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ABSTRACT 

 

 

DEVELOPMENT OF A SYSTEMS BASED MODULAR 

APPROACH TO LINK COMPLEX DISEASES 

 

 

A novel systems based modular approach was developed in this study to investigate 

the shared underlying mechanisms of three prevalent complex disorders: cardiovascular 

disease (CVD), Type 2 diabetes (T2D) and Alzheimer‘s disease (AD). The disease related 

functional linkage networks were constructed and analyzed in every aspects of 

modularization. The fundamental biological processes were deciphered through integration 

of various levels of ―omics‖ data. The identification of the links between these diseases 

was accomplished through the shared proteins and biological processes.  

 

The cardiovascular disease functional linkage network (CFN) containing 1536 

proteins and 3345 linkages was constructed using proteins encoded by 234 genes 

associated with cardiovascular disease. The modular architecture of this network and its 

integration with ―bibliomics‖ indicated that blood coagulation, lipid metabolism and renin-

angiotensin systems were found to be linked to CVD as expected. The modularization in 

CFN was anticipated to exert a potential to develop a general perspective, hence the 

functional modules enumerated from CFN were evaluated in terms of shared pathways, co-

localization, co-expression and associations with diseases. The members of the top scoring 

functional modules were assembled in a condensed network representing the fundamental 

biological processes. The approach was later applied to the other two complex disorders. 

The functional linkage networks include 2734 proteins / 14823 linkages (TDFN) and 1587 

proteins / 7785 linkages (ADFN) for Type 2 diabetes and Alzheimer‘s disease, 

respectively. The individual fundamental processes and signalling cascades observed in 

each of these diseases are converged at blood coagulation, glucose homeostasis, lipid 

metabolism, oxidative stress and inflammation. The central roles of the proteins generating 

inflammatory response in all disease networks indicate that inflammation might be the 

missing link between CVD, T2D and AD.  
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ÖZET 

 

 

KOMPLEKS HASTALIKLARI BİRBİRİNE BAĞLAMAK İÇİN 

SİSTEM BAZLI MODÜLER BİR YAKLAŞIM GELİŞTİRİLMESİ  

 

 

Bu çalışmada ilk defa sistem bazlı modüler bir yaklaşım geliştirilerek üç yaygın 

kompleks hastalığın, kalp hastalıkları (CVD), Tip 2 diyabet (T2D) ve Alzheimer hastalığı 

(AD), altında yatan ortak biyolojik mekanizmalar incelenmiştir. Bu hastalıklarla ilgili 

işlevsel etkileşim ağları kurulmuş ve bu ağlardaki modüler yapılar her açıdan analiz 

edilmiştir. Değişik düzeylerdeki ―omiks‖ verileri birleştirilerek temel biyolojik süreçler 

ortaya çıkarılmıştır. Üç hastalıkta da paylaşılan proteinler ve biyolojik süreçler ile 

hastalıkların arasındaki ilişki tanımlanmıştır.  

 

Kalp hastalıklarının işlevsel etkileşim ağı (CFN), hastalıkla ilişkili olduğu gösterilen 

234 genin şifrelediği proteinlerden başlayarak 1536 protein ve 3345 etkileşim ile 

kurulmuştur. Bu ağdaki modüler yapılar ve bu yapıların ―bibliomik‖ bilgisi ile 

birleştirilmesi sonucunda kan pıhtılaşması, yağ metabolizması ve renin-anjiyotensin 

sistemi gibi biyolojik süreçlerin CVD ile beklenen ilişkisi gösterilmiştir. CFN‘de bulunan 

modüler yapılar genel bir yaklaşım oluşturmak bakımından bir potansiyel olarak görülmüş, 

dolayısıyla CFN‘de bulunan modüler yapılar ortak biyolojik yolağları, lokalizasyon, 

ekspresyon ve diğer hastalıklarla ilişkiler açısından değerlendirilmiştir. Yüksek skorlu 

modüller içinde yer alan proteinlerin daha yoğun bir haritada toplanması ile hastalığın 

temelinde yatan biyolojik süreçler gösterilmiştir. Bu yaklaşım diğer iki kompleks hastalık 

için de uygulanmıştır. İşlevsel etkileşim ağları Tip 2 diyabet ve Alzheimer hastalığı için 

sırasıyla 2734 protein / 14823 etkileşim (TDFN) ve 1587 protein / 7785 etkileşim (ADFN) 

ile oluşturulmuştur. Burada gözlemlenen temel biyolojik süreçler ve sinyal ileti 

mekanizmaları, kan pıhtılaşması, glukoz dengesi, yağ metabolizması, oksidatif stres ve 

enflammasyon süreçlerinde ortaklık göstermektedir. Enflammasyon yaratan proteinlerin üç 

hastalık ağında da merkezi roller üstlenmesi, enflammasyonun CVD, T2D ve AD 

arasındaki ortak bağlantı olabileceğine işaret etmektedir.  
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1. INTRODUCTION 

 

 

A novel systems based modular approach was developed in this study to have a 

general understanding to the complex disease interference. Systems biology approaches to 

diseases arise from a simple hypothesis that genes contributing to a common disorder have 

an increased tendency for their products to be linked at various levels of functionality, 

including protein-protein interaction, co-expression, co-regulation and share Gene 

Ontology terms [1]. Complex diseases have long been known to emerge from an impaired 

function of a single protein or a protein cluster that alter the general functionality. 

Statistically significant pathogenic overlap between the complex disorders results possibly 

from the variations in linked genes encoding proteins that are a part of a functional module. 

Hence, systems based approaches have found a wide range of applications for the 

identification of the putative proteins and the understanding of the underlying biological 

processes. The identification of disease-causing genes not only facilitates the 

understanding of the protein function that provides direct insight into the progression of the 

disease but also points out potential drug targets for further research. 

 

The modular approach developed in this study was used to investigate three 

prevalent diseases: cardiovascular disease, Type 2 diabetes and Alzheimer‘s disease. 

Cardiovascular disorders (CVD) consist of a group of heterogeneous disorders affecting 

vascular system, heart and brain and are among the main causes of death and disability 

worldwide. Type 2 diabetes is the most common form of diabetes, accounting for over 90 

per cent of the diabetes cases. It is characterized by a combination of impaired insulin 

secretion and action. Alzheimer‘s disease, which is one of the prevalent chronologic 

diseases in developed countries, is a neurodegenerative disorder characterized by a decline 

in cognitive abilities and memory loss due to deposits of the A peptide and protein tau 

tangles. In the last decades, significant efforts have been expanded to understand the 

contribution of genetic factors to the development of these diseases with the hope that 

discovering these genetic factors will provide fundamental insights for pathogenesis, 

diagnosis and treatment [2, 3]. Most of these studies revealed the importance of underlying 

biological pathways and shared genes among the disease under investigation. Thereby, 

systems biology based approaches have recently found wide applications for the 
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identification of the molecular mechanisms underlying complex disorders and their 

relationships with other complex disorders including cancer [4], asthma [5], aging [6, 7].  

 

Protein-protein interactions are essential for all biological processes. Although, large 

scale protein interaction maps have been generated for several model organisms, only a 

few interaction datasets are available for mammals. Human protein interactions have been 

used to identify potential disease causing proteins [8-10]. Functional linkage networks are 

also relevant from a systems biology point of view, the general organization principles can 

be conveyed using these networks. Protein-protein interactions from high throughput 

experiments are reported and deposited in publicly available databases. However, 

functional relatedness can be achieved at any level of interaction; including physical 

interaction as well as co-expression, co-regulation and phenotypic behavior. Functionally 

related genes usually act in the form of modules of highly interacting proteins encoded by 

these genes. These modules are considered as building blocks of biological systems and 

their interactions may shed light into the complex function of the whole system.  

 

The idea of community structure in networks has been applied in various research 

fields including social communities [11, 12], the internet [13] and ecosystems [14]. 

Modularization in yeast protein interaction networks received much attention for gene 

annotation, protein function prediction, identification of regulators and novel proteins in 

molecular pathways [15-17]. There are numerous algorithms proposed to identify dense 

subgraphs and functional modules [18-21]. The Bron-Kerbosch algorithm [22] is a 

rigorous clique partitioning algorithm that aims to enumerate maximal cliques within a 

network. The implementation is easy compared to some other clique enumeration 

algorithms [23]. The algorithm has been applied to various networks ranging from social 

networks to large scale proteomic networks to find overlapping cliques [24-27].  

