,TN

FRSF1B,FASLG,IL6,IL23R,IL6R, 

TNFRSF11B 

GO:000960

7 

response to biotic 

stimulus 

1.35E

-4 

7.74E

-2 

1.48 

(211,53,113,42) 

SELE,IL17A,CRP,VTCN1,LTA,HLAE,CX

CL9,IL12B,IL12A,PTGER4,SLC11A1,CD6

,TLR1,NLRP3,TLR3,TLR5,TLR4,CYP1A2, 

CNR2,IFNG,SELP,CDK6,IL4R,IL4,PTPN2

2,IL33,FCN2,CARD9,IL10,TNF,TNFRSF1

A,TNFAIP3,IRF5,VCAM1,SMAD3,PTPRC

,TNFRSF1B,FASLG,IL6,IL23R,IL6R, 

TNFRSF11B,  

GO:001003

3 

response to 

organic substance 

1.62E

-4 

8.11E

-2 

1.56 

(211,67,83,41) 

IL17A,SELE,LTA,CIITA,CXCL9,XRCC1,I

L12A,MTHFR,PTGER4,SLC11A1,CD6,CD

58,TLR1,NLRP3,DHODH,JAK3,TLR5,TL

R4,CYP1A2,ETS1,CNR2,CHI3L1,SELP,PO
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N1,BGLAP,VEGFA,IL4,PTPN22, CCL3L1, 

CARD9,TNF,IL10,TNFRSF1A,OGG1,TNF

AIP3,VCAM1,TNFRSF1B,FASLG,TNFRS

F11B,IL23R, IL6R  

GO:003249

6 

response to 

lipopolysaccharide 

1.8E-

4 

8.01E

-2 

1.95 

(211,29,82,22) 

SELE,PTPN22,LTA,CXCL9,IL12A,SLC11

A1,PTGER4,IL10,CD6,TNFRSF1A,NLRP3

,TNFAIP3,VCAM1,TLR5,TLR4,CYP1A2,T

NFRSF1B,FASLG,CNR2,IL23R,TNFRSF1

1B, SELP 

GO:000695

2 
defense response 

1.98E

-4 

7.91E

-2 

1.25 

(211,75,148,66) 

SELE,IL17A,IL18,CD244,HLA-E,CXCL9, 

IL12B,IL12A,DPP4,SLC11A1,TLR1,REL,T

LR3,TLR5,TLR4,TLR8,CHI3L1,SELP,IFN

G,CR1,IL4R,IL4,PADI4,TNIP1,IL33,IL2R

A,CLEC6A,AIF1,CD40,CD84,CCL3L1,CA

RD9,IL37,IL10,TNF,KLRD1,CFH,TNFRSF

1A,OGG1,TNFAIP3,B4GALT1,VCAM1,IL

17F,TNFRSF1B,IL6,TNFRSF11B,IL6R,IL2

3R,CCR6,CRP,LTA,GZMB,CD6,TLR9,NL

RP3,JAK3,CNR2,FCN2,C1QA,C1QB,C1Q

C,NCR3,IRF5,C5,PTPRC,IRAK1  

GO:000223

7 

response to 

molecule of 

bacterial origin 

2.37E

-4 

8.62E

-2 

1.64 

(211,33,109,28) 

SELE,LTA,CXCL9,IL12B,IL12A,SLC11A1

,PTGER4,CD6,TLR1,NLRP3,TLR5,TLR4, 

CYP1A2,CNR2,SELP,IFNG,PTPN22,CAR

D9,IL10,TNFRSF1A,TNFAIP3,IRF5,VCA

M1,TNFRSF1B,FASLG,IL6,TNFRSF11B, 

IL23R 

GO:200048

4 

positive regulation 

of interleukin-8 

secretion 

2.63E

-4 

8.77E

-2 
19.78 (211,4,8,3) CD58,CD244,CD2  

GO:003399

3 
response to lipid 

2.76E

-4 

8.51E

-2 

1.26 

(211,42,168,42) 