 

In this study, an integrative modular network approach, where genes were organized 

into functional modules based on the topological characteristics of the constructed 

network, was developed to investigate three complex disorders, cardiovascular diseases, 

Type 2 diabetes and Alzheimer‘s disease for the identification of shared genes and 

statistically significant co-occurrence with other disorders. The proposed approach was 

initiated from the modular architecture of the cardiovascular disease related functional 
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linkage network. Initial results gathered through incorporation of this network with the 

semantic information available in biomedical literature indicated that the modular 

structures present in this network are potentially useful to delineate the association of the 

disease with other complex disorders. For a better understanding of the modular structure 

of the cardiovascular disease functional linkage network, the proteins in the functional 

modules were scored and evaluated in terms of shared pathways, co-localization, co-

expression and associations with similar diseases. The assembly of top scoring overlapping 

members in the functional modules revealed the fundamental biological processes present 

in the pathophysiology of the disease. Other complex diseases that have pronounced 

associations with the proteins included in this assembly were linked to each other through 

shared proteins. The significant associations of the complex diseases supported the strong 

coherence of cardiovascular diseases with a number of metabolic, neurological and 

muscoskeletal diseases and several cancers arising from epithelial cells.  This proposed 

methodology was also applied to other disease related functional linkage networks: Type 2 

diabetes and Alzheimer‘s disease. The results indicated the major biological processes 

involved in these diseases, as well as persuasive associations with other complex disorders. 

This study provides further evidence that systems based modular approaches are powerful 

tools to develop a comprehensive understanding for human diseases.  
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2. BACKGROUND INFORMATION 

 

 

2.1.  Cardiovascular Disease as a Model System 

 

Cardiovascular disorders (CVD) consist of a group of heterogeneous disorders 

affecting vascular system, heart and brain and are among the main causes of death and 

disability worldwide. Although environmental factors and lifestyle, such as smoking, diet 

and physical activity [28-30] play important roles in the prognosis of these disorders; age 

[31], sex [32] and underlying medical conditions, such as obesity, diabetes, hypertension 

and hypercholesterolemia are also considered to be important risk factors [33-36]. In recent 

years, there has been considerable effort to understand the contribution of genetic factors to 

the development of the disease with the hope that discovering these genetic factors will 

provide fundamental insight for pathogenesis, diagnosis and treatment of cardiovascular 

diseases [2, 3]. Most of these studies revealed the importance of several genes related to 

the homeostatic balance of coagulation-fibrinolysis, renin-angiotensin systems and lipid 

metabolism resulting in a detailed list of large number of genes that are significantly 

associated or non-associated with CVD. Association of CVD with other complex disorders 

such as Alzheimer‘s disease [37], obesity, diabetes [38] as well as cancer and inflammation 

[39] was also the subject of several recent reports. Computational biology approaches 

provide the fundamental insights and development of biomarkers for cardiovascular 

disease [40]. The lipoprotein metabolism, coagulation cascade, renin-angiotensin 

mechanism, oxidative stress and inflammatory processes are the fundamental cellular 

processes that are involved in the progression of the disease.  

 

2.1.1.  Lipoprotein Metabolism in CVD 

 

One of the prevalent forms of cardiovascular diseases is atherosclerosis, which is 

characterized by the accumulation of lipid particles and cells of the immune system in 

subendothelial regions, leading to narrowing of the artery and, following plaque rupture, to 

thrombosis. The initiation of the process involves the accumulation of low density 

lipoproteins (LDLs) which are modified by oxidation or enzymatic activity and form 

agglomerates, leading to an increase phagocytosis by macrophages. A key early step in its 
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development is the accumulation and subsequent oxidation of LDLs within the arterial 

intima. In vitro studies have shown that oxidized LDL (oxLDL) promotes leukocyte 

recruitment and activation, lipid accumulation and cell death. Unregulated uptake of 

atherogenic lipoproteins by macrophages resulted in the generation of foam cells (Figure 

2.1.a). The accumulation of foam cells leads to the formation of fatty streaks, which are 

widely considered to be the initial indication leading to the development of complex 

atherosclerotic lesions (Figure 2.1.b). Later, vascular smooth muscle cells contribute to this 

process by secreting large amounts of extracellular-matrix components, such as collagen. 

The presence of collagen increases the retention and aggregation of atherogenic 

lipoproteins. Monocytes and leukocytes are recruited that propagate chronic inflammation. 

As the plaque grows, while the size of the passage remains constant, the artery enlarges 

(Figure 2.1.c). Upon the death of foam cells, crystalline cholesterol is accumulated. In 

addition, smooth muscle cells form a fibrous cap covering the agglomerate preventing the 

plaque removal by blood. This process contributes to the formation of a necrotic core 

within the plaque and further promotes the recruitment of inflammatory cells (Figure 

2.1.d). When the thrombus is large enough, it may block the artery causing acute coronary 

syndrome or myocardial infarction [41]. The plaque formation in the artery involves many 

components of the immune system: macrophages that develop into foam cells, T-cells and 

cytokines that are secreted by cells within atherosclerotic plaques, including interleukins 

(IL1, IL2, IL6, IL8, IL10, IL12), tumor-necrosis factor (TNF), interferon-γ (IFNG) and 

platelet-derived growth factor (PDGF) [42].  

 

 

Figure 2.1. Development of atherosclerosis [41] 

 

Upon the discovery of the inhibitors of HMG-CoA reductase (3-hydroxy-3-

methylglutaryl coenzyme A reductase), also known as statins, there is a marked reduce in 
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the progression of atherosclerosis and the incidence of coronary and cerebrovascular 

events. Statins inhibit cholesterol biosynthesis and result in accelerated clearance of low 

density plasma lipoproteins (LDLs), which is the main lipid component of cholesterol. 

Statins received remarkable attention to understand the molecular mechanisms that 

regulate plasma LDL concentrations. It has long been known that the amount of functional 

LDL receptor present at the hepatocyte surface is one of the most important factors 

influencing plasma LDL concentration. However, LDL-receptor regulation is more 

complicated than anticipated. Genetic mutations that cause the rare disease autosomal 

recessive hypercholesterolemia result in disruption of LDL-receptor recycling and in a 

substantial reduction in the number of LDL receptor molecules at the hepatocyte surface, 

thus markedly increasing plasma cholesterol concentrations.  LDL plasma concentrations 

are also dependent on the hepatic production rates of very-low-density lipoproteins 

(VLDLs), the metabolic precursor of LDLs. Indeed, hepatic overproduction of VLDLs is a 

common finding in individuals with insulin resistance or Type 2 diabetes and is also the 

basis of familial combined hyperlipidaemia, a common genetic lipoprotein disorder. 

Upstream transcription factor 1 (USF1) has been genetically associated with familial 

combined hyperlipidaemia, although the molecular mechanisms underlying the effect of 

USF1 on VLDL production are unclear. Studies of humans with low LDL concentrations 

have also provided important insights into the regulation of VLDL and LDL production. 

Mutations in the gene encoding APOB, which is the key structural protein component of 

VLDLs and LDLs, can result in low LDL concentrations, at least in part by reducing 

VLDL production.  As is the case for LDLs, the main lipid component of high density 

lipoproteins (HDLs) is cholesterol. However, in contrast to LDL cholesterol, plasma 

concentrations of HDL cholesterol are inversely associated with atherosclerotic disease 

[41]. HDL-cholesterol levels are inversely correlated with the risk of coronary heart 

disease. A low level of HDL is the most common lipid abnormality observed in patients 

with coronary artery disease. Clinical trials demonstrated that there is a reduced incidence 

of coronary events in association with an increase in the plasma HDL levels [43]. The 

efflux of cholesterol from foam cells is mediated by HDL or its apolipoproteins and 

represents a crucial step in the prevention or reversal of atherosclerosis. Therefore the 

potential regulators of HDL have been extensively studied [44-47]. 
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Figure 2.2. Lipoprotein metabolism has a key role in atherogenesis 

 

Hence, the lipoprotein metabolism involves the transport of lipids, particularly 

cholesterol and triglycerides, in the blood. The intestine absorbs dietary fat and packages it 

into chylomicrons (large triglyceride-rich lipoproteins), which are transported to peripheral 

tissues through the blood. In muscle and adipose tissues, the enzyme lipoprotein lipase 

breaks down chylomicrons, and fatty acids enter these tissues. The chylomicron remnants 

are subsequently taken up by the liver. The liver loads lipids onto APOB and secretes 

VLDLs, which undergo lipolysis by lipoprotein lipase to form LDLs. By contrast, HDLs 

are generated by the intestine and the liver through the secretion of lipid-free APOA1. 

APOA1 then recruits cholesterol from these organs through the actions of the transporter 

ABCA1, forming nascent HDLs, and this protects APOA1 from being rapidly degraded in 

the kidneys. In the peripheral tissues, nascent HDLs promote the efflux of cholesterol from 

tissues, including from macrophages. HDLs can promote the activity of nitric-oxide 

synthase 3 (NOS3; also known as eNOS) and thereby increase the bioavailability of nitric 

oxide [29].  

 

2.1.2.  Coagulation Cascade 

 

Blood coagulation and platelet-mediated primary haemostasis have evolved as 

important defense mechanisms against bleeding. The coagulation system is triggered in 
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response to rupture of endothelium, which allows exposure of blood to the extravascular 

tissue. At sites of vascular injury, activation of blood coagulation results in the generation 

of high concentrations of thrombin that activate platelets and coagulate blood. 

Anticoagulant mechanisms ensure careful control of coagulation and, under normal 

conditions; they prevail over the procoagulant forces. The efficient coagulation system is 

controlled by several anticoagulant mechanisms, ensuring that the clotting process remains 

a local process. Depending on the factors affecting the initiation of the coagulation process, 

the cascade is mainly composed of two paths: extrinsic and intrinsic pathway.  

 

The initiation of the extrinsic pathway in the coagulation system is a result of 

exposure of tissue factor (TF) to blood and the subsequent binding and activation of factor 

VII (FVII). TF serves as a cofactor to the enzyme FVIIa, the TF-FVIIa complex efficiently 

activating factor IX (FIX) and factor X (FX). The subsequent reactions occur on the 

surface of negatively charged phospholipid membranes, exposed on activated platelets, 

where the blood coagulation proteins bind and assemble into enzymatically active 

complexes. Thus, FIXa binds to its cofactor FVIIIa forming the tenase (FIXa-FVIIIa) 

complex that activates additional FX, whereas FXa together with FVa form the 

prothrombinase (FXa-FVa) complex that efficiently converts prothrombin (PT) to 

thrombin. FVIIIa and FVa serve as important cofactors to the enzymes FIXa and FXa, 

respectively. Indeed, without the cofactors and the negatively charged phospholipid, the 

efficiency of the two enzymes FIXa and FXa is negligible, further ensuring that the 

enzymatic reactions remain localized. The generated thrombin positively feedback-

activates the coagulation system by converting circulating precursors FVIII and FV into 

their active forms. The whole system is designed to provide massive amplification of an 

initiating stimulus and if not appropriately controlled, it would rapidly convert circulating 

blood into a clot [48]. On the other hand, the intrinsic pathway is an alternative mechanism 

by which the coagulation system can be initiated. It involves factor XII, high-molecular-

weight kininogen, prekallikrein, and factor XI; it results in the activation of factor XI [49]. 

 

Control of blood coagulation is achieved by several anticoagulant mechanisms and at 

all levels of the system. Tissue factor pathway inhibitor (TFPI) regulates the very initiation 

of coagulation. It binds and inhibits newly formed FXa that is associated with the TF-

FVIIa complex. The activated coagulation enzymes can all be inhibited by the circulating 
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serine protease inhibitor (serpin) antithrombin (AT), in particular when the enzymes are 

not engaged with their respective cofactors. Another mechanism of control is achieved by 

regulation of the two cofactors FVIIIa and FVa by the protein C (PC) anticoagulant system 

[48]. 

 

 

Figure 2.3. Schematic representation of the coagulation cascade and protein C pathway 

 

After vascular injury or inflammation, tissue factor (TF) is expressed on the 

endothelial surface and initiates a series of proteolytic reactions that result in generation of 

thrombin and formation of a fibrin clot. Binding of thrombin to thrombomodulin (TM), 

accelerates activation of protein C, which is presented to the thrombin–TM complex by the 

endothelial cell protein C receptor (EPCR). Activated protein C (APC) proteolytically 

inactivates cofactors Va and VIIIa, thus preventing propagation of the cascade and 

inhibiting thrombin generation [50]. The figure also highlights the dual role of thrombin as 

both a procoagulant and anticoagulant factor [48]. 

 

The PC pathway has dual functions. Traditionally, it has been regarded as an 

important regulator of coagulation because it maintains the fluidity of the vasculature to 

prevent thrombosis. However, several anti-inflammatory and cytoprotective activities of 

the PC pathway are becoming recognized. The major components of the PC pathway 

include thrombomodulin (TM), the endothelial cell protein C receptor (EPCR) and PC. TM 
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is highly expressed on the surface of the microvasculature, whereas EPCR is more 

prominently found on endothelial cells of larger vessels. PC is produced in the liver and is 

readily detectable in the systemic circulation. The PC pathway was originally described as 

a major anti-coagulant system (Figure 2.4). As clot formation progresses, TM binds 

thrombin, thereby directly inhibiting its procoagulant potential while augmenting the 

conversion of PC to its active form at the same time. In fact, the thrombin–TM complex 

increases the rate of PC activation by more than a 1000-fold. This process is facilitated by 

localization of PC on the endothelial cell surface by binding to EPCR, which enhances 

activation of PC 20-fold in vivo. Activated PC (APC) then exerts its anti-coagulant 

function by binding protein S and inactivating factors Va and VIIIa, thus inhibiting further 

thrombin generation [50]. 

 

 

Figure 2.4. Overview of the protein C (PC) pathway [50] 

 

Besides its role as a critical regulator of coagulation activity, the PC pathway is 

emerging as an important mediator of inflammation. These anti-inflammatory effects occur 

independently of the pathway‘s anti-coagulant function and appear to result from 

modification of the response of the endothelium and immune cells to an inflammatory 

stimulus. Genetic manipulation of individual components of the PC pathway has 

underscored the vital role of this system in controlling inflammation. Each component of 

the pathway, individually or together, possesses significant anti-inflammatory properties 

[50].  
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2.1.3.  Renin-Angiotensin Mechanism 

 

The circulating renin-angiotensin system (RAS) consists of angiotensinogen (AGT) 

synthesized in the liver and cleaved by renin, an aspartyl protease secreted from 

juxtaglomerular cells in the afferent arterioles of the kidney. Angiotensin I (ANGI), the 

decapeptide product of the reaction, is further converted by ACE to angiotensin II 

(ANGII), the active octapeptide. ANGII exerts its physiological effects in humans by 

binding to two distinct receptors, AGTR1 and AGTR2. AGTR1 mediates the classical 

vasoconstrictor action of ANGII, whereas AGTR2 has opposing effects. Renin is the first 

and limiting step of this catalytic cascade. In addition, ANGII inhibits renin secretion 

through a negative feedback mechanism [51]. 

 

As the renin–angiotensin system plays such a large role in the development of 

hypertension and, subsequently, atherosclerosis, studies have examined whether blocking 

this system can prevent the onset of endothelial changes. In the tissue renin-angiotensin 

system, ANGII causes the degradation of bradykinin, which stimulates nitric oxide 

production and prostaglandin release. ACE, which is identical to kininase II, also causes 

bradykinin degradation. Thus, ACE inhibition‘s benefits appear to be due to the resulting 

bradykinin accumulation. There is abundant information suggesting a role for ACE-

inhibitor therapy in reducing myocardial hypertrophy, vascular hypertrophy, 

atherosclerosis progression, plaque rupture, and thrombosis after plaque rupture [52, 53]. 

 

2.1.4.  Oxidative Stress in CVD 

 

Oxidants, including reactive oxygen species (ROS), are constantly produced in cells 

through normal metabolic processes. Oxidative or oxidant stress occurs when the balance 

of oxidants within the cell exceeds the levels of antioxidants present. An increased level of 

ROS can lead to damage of macromolecules within the cell; and it is this damage to lipids, 

proteins, and DNA that can give rise to pathological consequences. There is considerable 

overlap not only in the pathology but also in the etiology and underlying molecular 

mechanisms of oxidant stress-dependent diseases [54].  
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2.1.5.  Inflammation Pathophysiology in CVD 

 

Cytokines are key regulatory glycoproteins that function in inflammatory / 

immunological processes which modulate all aspects of vascular inflammation by altering 

the proliferation, differentiation and function of an extensive array of cell types. Cytokines 

target specific receptors to function. 200 cytokines are characterized until recently, but the 

due to their complex biological function, it is hard to generate a classification. Structurally, 

cytokines were categorized into nine families as given in Table 2.1.   

 

Table 2.1. Cytokine classification and implications in atherosclerosis [55] 

Cytokines Family Implication in atherosclerosis 

IL-1, IL-1, IL-1ra, IL-18 IL-1 family Pro-atherogenic except IL-1ra 

IL-2, IL-4, GM-CSF IL-2 family 

Pro-atherogenic. IL-4 levels 

elevated in aortic aneurysms but 

precise categorization of IL-4v and 

GM-CSF as atherogenic or 

protective is not possible 

IL-6, IL-12 IL-6 family Pro-atherogenic 

CXCL1-16, CXCL-28, 

CXCL1/fractalkine, IL-8, MCP-1 
Chemokines Pro-atherogenic 

IL-10 IL-10 family Protective 

IL-17 IL-17 family Pro-atherogenic 

IFN- Interferon family Pro-atherogenic 

TGF- TGF- Protective 

TNF-, TNF-, LT- Tumor necrosis factor family Pro-atherogenic 

 

The involvement of cytokines in the development of cytokines is at the initiation of 

atherosclerosis: endothelial injury or dysfunction. Endothelial cells play a pivotal role in 

atherogenesis. They modify LDL, directing macrophage uptake via the scavenger receptors 

(SRs). Endothelial cells express Toll-like receptors (TLRs), which comprise a family of 

pattern recognition receptors, also associated with macrophages. Endothelial cell TLR 

ligation induces NF-kB activation with consequent gene expression of leukocyte adhesion 

molecules (LAMs), IL1, and other inflammatory mediators. Endothelial cells also express 

SRs, such as CD36, which can engulf modified lipoproteins. Thus, through innate 

immunoreactive receptor engagement, augmentation of EC antigen-presenting function 

occurs. Although less efficient antigen presenters than macrophages, ECs can present 

foreign antigens to specific T-cells, thereby providing an early link between innate and 

adaptive immunity [56].  
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2.1.6.  Apoptosis Pathway 

 

Apoptosis is a highly regulated programmed cell death and initiated through the 

activation of death receptor pathway via a complex signal transduction mechanism starting 

from plasma membrane resulting in the activation of caspase cascade. The well known 

death receptor pathway members, such as FAS, and TNFR1 have been implicated to 

contribute to cardiovascular disease. The ligand for TNFR1 is TNF was reported to exhibit 

elevated levels with congestive heart failure patients. In addition to TNFR1, FAS and 

FASL have been reported to induce apoptosis in cardiac myocytes. There is evidence 

suggesting that Fas pathway contributes to cell death in the later stages of infarction [57]. 