IL17A,SELE,LTA,IL13,CXCL9,IL12B,IL1

2A,PTGER4,SLC11A1,CD6,NLRP3,TLR5, 

TLR4,CYP1A2,ETS1,CNR2,TYMS,SELP,I

FNG,PON1,BGLAP,IL4R,PTPN22,TGFB1,

AIF1,CD40,NR3C1,TRAF6,IL10,TNF,TNF

RSF1A,TNFAIP3,OGG1,VCAM1,TNFRSF
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1B,UBE2L3,FASLG,IL6,CCL21,TNFRSF1

1B,IRAK1,IL23R 

GO:190170

0 

response to 

oxygen-containing 

compound 

2.8E-

4 
8E-2 

1.70 

(211,47,82,31) 

SELE,IL17A,LTA,CXCL9,IL12A,MTHFR,

SLC11A1,PTGER4,CD6,NLRP3,TLR5,TL

R4,CYP1A2,ETS1,CNR2,SELP,PON1,BGL

AP,IL4,PTPN22,CARD9,TNF,IL10,TNFRS

F1A,TNFAIP3,OGG18,VCAM1,TNFRSF1

B,FASLG,TNFRSF11B,IL23R  

GO:000695

4 

inflammatory 

response 

2.9E-

4 

7.75E

-2 

1.24 

(211,44,170,44) 

IL17A,SELE,IL18,CRP,IL13,CXCL9,HLA-

DRB1,SLC11A1,CD6,TLR1,REL,TLR9,NL

RP3,TLR3,TLR5,TLR8,TLR4,CNR2,CHI3

L1,SELP,TNIP1,TGFB1,IL2RA,AIF1,CD40

,CCL3L1,NCR3,NLRP1,IL37,TNF,IL10,TN

FRSF1A,OGG1,TNFAIP3,B4GALT1,VCA

M1,IL17F,C5,TNFRSF1B,IL6,CCL21,IL6R, 

IL23R,TNFRSF11B  

GO:000268

2 

regulation of 

immune system 

process 

3.04E

-4 

7.61E

-2 

1.40 

(211,94,85,53) 

IL17A,VTCN1,CD244,HLAE,CXCL9,IL12

A,SLC11A1,CTLA4,TLR1,TLR5,ABCB1,T

LR4,FOXO3,SELP,BGLAP,IL4,VEGFA,IL

33,CD84,CARD9,TNF,IL10,CFH,KLRD1,T

NFAIP3,VCAM1,KLRC1,SIAE,IL6R,IL23

R,LTA,CD226,PTGER4,CD6,NLRP3,JAK3

,CD2,ETS1,CNR2,CD247,PTPN22,FCN2,T

ESPA1,C1QA,C1QB,COLEC10,C1QC,FCG

R3A,FCGR2A,MIA3,C5,PTPRC,GPSM3  

GO:000268

4 

positive regulation 

of immune system 

process 

3.23E

-4 

7.6E-

2 

1.46 

(211,80,85,47) 

IL17A,VTCN1,CD244,LTA,HLAE,CXCL9, 

IL12A,CD226,PTGER4,SLC11A1,CD6,CT

LA4,TLR1,NLRP3,JAK3,TLR5,ABCB1,TL

R4,CD2,ETS1,FOXO3,CD247,SELP,VEGF

A,IL4,PTPN22,IL33,FCN2,TESPA1,C1QA,

C1QB,C1QC,COLEC10,CD84,FCGR3A,C

ARD9,FCGR2A,TNF,MIA3,CFH,TNFAIP3

,VCAM1,C5,PTPRC,GPSM3, IL6R, IL23R, 

GO:200048

2 

regulation of 

interleukin-8 

4.51E

-4 
1E-1 6.51 (211,6,27,5) CD58,CRP,CD244,PTPN22,CD2  
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secretion 

GO:003287

9 

regulation of 

localization 

5.51E

-4 

1.16E

-1 

1.18 

(211,76,170,72) 