Moreover, Monocyte chemoattractant protein-1 (MCP1) was reported to play an important 

role in initiating coronary heart disease by recruiting macrophages and monocytes to the 

arterial wall [58].  

 

Recently, the involvement of apoptosis in cardiovascular disease has been reviewed 

[57]. It has been reported that macrophages and smooth muscle cells undergo apoptosis in 

unstable atherosclerotic plaques which can lead to rupture of the plaque and thrombosis 

[59]. There is also accumulating evidence that apoptosis plays an important role in both 

acute and chronic loss of cardiac myocytes after a myocardial infarction [60]. 

 

2.2.  Type 2 Diabetes as a Model System 

 

Diabetes is a heterogeneous group of metabolic disorders, which is characterized by 

glucose intolerance and the development of these disorders can be due to both 

environmental and genetic contributions. Single gene forms of diabetes are relatively rare 

and account for approximately five per cent of diagnosed cases with maturity-onset 

diabetes of the young (MODY) the most common. This group of disorders is of pancreatic 

β-cell origin and is caused by mutations in a variety of genes. In the early 1990s, the first 

MODY gene was identified as that encoding the glycolytic enzyme glucokinase. The 

majority of diabetic disorders are multifactorial. Type 1 diabetes (T1D), or insulin-

dependent diabetes mellitus (IDDM), is caused by auto-immune destruction of the β-cells 

of the pancreas, rendering the pancreas unable to synthesize and secrete insulin T1D 
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accounts for between five per cent and 10 per cent of all cases of diabetes with the major 

susceptibility gene mapping to the HLA region of chromosome 6.   

 

Type 2 diabetes (T2D), or non-insulin dependent diabetes mellitus (NIDDM), is the 

most common form of the disease world-wide, accounting for over 90 per cent of diabetes 

cases, and it has been projected that by 2025, the prevalence of this form of the disease will 

affect 366 million people world-wide [61]. Type 2 diabetes is characterized by a 

combination of impaired insulin secretion and insulin action, both of which precede and 

predict the onset of disease. Although environmental factors, such as dietary habits and 

sedentary life [62], play important roles in the progress of the disease, it is now well-

known phenomenon that the disease susceptibility is influenced by genetic factors. Despite 

strenuous efforts over the last two decades had been embarked on the identification of 

genetic variants that contribute to individual differences in predisposition of T2D, 

susceptibility genes are mostly identified through genome-wide analysis [63].  

 

2.2.1.  Insulin Signaling Pathway 

 

Insulin resistance, a reduced ability of a tissue to respond to insulin, is an important 

component resulting in the development of Type 2 diabetes and the metabolic syndrome, 

and can occur with obesity, inflammation and increasing age. Insulin is the most potent 

anabolic hormone known, and promotes the synthesis and storage of carbohydrates, lipids 

and proteins, while inhibiting their degradation and release into the circulation. Insulin 

stimulates the uptake of glucose, amino acids and fatty acids into cells, and increases the 

expression or activity of enzymes that catalyze glycogen, lipid and protein synthesis, while 

inhibiting the activity or expression of those that catalyze degradation (Figure 2.5) [64] .  

 

Insulin signaling is one of the central signaling cascades (Figure 2.6). The insulin receptor 

is a tyrosine kinase that can autophosphorylate, and promotes the phosphorylation of the 

other cellular proteins. Upon phosphorylation, these proteins interact with other signaling 

molecules, resulting in allocation through diverse signaling pathways, such as PI(3)K, RAS 

and MAPK cascade. These pathways coordinate the regulation of vesicle trafficking, 

protein synthesis, enzyme activation  / inactivation, and gene expression, which results in 

the regulation of glucose, lipid and protein metabolism [64, 65]. The growing body of 
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evidence that supports a role for specific members of the suppressor of cytokine signaling 

(SOCS) family of proteins in the development of leptin and insulin resistance through their 

ability to inhibit leptin and insulin signaling pathways [65] and target IRS1 and IRS2 for 

proteosomal degradation [66].  

 

 

Figure 2.5. The regulation of metabolism by insulin [64] 

 

.  

Figure 2.6. Signal transduction in insulin action [64] 
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2.2.2.  Leptin Signaling Pathway 

 

Leptin activates cytokine-like signal transduction by stimulation of the JAK–STAT 

pathway via its receptor (LRb) (Figure 2.7) [67]. 

 

 

Figure 2.7. Leptin receptor signaling [65] 

 

Similar to other cytokine receptors, the leptin receptor lacks intrinsic tyrosine kinase 

catalytic activity and in close contact with JAK2 and STAT3. This pathway appears to be 

crucial in the action of leptin on energy expenditure. STAT3 activation also results in the 

transcription of the signaling inhibitor SOCS3. Other leptin receptor signals arise from the 

JAK2 phosphorylation sites themselves. Leptin receptor signaling also results in the 

activation of the IRS-phosphorylation–PI3-kinase pathway, probably through 

phosphorylation sites on JAK2. Current evidence suggests that the effects of leptin on 

reproduction, growth, and perhaps glucose homeostasis and immune function might be 

independent of the STAT3 pathway. SOCS3 was proposed as a potential mediator of leptin 

resistance [68], which attenuates leptin receptor signaling [65]. IL6 also directly influences 

human adipocyte metabolism by decreasing the activity of lipoprotein lipase (LPL), an 

enzyme that regulates uptake of circulating triglycerides into adipocytes. The investigation 

of influence of IL6 on leptin production in adipocytes concluded that IL6 can modulate 

leptin production and lipid metabolism in human adipose tissue [69].  
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2.2.3.  Lipoprotein Metabolism in T2D 

 

The alteration in the lipoprotein profiles in T2D is due to an elevation of very low 

density lipoprotein accompanied by a decrease in the high density lipoprotein. The other 

main source of circulating triglycerides is the chylomicrons, which carry dietary 

triglycerides. Triglycerides within VLDL and chylomicrons undergo lipolysis. The 

resultant lipoproteins, which are low-density lipoproteins (LDL) and chylomicron 

remnants, are removed from the circulation primarily via receptors in the liver [70]. In 

diabetic mouse models, the lipoprotein metabolism is regulated by angiopoietin-like 

protein 3 (ANGPTL3), by inhibiting lipolysis of triglyceride-rich lipoproteins. ANGPTL3 

may induce an endogenous inhibitor of lipolysis, such as the apolipoproteins CI and CIII or 

APOE. Another possible mechanism is the action of the ANGPTL3 itself is a lipolysis 

inhibitor, either by attaching to the lipoprotein and preventing its lipolysis or by directly 

inhibiting the rate-limiting enzyme for the lipolysis of triglyceride rich proteins, LPL [71]. 

 

 

Figure 2.8. Representation of major steps in the metabolism of triglyceride-rich 

lipoproteins (a) metabolism (b) lipolysis [70] 
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Metabolism of triglyceride-rich lipoproteins is initiated with the uptake of dietary fat. 

The two classes of lipoproteins whose major lipid is triglyceride are chylomicrons and 

VLDL. These particles are initially secreted into the lymphatics. Once in the bloodstream, 

much of the triglyceride is hydrolyzed and the smaller particles are removed from the 

bloodstream by LDLr and LRP. APOE serves as a ligand for these receptors. VLDL 

contains triglycerides assembled in the liver. Some of these fatty acids are derived from 

adipose tissue when hormone-sensitive lipase is activated. VLDL triglyceride is also 

lipolyzed within the bloodstream and the remaining lipid, primarily cholesterol and 

cholesteryl ester, circulates as LDL. APOB100, the major structural protein of LDL, 

contains a LDL receptor-binding region; this region is not contained in APOB48, the 

truncated form of APOB found in chylomicrons. APOCI and APOCIII are smaller proteins 

that modulate lipolysis and interaction of triglyceride-rich lipoproteins with receptors. 