SELE,CARD8,IL17A,IL18,VTCN1,CD244, 

HLA-E,CD2AP,CXCL9,IL13,IL12B,IL12A 

,HLADRB1,SLC11A1,TLR1,CD58,TLR3,R

DX,TLR5,TLR8,TLR4,NOS3,BANK1,IFN

G,SELP,IL4R,IL4,VEGFA,IL33,CLEC6A,A

IF1,PADI2,CD84,CD40,NLRP1,NFKBIE,T

NF,IL10,OGG1,NPSR1,IL17F,B4GALT1,C

CL21,IL6,IL6R,PLB1,CCR6,CRP,GZMB,P

TGER4,TLR9,NLRP3,JAK3,ITGAV,CD2,E

TS1,HTR2A,PON1,CDK6,TGFB1,PTPN22, 

PTPN2,TRAF6,TCF7L2,MIA3,ORAI1,ERB

B3,C5,SMAD3,PTPRC,GPSM3,UBE2L3  

GO:199026

7 

response to 

transition metal 

nanoparticle 

6.97E

-4 

1.4E-

1 
52.75 (211,4,2,2) 

BGLAP  

C1QA 

GO:000243

1 

Fc receptor 

mediated 

stimulatory 

signaling pathway 

7.42E

-4 

1.41E

-1 

12.41 

(211,3,17,3) 

FCGR2A  

FCGR3A  

CD247  

GO:000243

3 

immune response-

regulating cell 

surface receptor 

signaling pathway 

involved in 

phagocytosis 

7.42E

-4 

1.35E

-1 

12.41 

(211,3,17,3) 

FCGR2A  

FCGR3A  

CD247  

GO:003809

6 

Fc-gamma 

receptor signaling 

pathway involved 

in phagocytosis 

7.42E

-4 

1.29E

-1 

12.41 

(211,3,17,3) 
FCGR2A,CD247,FCGR3A  

GO:003809

4 

Fc-gamma 

receptor signaling 

pathway 

7.42E

-4 

1.24E

-1 

12.41 

(211,3,17,3) 
FCGR2A,FCGR3A,CD247  
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GO:000237

6 

immune system 

process 

7.92E

-4 

1.27E

-1 

1.19 

(211,104,145,85) 

IL17A,SELE,AIRE,VTCN1,CD244,CIITA,

HLAE,CXCL9,IL12B,IL12A,SLC11A1,DP

P4,CTLA4,TLR1,CD58,REL,HLADQA1,T

LR3,TLR5,ABCB1,TLR4,TLR8,BANK1,IF

NG,SELP,CR1,IL4R,VEGFA,IL4,PADI4,T

NIP1,IL33,IL2RA,CLEC6A,AIF1,CD84,CD

40,CCL3L1,CARD9,IL37,TNF,IL10,TNFR

SF1A,KLRD1,CFH,TNFAIP3,VCAM1,B4G

ALT1,TNFRSF1B,FASLG,IL6,IL6R,TNFR

SF11B,CCR6,CRP,LTA,GZMB,PTGER4,C

D6,TAP2,TLR9,NLRP3,JAK3,ITGAV,CD2, 

ETS1,CNR2,CD247,CDK6,PTPN22,FCN2, 

C1QA,C1QB,COLEC10,C1QC,FCGR3A,P

TPN2,NCR3,FCGR2A,ORAI1,IRF5,SMAD

3,C5,PTPRC,IRAK1  

GO:000650

8 
Proteolysis 

8.85E

-4 

1.36E

-1 
9.59 (211,22,4,4) BGLAP,C1QA,C1QB, C1QC  

GO:000695

6 

complement 

activation 

9.84E

-4 

1.46E

-1 
17.58 (211,9,4,3) C1QA,C1QB,C1QC  

GO:007237

6 

protein activation 

cascade 

9.84E

-4 

1.41E

-1 
17.58 (211,9,4,3) C1QA,C1QB ,C1QC  

Table 5.1 Process analysis of genes 

5.3.2 Function analysis of genes 

The result of Function analysis is shown in figure 5.7 table 5.2 and highlights a 

unique set of enriched GO terms that were identified at different cutoffs.  

GO term Description P-value FDR q-value Enrichment (N, B, n, b) Genes 

GO:0004252 

serine-type 

endopeptidase 

activity 

6.31E-4 4.53E-1 19.78 (211,8,4,3) C1QA,C1QB,C1QC   

GO:0008236 serine-type 

peptidase 

6.31E-4 2.26E-1 19.78 (211,8,4,3) C1QA,C1QB,C1QC   
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activity 

GO:0017171 

serine 

hydrolase 

activity 

6.31E-4 1.51E-1 19.78 (211,8,4,3) C1QA,C1QB,C1QC   

Table 5.2 Function analysis of genes 

The enriched GO terms include Serine-type endopeptidase activity ( 3 genes), 

Serine-type peptidase activity (p , 3 genes) and Serine hydrolase activity (p , 3 

genes). 

 

Figure 5.7 Function analysis of  genes 

5.3.3 Cellular component analysis 

 

Figure 5.8 Cellular component analysis 
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The result of Function analysis is shown in figure 5.8 table 5.3 and highlights a 

unique set of enriched GO terms that were identified at different cutoffs. The 

enriched GO terms include Collagen trimmer (p , top 3 genes), compliment 

component C1 complex (p , top 2 genes) and Dendrite (p , top 3 genes). 

GO term Description P-value FDR q-value Enrichment (N, B, n, b) Genes 

GO:0005581 
collagen 

trimer 
1.64E-4 5.56E-2 26.38 (211,6,4,3) C1QA,C1QB,C1QC   

GO:0005602 

complement 

component 

C1 complex 

2.71E-4 4.6E-2 70.33 (211,2,3,2) C1QA,C1QB   

GO:0030425 Dendrite 3.14E-4 3.55E-2 16.23 (211,3,13,3) BGLAP,CHRM3,CNR2  

Table 5.3 Process analysis of genes 

These enriched GO terms are attributed to genes that were over expressed in 

patients with bad prognosis and under-expressed in patients with good prognosis, 

which is in accordance with biological common sense and supports their relevance. 

5.4 PPI ANALYSIS: STRING 

In manual curation of data the validate interactions individually from the literature takes lots 

of efforts. Despite these curation efforts, the existing maps are taken as incomplete, and the 

literature-based datasets, although who have more interactions, are prone to investigative 

biases, having more interactions for the more explored ailment proteins. 

The many function and interactions that occur between proteins are at the core of cellular 

processing and their systematic description helps to provide context in molecular systems 

biology. However, known and predicted interactions are spread all over multiple resources, 

and the available data exhibit remarkable differences in terms of quality and completeness. 

The STRING database intends to provide a critical assessment and integration of protein–

protein interactions, including direct as well as indirect links. For this purpose, there are 

hierarchical and self-consistent orthology annotations for all interacting proteins at various 

levels of phylogenetic resolution.  
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There are functional interdependencies between the molecular components in a cell, a disease 

is not often a consequence of an abnormality in a single gene, but reflects the perturbations of 

the complex cellular network that links tissue and organ systems. These expanding tools of 

network offer a platform to explore systematically not only the molecular complexity of a 

particular ailment, leading to the recognition of disease modules and pathways, but also the 

molecular relationships among distinct phenotypes. Advancement in this direction are 

essential for classify new disease genes, for uncovering the biological importance of disease-

associated mutations identified by GWAS and full-genome sequencing, and for identifying 

drug targets and biomarkers for complex ailments. 

In PPI analysis we mainly analyses the Hub protein interaction with seed genes. TNFAIP3 

shows the direct neighbouring with TNIP1, BANK1, WDFY4, PTPN22, IL17A, STAT4, 

TNF, LTA, NFKBIE, TNFRSF1A, REL,TRAF6, CD40, IRF5, TRAF1. 

If Hub gene TNFAIP3 analyses separately than TNFAIP3 shows interaction with TNIP2, 

TNIP1, TAX1BP1, TBK1, IKBKG, TRAF6,TRAF2, RIPK1, IKBKB, UBC. The genes 

TNIP1, TRAF6 common in both with seed genes and separate interactions. 