  

2.2.4.  -Cells 

 

According to the studies in the last decade, it is now a well known phenomenon that 

obesity is one of the major risk factors for the development of Type 2 diabetes [72] and is 

presented to increase the risk for Type 2 diabetes through the mechanism of associated 

insulin resistance [73]. A substantial increase in the -cell mass was observed in 

nondiabetic obese patients. Regulation of the -cell mass appears to involve in the -cell 

replication and apoptosis, therefore alterations in these pathways -cell formation or 

increase rates of -cell death could lead to a decrease in the -cell mass. However, the 

studies performed on -cell mass in Type 2 diabetes indicated that -cell mass is decreased 

in both obese and lean humans with Type 2 diabetes compared with their non-diabetic age- 

and weight-matched counterparts [74].  

 

Many studies have suggested that -cell dysfunction results from prolonged exposure 

to high glucose, elevated free fatty acid levels, or a combination of both. Cells are 

particularly sensitive to ROS because they are low in free-radical quenching (antioxidant) 

enzymes. The key role of increased glucose metabolism in producing impaired -cell 

function through oxidative stress has recently been confirmed. Intracellular ROS increased 
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15 minutes after exposure to high glucose, and this effect was blunted by inhibitors of the 

mitochondrial function [75].  

 

2.2.5.  Oxidative Stress in T2D 

 

Oxidative stress refers to a persistent imbalance between excessive production of 

ROS(reactive oxygen species) and/or RNS (reactive nitrogen species) and limited 

antioxidant defences  [76]. The occurrence of Type 2 diabetes is associated with an 

elevated level of oxidative stress, which results from hyperglycaemia through 

glycoxidation and sorbitol system activation and from limitation of the hexose 

monophosphate shunt, leading to a decrease in glutathione synthesis. The accumulation of 

the products of the oxidative stress, especially reactive oxygen species (ROS), can cause 

the damage to biological macromolecules: proteins, lipids and DNA. Diminished activity 

of glutathione peroxidase, catalase and superoxide dismutase and decreased antioxidant 

activity was observed in diabetic patients, which contribute to their vulnerability to 

oxidative stress-related diseases, including atherosclerosis [77].  

 

The most important tissues involved in the pathogenesis of insulin resistance are 

muscle and adipose tissue. When caloric intake exceeds the energy expenditure, the 

substrate-induced increase in citric acid cycle activity generates an excess of mitochondrial 

NADH (mNADH) and ROS. To protect themselves against harmful effects of ROS, cells 

may reduce the formation of ROS and/or enhance ROS removal. Prevention of ROS 

formation is accomplished by preventing the build-up of mNADH by inhibiting insulin 

stimulated nutrient uptake and preventing the entrance of energetic substrates (pyruvate, 

fatty acids) into the mitochondria [75].  

 

2.2.6.  DNA Repair Pathway 

 

There is growing evidence that diabetes can be also associated with cancer. This 

association can involve cancer appearance and/or its progression. The involvement of 

DNA repair pathway in T2D was compared in a cohort study. T2D was suggested to be 

associated not only with the elevated level of oxidative DNA damage but also with the 

increased susceptibility to mutagens and the decreased efficacy of DNA repair. These 



20 

 

findings implicated that the cellular responses to DNA damage in diabetes in diabetes 

contribute to its association with cancer [77]. 

 

There is strong evidence that insulin regulates the synthesis of the DNA repair 

enzyme XPD, playing a pivotal role in nucleotide excision repair. A long exposure to 

glucose at a high concentration may result in downregulation of the insulin-dependent 

increase in XPD mRNA levels and increasing the extent of DNA damage [78]. Results of 

these studies also implicate that the degree of insulin resistance should be taken into 

account when discussing DNA damage and repair in diabetes. Increased susceptibility to 

mutagens and impaired DNA repair can contribute to the genomic instability in diabetes 

patients and, in consequence, to cancer [77].  

 

2.3.  Alzheimer’s Disease as a Model System 

 

Alzheimer‘s disease (AD) is a disorder of the brain region that controls the human 

central nervous system and the cerebral cortex, which is characterized by a memory 

deterioration, progressive cognitive deterioration, emergence of neuropsychiatric 

symptoms and behavioral disturbances, impairment of activities of daily living, and loss of 

independent function [79, 80]. A precursor protein (APP), presenilin 1 and 2 (PSEN1, 

PSEN2), and apolipoprotein E (APOE) have been implicated in the pathogenesis of AD 

[81]. The hallmarks of AD are tangles (abnormal paired helical filaments of the protein tau, 

which normally binds to microtubules) and plaques (extracellular deposits composed 

primarily of β-amyloid protein (Aβ)) within the brain [82]. 

  

Amyloid precursor protein, encoded by APP, is an integral membrane protein with a 

single membrane-spanning domain, a large extracellular N terminus and a shorter 

cytoplasmic C terminus. The normal functions of APP in the body are only partly 

understood. Amyloid peptide, is a 40–42 amino acid peptide; the 42 amino acid form is the 

most toxic and prone to aggregation, and is the primary component of diffuse or neuritic 

plaques [83]. Processing of APP occurs by two major protease pathways. Cleavage of APP 

at the N-terminus of the A region by -secretase, and at the C-terminus by -secretase, 

represents the amyloidogenic pathway for processing of APP to form A [84].  While Aβ 

production seems to be a fairly straightforward process involving two proteases (β- and γ-
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secretases), APP processing in fact is a quite intricate and complex mechanism constituting 

multiple sites of feedback regulation [85]. 

 

The mutations in the genes presenilin 1 (PSEN1) and presenilin 2 (PSEN2) have 

been associated with AD patients [86]. The proteins encoded by PSEN1 and PSEN2 are 

located in intracellular membranes such as nuclear envelop, the endoplasmic reticulum and 

Golgi apparatus. They are primarily expressed in neurons and are ubiquitously expressed 

within the brain. Presenilin proteins have also been proposed to function in the control of 

apoptosis. PSEN1 is required for proper formation of the axial skeleton and is involved in 

normal neurogenesis and survival of progenitor cells and neurons in specific brain regions. 

PSEN1 is also involved in -secretase activity and binding of PSEN proteins to APP may 

play an important role in inducing intercellular signaling. Two conserved transmembrane 

aspartate residues in PSEN1 are critical for A production, suggesting that PSEN1 either 

functions as an essential cofactor for g-secretase, or is itself g-secretase [87]. Like PSEN1, 

PSEN2 contains two transmembrane apparatus critical for g-secretase activity. 

Furthermore, gene deletion of PSEN1 shows that it required for normal proteolytic 

cleavage of  amyloid precursor protein to generate A [88].  The exact mechanism of 

cleavage of APP at the residues 40-42 as well as how it is affected by inherited mutations 

in presenilins remains elusive [89], however, some of the presenilin-interacting proteins 

can be subdivided into functional groups, including those involved in the γ-secretase 

protein complex, Wnt signalling, cell–cell adhesion, vesicular transport, apoptosis and 

calcium signaling [90]. 

 

APOE, the major apolipoprotein of the central nervous system, has a central role in 

cholesterol transport. In the brain, APOE is mostly produced by astrocytes, and some binds 

to specific neuronal receptors for cholesterol uptake and has been thought to have a role in 

repair of nerve cells in response to damage. APOE has been implicated to have a specific 

impact on hippocampus degeneration, particularly by oxidative metabolism. Besides its 

role in lipid integrity and synaptic plasticity, APOE could also directly or indirectly 

interfere the status of some antioxidants in the brain [91]. APOE exists in three allelic 

variants, namely E2, E3 and E4, with a frequency of eight per cent, 77 per cent and 15 per 

cent, respectively. Biochemical tests have confirmed a direct interaction of APOE with A 
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and with APP [91]. Isoform 4 (APOE4) is significantly associated with sporadic AD, 

whereas isoform 2 might protect against AD [83]. 

 

The neural microtubule (MT)-associated protein (MAP) tau is essential for the proper 

development and maintenance of the nervous system [92]. The major biological function 

of tau is to promote microtubule assembly and maintain the stability of the previously 

formed microtubules, which are essential for the axonal transport of the neurons. 

Additionally, the interaction of tau with diverse structural and functional proteins suggests 

that tau may play crucial roles not only in normal architecture but also in signal 

transduction of the neurons [93]. The abnormal hyperphosphorylation of tau in AD brain 

and resulting formation of paired helical filaments, which forms neurofibrillary tangles, is 

a hallmark lesion of this disease. Tau pathology, which is seen only as accumulation of 

abnormally hyperphosphorylated protein, is also seen in several other human 

neurodegenerative disorders [94]. However, tau increasingly seems obligatory to the 

processes leading to neurodegeneration in the tauopathies and lack, or a reduced amount, 

of tau is associated with neuroprotection and resistance to A toxicity [95, 96]. 

Conversely, elevated tau expression enhances susceptibility to toxic stimuli and/or 

neurodegeneration and also results in increased production of neurotoxic amyloidogenic 

peptides [97]. It has been anticipated that tau phosphorylation is a pre-requisite for its 

aggregation, although this has yet to be proven. An alternative possibility is that tau 

aggregates before becoming phosphorylated, leaving it in a conformationally altered state 

that could protect the deposited tau from the action of protein phosphatases [98].  

 

Initial studies on the disease focused on two major hypotheses to explain the 

molecular mechanism of disease: the cholinergic hypothesis and the amyloid cascade 

hypothesis. The former postulates a dysfunctional cholinergic system, which is the 

neurotransmission of acetylcholine, is sufficient to explain the memory loss in Alzheimer‘s 

dementia in parallel with the animal models. Indeed, reduced number of cholinergic 

markers, choline acetyltransferase and acetyl cholinesterase has been reported in the 

cerebral cortex of AD brain and degeneration of cholinergic neurons were observed in AD 

patients [99, 100]. Although cholinergic deficits cannot fully explain the overall 

neuropathological events observed in AD, it represents an important section for AD 

progression. The latter, amyloid hypothesis, states that the neurodegenerative process 
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observed in AD brains is initiated with the accumulation of proteinacious amyloid 

deposits. The presence of these amyloid plaque deposits is the essential observation 

underpinning the amyloid hypothesis [101]. The primary component of amyloid plaque is 

aggregated A-peptide derived from the enzymatic processing of the Alzheimer precursor 

protein (APP) [81, 91]. Along with the amyloid cascade, other pathophysiological 

processes, including oxidative stress, inflammation, insulin signaling and cholesterol 

mechanism, received remarkable attention to generate a comprehensive understanding of 

the disease.  

 

2.3.1.  Amyloid Cascade 

 

The amyloid cascade centralizes Aβ as the trigger of the pathological changes 

observed in the brains of AD patients, such as synapse loss, activation of inflammatory 

processes, the induction of neurofibrillary changes leading to the formation of helical 

filaments and, ultimately, neuronal death [102]. Accumulation of the hydrophobic Aβ40 

and Aβ42 peptides results in aggregation and formation of insoluble plaques, which trigger 

a cascade of deleterious changes, resulting in neuronal death and thus causing AD [103]. 

 

 

Figure 2.9. Illustration of the amyloid cascade hypothesis [102] 
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After processing of APP by β- and γ-secretase, Aβ is secreted (Figure 2.9.a) and 

aggregates into fibrils that deposit in senile plaques (Figure 2.9.b). Fibrils and plaques can 

induce neurotoxicity directly or indirectly, e.g. by the formation of neurofibrillary tangles 

(Figure 2.9.c-d). A possible treatment concept is immunization with Aβ, which can induce 

an Fc receptor mediated clearance process by phagocytic microglia cells (Figure 2.9.e) 

[102].  

 

2.3.2.  Oxidative Stress in AD 

 

Oxidative stress is produced by free radicals, i.e. reactive oxygen species (ROS) that 

are generated by oxygen- and nitrogen-based molecules that have unpaired electrons. 

Because of unpaired electrons, free radicals are very unstable and highly reactive. To 

overcome unpaired state, the free radicals coupled with the electrons from other molecules. 

After losing the electrons, the donor molecules become unstable and are converted into 

free radicals themselves [84]. The free radicals produced in the body are toxic, and if not 

removed or neutralized, they react with lipids, proteins, and nucleic acids and damage 

cellular functions. Generally, oxidative damage to the cellular components results in 

alteration of the membrane properties such as fluidity, ion transport, enzyme activities, and 

protein cross-linking. Excessive oxidative damage eventually results in cell death. 

Experimental studies using animal models and human brain suggest that oxidative stress 

plays an important role in neuronal degeneration in AD. Soluble A contributes to 

increased oxidative stress in AD, leading to increased lipid peroxidation, which has been 

implicated as an important factor in AD [84]. Other effects of A-mediated oxidative stress 

are attenuation of functional hyperemia, learning and memory deficits in mice, increased 

levels of heme oxygenase-1 and heat shock protein 72 [104-106]. Additionally, in the 

presence of copper ions, A reduces Cu
2+

 to Cu
+
 and catalyses the formation of H2O2 that 

produces highly toxic hydroxyl radicals [107]. 

 

2.3.3.  Complement Cascade 

 

The complement cascade is a pathway that is largely involved in the recruitment and 

chemotaxis of inflammatory cells and direct induction of cell death [108]. Complement 

cascade is a sophisticated attack system, designed to provide protection against invaders 
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and to assist in the phagocytosis of waste materials [82]. This cascade is mediated by 

several soluble complement factors that are synthesized by the liver and circulate in the 

blood. These main complement factors are C1 through C9, whereas several additional 

factors also exist, including B and D. The complement cascade consists of three distinct 

pathways that are distinguished by their trigger mechanisms, known as the alternative 

pathway, the classical pathway and the mannose-binding lectin (MBL) pathway. These 

pathways converge with the final formation of the membrane attack complex (MAC) 

[108]. A key finding regarding the mechanism of complement activation suggested that Aβ 

is a strong complement activator. Hence, the plaques found in AD have a unique activator 

of complement [109].  

 

2.3.4.  Inflammation Pathophysiology in AD 

 

There is increasing evidence that the accumulation of -amyloid may not be 

sufficient to induce the cognitive findings of AD and that the immune system may play a 

critical role in the clinical symptoms. It has been speculated that the inflammatory response 

associated with the presence of neuritic plaques could be involved in neuronal damage and 

with the progression of the disease. Activated microglia and reactive astrocytes 

surrounding extracellular deposits of amyloid β-protein initiate an inflammatory response 

characterized by a local cytokine-mediated acute phase response, activation of the 

complement cascade and subsequent further cell damage [110]. This idea is supported by 

the findings that elevated levels of both pro- and anti-inflammatory cytokines, such as 

interleukins IL1A, IL6, tumor necrosis factor TNF, and C-reactive proteins in plasma 

and/or cerebrospinal fluid of patients with AD [111, 112]. Together with the complement 

activation in the AD brain, increased numbers of brain T-cells were detected implying the 

presence of inflammation [113]. Recent studies showed that Toll-like receptors (TLRs), 

having central roles in innate immune system, have also been linked to the pathogenesis of 

AD [114, 115]. Notably, the immune system consists of two networks, the innate and the 

adaptive. Initiation of the innate network response occurs through the recognition of 

―pathogen-associated molecular patterns‖ that are produced by microorganisms. In general, 

recognition relies on interaction with TLRs and inflammation on downstream signaling to 

activate the transcriptional factor nuclear factor-kB that leads to increased transcription of 

proinflammatory genes [113]. 
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2.4.  Network Biology 

 

The analysis of networks received considerable attention in last decade following the 

introduction of scale-free network model [116]. Many real networks, including www [13], 

scientific collaborations [117, 118], social networks [12] have been shown to exhibit scale 

free property, where the connectivity distribution is far from random. Networks of 

biological systems, such as metabolic interaction [119] and protein interaction networks 

[120], also share this property.  

 

2.4.1.  The Essence of Biological Networks 

 

Interaction data collected through individual studies and large-scale analyses can be 

incorporated in network representation. To date, according to the definition of the 

interaction type, a variety of biological networks were constructed whose topological 

structures contain significant biological properties, hence eligible to deliver insights about 

the cellular processes. The networks based on the data retrieved from high-throughput 

experiments have been studies in detail including (i) protein-protein interaction networks 

composed of direct physical links among proteins, (ii) co-expression networks based on the 

similar expression profiles of proteins under comparable states or mutants, protein (iii) 

transcriptional networks that contain regulatory elements of a cellular mechanism, (iv) 

phosphorylation networks combination of active/inactive forms of proteins, (v) metabolic 

networks, and (vi) genetic networks.   

 

Among those, protein-protein interaction networks represent the most diverse and 

largest datasets available. Initial studies incorporate the results obtained from yeast-2-

hybrid screens, where the individual interactions are delivered from yeast using a 

transcriptional readout. Large scale two-hybrid screens were available for various 

organisms, including Saccharomyces cerevisiae, Drosophila, Caenorhabditis elegans and 

humans. To date, methods have been developed to predict direct protein interactions, 

resulting in an enourmous amount of data. The high throughput methods developed to infer 

protein interactions are presented in Table 2.2. 