 

Figure 5.9 PPI analysis 
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5.5.1 DAVID Functional Annotation Chart  

Functional Annotation Chart provides typical gene-term enrichment analysis, that is also 

provided by other similar tools, to identify the most relevant biological terms associated with 

a seed genes .Compared to other similar enrichment analysis tools, the notable difference of 

this function provided by DAVID is its extended annotation coverage, increasing from only 

GO in the original version of DAVID to currently over 40 annotation categories, including 

GO terms, protein–protein interactions, protein functional domains, disease associations, bio-

pathways, sequence features, homology, gene functional summaries, gene tissue expression, 

and literature. 

These are the enriched Pathways in Functional analysis on the basis of filtered p value less 

than 0.01 as, Allograft rejection, Cytokine-cytokine receptor interaction, Graft-versus-host 

disease, Type 1 diabetes mellitus, Asthma, Autoimmune thyroid disease, Systemic lupus 

erythematosus, cell adhesion molecules, Toll like receptor signalling pathway, intestinal 

immune network for IgA production, JAK-STAT signalling pathway, Antigen processing and 

presentation, NOD- like receptor signalling pathway,natural killer cell mediated cytotoxicity, 

hematopoietic cell lineage. 

 

Table 5.4 Kegg Pathway analysis 

The annotation categories can be flexibly included or excluded from the analysis. The 

enhanced annotation coverage alone increases the analytic power to analyze the genes from 

many different biological aspects in a single space. In addition, to take full advantage of the 

well-known KEGG and BioCarta pathways, DAVID Pathway Viewer, which is accessed by 
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clicking on pathway links within the chart report, can display genes from a user's list on 

pathway maps to facilitate biological interpretation in a network context. Finally, the choice 

of pre-built or user-defined gene population backgrounds provides the ability of tailor the 

enrichment analysis to meet the specific analytic situation. 

5.5.2 DAVID Functional Annotation Clustering 

Functional Annotation Clustering uses a similar fuzzy clustering concept as Functional 

Classification by measuring relationships among the annotation terms based on the degree of 

their co-association with genes in order to cluster somewhat heterogeneous, yet highly similar 

annotation into functional annotation groups. This reduces the burden of associating different 

terms associated with the similar biological process, thus allowing the biological 

interpretation to be more focused at the ―biological module‖ level. The 2-D view tool is also 

provided for examining the internal relationships among the clustered terms and genes. This 

type of grouping of functional annotation is able to give a more insightful view of the 

relationships between annotation categories and terms compared to the traditional linear list 

of enriched terms since highly related/redundant annotation terms may be dispersed among 

hundreds, if not thousands, of other terms. 

These pathways are expressed in enriched cluster on the basis of p value less than .001 

Allograft rejection, graft verses host disease, Type 1 diabetes mellitus, Asthma, Autoimmune 

thyroid disease, Systemic lupus erythematosus, intestinal immune network for IgA 

production, Antigen processing and presentation. 

 

Table 5.5 Function analysis 
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Highest kappa score showing by these pathways as 

 

Table 5.6 highly similar cluster pathways 
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CHAPTER 6 

CONCLUSIONS 

We find that the new method makes a considerable difference to the categories identified as 

the most significant. Here we have developed a gene interaction network analysis for use 

with polymorphic genes of Rheumatoid Arthritis. This analysis is done using Literature 

survey and we consider only polymorphic genes which are validated by PUBMED literature. 

Literature survey provides a list of seed genes which provide hub genes through network 

analysis, important pathways through ontology analysis, functional enrichment through 

DAVID etc. Furthermore, we find that the most significant categories identified using 

network analysis, GO analysis, functional enrichment analysis and try to find out the better 

analysis then existing analysis of Rheumatoid Arthritis. 

Areas of related and further research 

The disease module which we obtained for Rheumatoid Arthritis further use in Pharmaco-

genomics study and treatment of Rheumatoid Arthritis. 
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