 

 



27 

 

Table 2.2. High-throughput methods for detecting protein interactions [121] 

Yeast-2-hybrid assay 

Pairs of proteins to be tested for interaction are 

expressed as fusion proteins (‗hybrids‘) in yeast: one 

protein is fused to a DNA-binding domain, the other 

to a transcriptional activator domain. Any interaction 

between them is detected by the  formation of a 

functional transcription factor 

Mass spectrometry of purified complexes 

Individual proteins are tagged and used as ‗hooks‘ to 

biochemically purify whole protein complexes. These 

are then separated and their components identified by 

mass spectrometry. Two protocols 

exist: tandem affinity purification (TAP)10,43, and 

high-throughput mass-spectrometric protein complex 

identification (HMSPCI) 

Correlated mRNA expression (synexpression) 

mRNA levels are systematically measured under a 

variety of different cellular conditions, and genes are 

grouped if they show a similar transcriptional 

response to these conditions. These groups are 

enriched in genes encoding physically interacting 

proteins 

Genetic interactions (synthetic lethality) 

Two nonessential genes that cause lethality when 

mutated at the same time form a synthetic lethal 

interaction. Such genes are often functionally 

associated and their encoded proteins may also 

interact physically. This type of genetic interaction is 

currently being studied in an all-versus-all approach 

in yeast 

In silico predictions through genome analysis 

Whole genomes can be screened for three types of 

interaction evidence: (1) in prokaryotic genomes, 

interacting proteins are often encoded by conserved 

operons; (2) interacting proteins have a similar 

‗phylogenetic profile‘; and (3) seemingly unrelated 

proteins are sometimes found fused into one 

polypeptide chain. This is an indication for a physical 

interaction. 

 

Yeast-2-hybrid screens are performed in vivo; offers the detection of transient and 

unstable interactions; and it is independent of endogenous protein expression; and it has 

fine resolution, enabling interaction mapping within proteins. However, at each test, only 

two proteins are tested; since it takes place in the nucleus, so many proteins are not in their 

native compartment; and it also predicts possible interactions, but is unrelated to the 

physiological setting.  Mass spectrometry of purified complexes takes its power from 

tagging simultaneously several members of a complex and detection of real complexes in 

physiological settings. However, it might miss some complexes that are not present under 

the given conditions; as well as tagging may disturb complex formation; and loosely 

associated components may be washed off during purification. Correlated mRNA 

expression is also an in vivo technique, and it has much broader coverage of cellular 

conditions than other methods. Despite its power on discriminating cell states or disease 
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outcomes, it is relatively an inaccurate predictor of direct physical interaction; and it is 

very sensitive to parameter choices and clustering methods during analysis. Genetic 

interactions technique is another indirect in vivo technique; and it is applicable to unbiased 

genome-wide screens. In silico protein interaction prediction techniques are fast and 

inexpensive and depending on the genomes screened, its coverage expands. However, a 

structured orthology is required to be defined between proteins [121]. 

 

2.4.2.  Global Topological Properties 

 

Network, often called as graphs in mathematics, is a representation for connections 

among interacting entities. The members of the organizations are called as nodes (N), 

where the links connecting the nodes are called as edges (l). The network theory was first 

introduced as a simple mathematical model by Erdos and Renyi, where the complex 

systems are considered to be connected randomly [122].  

 

The basic metrics used to characterize the structure of a large network is its ‗degree 

distribution‘, P(i), which is the probability that a randomly chosen node will ‗have degree 

i‘, that is be linked to i other nodes. For the Erdos– Renyi network, the degree distribution 

is given exactly by the binomial distribution or, in the limit of large n, by the Poisson 

distribution: P(i)= m
i
e

-m
/i!, where m is the average number of links. 

 

However, as introduced first by Milgram‘s play ―Six Degrees of Separation‖, Watts 

and Strogatz develops the idea of small world networks [123], and further advances in the 

network theory showed that the entities in the real networks have preferential connections 

[116]. The application of this hypothesis to various fields of research resulted in a network 

model, where the probability of finding k links is represented by Power law:  

 

 kkP α)(  (2.1) 

 

where 2    3. The network model following Power law was called as scale-free.  

 

The general measures that are used to characterize a network include diameter, 

degree, clustering coefficient and betweenness. The diameter, d, of a network is calculated 
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by first finding the shortest path (smallest number of links) between each pair of nodes; d 

is then the maximum of all shortest paths. 

 

Degree (k) is the number of the interactions that one node has [124]. Karimpour-Fard 

et. al. showed that the connectivity of proteins is a strong indicator for essentiality in E. 

coli co-conserved protein interaction network, and is a useful tool for protein function 

prediction, hence can be used to infer function for uncharacterized proteins [16]. The 

average degree <k> for a network of N nodes and l edges is defined as: 

 

 
N

l
k

2
  (2.2) 

 

The clustering coefficient (Ci) indicates the degree to which k neighbors of a 

particular node are connected to each other. This measure provides information on how the 

neighbors are interconnected [124]. The clustering coefficient Ci is:  
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where ki is the number of neighbors connected to a particular node i and li is the number of 

existing linkages between neighbors.   

 

Girvan and Newman first proposed the concept of edge betweenness in the context of 

network communities. The idea is that inter-community edges are more likely to be on 

some shortest paths than intra-community edges. By computing the all-against-all shortest 

paths of a graph and calculating the number of times each edge is traveled, one could 

identify the linkers between communities [11].  

 

Betweenness (bm) accounts for direct and indirect influences of proteins at distant 

network sites and hence it allows one to relate local network structure to global network 

topology. Specifically, betweenness is defined for the m
th

 protein in the network as: 
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where Γ(i,m,j) is the number of shortest paths between i
th

 and j
th

 nodes that passes through 

m
th

 node and Γ(i,j) is the total number of shortest paths among them.  

 

Joy et. al. reported the prevalence of low connectivity-degree nodes with high-

betweenness values and the existence of such proteins points to the presence of modularity 

in the network, and suggests that these proteins may represent important connectors that 

link these putative modules [125]. 

 

2.4.3.  Hub Proteins in Biological Networks 

 

The protein–protein interaction (PPI) network has a small number of highly 

connected protein nodes, which are also known as hubs. These proteins participate in 

significant numbers of protein interactions and play critical roles in the organization and 

function of cellular protein interaction networks. Due to their pivotal roles in the biological 

networks, these highly connected proteins are shown to be evolutionary conserved, 

essential and attractive drug targets [119, 126-128]. For instance, computational analysis 

shows that removing hubs increases the proportion of unreachable pairs of nodes and the 

mean shortest path length between all pairs of reachable nodes in the network (i.e., 

network diameter) more than removing non-hubs [129]. Hence, hubs are more important 

than non-hubs to the maintenance of the global network structure. 

 

He et. al. discussed the essentiality of hub proteins. Their study indicated that, the 

essentiality of a hub protein is strongly associated with the essentiality of the interaction 

and revealed that essential protein interactions are likely to occupy central locations in the 

network. It was concluded that although gene essentiality is an important phenomenon due 

to its determining capability of the organism‘s survival and reproduction, the significance 

of the network architecture may lie in other aspects of the cellular life, such as the 

interaction itself [126].  

 

Hsing et. al. developed a hub protein classifier based on interaction data and GO 

annotations. The proposed algorithm in this study predicts the ―hubness‖ of a protein in a 

protein interaction network. They have tested their algorithm on four different species. The 
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study demonstrates that highly-connected proteins in the protein interaction networks share 

certain GO annotations, hence the successful hub classifier was achieved [127]. 

 

Generally, high degree proteins are considered as hub proteins in the network [120], 

however selection criterion solely on connectivity of a protein might be inadequate to 

emphasize their abilities in maintaining robustness. Betweenness measures the centrality of 

a protein with respect to other, high betweenness proteins are more central and maintain 

the communication within the network; hence proteins with high betweenness are also 

accepted as hubs [125]. Since only a small fraction of genes are responsible for survival 

and reproduction, the removal of these proteins has more impact on the network structure. 

These proteins are known as essential proteins, and deletion of the genes encoding these 

proteins are more likely to be lethal. These essential proteins are accepted as hubs in 

proteins interaction networks [126]. According to their central roles, removal of a hub 

protein leads to dismantling of the network. Subsequent removal of hub proteins in the 

network has been shown to dismantle the network into fragments more than non-hub 

proteins [129].  

 

2.4.4.  Functional Module Enumeration Algorithms 

 

The search for functional module derivation rooted back to the study by Spirin and 

Mirny with the introduction of modularity term. Modularity, Q, is defined as the ratio of 

the existing interactions within a cluster to the maximum allowable links [130]. The 

definition of modularity has directed the research from being focused on individual genes 

to the search for complex sets of molecules. Considering the fact that biological function is 

a complicated consequence of the action of a large number of different molecules that 

interact in many different ways; the derivation for complex set of proteins in a biological 

system is inevitable. These entities can be called as modules, where the members 

contribute and participate to specific function. The interactions and interconnections of 

these building blocks can be investigated with integrative computational tools providing an 

analytic approach to biological systems. The identification of the functional modules is 

based on a fundamental idea that the function of these discrete entities is separable from 

each other [131]. This notion introduces a critical concept that can be used by in silico 

studies focusing on the elucidation of functional modules from complex biological 
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systems. Until recently tremendous amounts of algorithms were proposed that seek 

functional modules hindered in complex networks by integrating various types of omics 

data, where the integration of expression profiles are in abundance.  

 

One of the hallmarks of research addressing the modular architecture of communities 

is the introduction of global network topology term ―edge betweenness‖ to the search 

algorithms. Girvan and Newman (GN) have introduced this divisive algorithm where the 

selection of the edges to be cut is based on the value of their ―edge betweenness‖. Consider 

the shortest paths between all pairs of nodes in a network. The betweenness of an edge is 

the number of these paths running through it. It is clear that, when a graph is made of 

tightly bound clusters, loosely interconnected; all shortest paths between nodes in different 

clusters have to go through the few intercluster connections, which therefore have a large 

betweenness value. The single step of the GN detection algorithm consists in the 

computation of the edge betweenness for all edges in the graph and in the removal of those 

with the highest score. The iteration of this procedure leads to the splitting of the network 

into disconnected subgraphs that in their turn undergo the same procedure, until the whole 

graph is divided in a set of isolated nodes. In this way the dendogram is built from the root 

to the leaves [11]. 

 

Co-clustering algorithm uses a distance function that utilizes similarity in the 

expression patterns for scoring the interaction between proteins. The distance metric is 

defined as one minus the Pearson correlation coefficient between the expression profiles. 

Hence, the more similarity in the expression profiles, the least is the distance between to 

interacting profiles. The algorithm presented in this study utilizes standard hierarchical 

clustering methods where the proteins are assigned to clusters according to the distance 

metric [132]. 

 

Another well-known algorithm in the field is presented by Rives and Galitski, which 

is based on one of the common network property; shortest path length. The methodology 

proposed in their study is based on (i) the shortest path between any two vertices is likely 

to be the most relevant one for functional associations and information transmission; (ii) 

each vertex in a network has a unique profile of shortest-path distances through the 

network to every other vertex; and (iii) module co-members are likely to have similar 
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(clustered) shortest-path-distance profiles. Each distance in the all-pairs-shortest-path 

matrix was transformed into an ―association,‖ defined as 1/d
 2

, where d is the shortest-path 

distance. This transformation emphasizes local associations (short paths) in the subsequent 

clustering. The application of the method on yeast signaling network composed of 4079 

proteins and 6761 interactions. The clustering algorithm yielded well known signaling 

pathways, as well as the interconnection of the modules was discovered for yeast 

filamentation through interacting components [133].  

 

MCODE, Molecular Complex Research seeks for protein complexes that are densely 

connected in an interaction network based on a vertex weighting by local neighborhood 

density. [134]. The algorithm offers a fast network clustering method, which operates in 

three stages, vertex weighting, complex prediction and optionally post-processing to filter 

or add proteins in the resulting complexes by certain connectivity criteria. It uses the 

clustering coefficient as the basis to enumerate the modules. 

 

SPIN, Search for Pairwise Interactions seeks for the functional modules that are co-

regulated through transcriptional mechanisms, since the coexistence of biochemical 

components necessary for coordination by other mechanisms. The proposed algorithm 

examines genes from a pair of functional modules, and uses expression data to assess the 

possibility that a given TF(s) transcriptionally co-regulates genes in both modules. Their 

results indicated that processes related to storage and transmission of genetic information, 

such as mRNA, Cell cycle, tRNA, Nucleotides, Differentiation, and DNA are most highly 

connected, suggesting that the regulation of these mechanisms is controlled through 

orchestrated cellular mechanisms [135].  

 

The CFinder algorithm allows elucidating the overlapping groups of densely 

interconnected nodes in graphs using the clique percolation method. Unlike the other 

clustering algorithms [136], the algorithm assigns the nodes into different clusters 

according to the edge weights and generates k-cliques. Among the functional enumeration 

algorithms, CFinder can be used up to a million nodes. The implementation of the method 

was carried out on the network of gene associations in the yeast genome [137].  
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Semantic Weights for Module Elucidation algorithm is based on the ranking of 

proteins according to their weighted neighborhood cohesiveness, i.e. clustering coefficient. 

The highest ranked nodes are considered as seeds for candidate modules. The algorithm 

then iterates through the neighborhood of each seed protein, to identify densely connected 

proteins with high functional similarity. The definition of clustering coefficient is 

translated into a weighted clustering coefficient, which accounts for the functional 

similarity for interacting proteins. The method takes advantage of two aspects of functional 

annotation encoded in Gene Ontology; molecular function and biological process, and 

combines these with topological properties of the protein network [138].  

 

The weighted yeast protein interaction network was analyzed to derive functional 

modules with a betweenness-based partitioning algorithm. The proposed algorithm in this 

study utilizes the edge weights while assigning a node to a module based on the notion that 

not all interactions are equally important in a network, rather some interactions are used 

more frequently than others. To overcome the unbalanced partitioning due to betweenness 

definition in the previous algorithms [11], the ―non-redundancy‖ was accounted on the 

computation for edge betweenness. The betweenness is the ratio for a number of travels 

through a particular edge to the shortest paths of all nodes in the network. The proposed 

algorithm only calculates betweenness when the end nodes are distinct. Therefore, the 

authors defined the betweenness as the maximum number of non-redundant all nodes 

shortest paths. The alteration in the calculation kept the original form of the betweenness 

definition, while preventing unbalanced partitioning. The proposed algorithm was tested on 

a weighted yeast protein interaction network and the modules enumerated were evaluated 

for their biological significance and upon the detailed analysis of the modules, the authors 

claimed to predict protein function as well [15]. 

 

Semantic similarity, which uses GO annotations, is another property that was 

introduced to derive functional modules in a protein interaction network. The proposed 

algorithm enumerates overlapping modules, where a protein can be assigned to various 

modules. The complexity of protein interaction networks caused by cross-talk between 

modules also makes functional module detection challenging. The protein interaction 

network was integrated with the GO annotations to enhance the modularization of the 

network. The unweighted protein interaction network was converted to a weighted 
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interaction network by assigning a similarity score according the similarity of the GO 

annotation that is shared by interacting partners. The flow-based algorithm first selects a 

small number of informative proteins, which are representative for modules. Next, it 

simulates information flow starting from each informative protein through the whole 

weighted interaction network. The flow then reveals a set of proteins under the influence of 

the informative protein as a potential functional module. The modules may overlap with 

each other if two or more informative proteins influence the same proteins. The proposed 

algorithm was examined on Saccharomyces cerevisiae protein interaction network. The 

interactions between the proteins were weighted with the similarity measure based on GO 

annotations and localizations extracted from MIPS database. The overlapping modules 

were enumerated through the proposed algorithm; however the lack of biological 

significance of the derived modules is a drawback for this algorithm [139]. 

 

SCAN, Structural Clustering Algorithm for Networks, is proposed to efficiently 

extract clusters in a biological network and hubs. The algorithm utilizes a similarity metric 

that accounts for the shared number of neighbors between two particular nodes. The 

resulting modules were then validated with GO annotations and manual literature survey 

[140].  

 

DETMOD, Detect Modules, extracts overlapping modules by starting with a seed 

node and selects a subset of its promising neighbors, and subsequently expands its kernel, 

which is a transient state of local environment, to accept more proteins. The neighboring 

nodes of the seed protein are ranked according to their significance. The selection criteria 

for module proteins is the density of the kernel and the external links of the module [141].  

 

Dense Module Enumeration Approach is a density-based mining approach is derived 

from the idea that the node sets with higher density in an interaction network are more 

likely to represent functional protein complexes. Therefore, by the satisfaction of a density 

threshold within a cluster, the algorithm extracts modules with high density [142].  

 

Bron-Kerbosch algorithm [22] is a rigorous clique partitioning algorithm that aims to 

enumerate maximal cliques within a network. Branch-and-bound technique has been used 

to make the algorithm more efficient by cutting off branches of the search tree that will not 
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lead to new cliques. The algorithm starts with three disjoint sets of nodes compsub, 

candidates and not. Set compsub represents the growing module, set candidates involves 

the prospective nodes that are connected to all nodes in compsub, using which compsub 

can be expanded, and set not contains the nodes that are processed. All nodes which are 

connected to every node of compsub are kept either in candidates or not. The aim of 

keeping set not is to avoid repetition in the calculation of modules. The algorithm checks 

whether set not if it is empty to avoid reporting modules which are not maximal. If not is 

non-empty, the nodes in not may be added to compsub. The implementation is easy 

compared to some other clique enumeration algorithms [23]. The algorithm was already 

applied to various networks ranging from social networks to large scale proteomic 

networks to find overlapping cliques [24-27]. 

 

2.5.  Network Approach for Disease Associated Studies 

 

Systems approaches to disease arise from a simple hypothesis- disease emerges from 

the functioning of one or more disease-perturbed networks (genetic and/or environmental 

perturbations) that alter the levels of proteins and other informational molecules controlled 

by these networks. The dynamically changing levels of disease-perturbed proteins 

(networks) across disease progression presumably explain the mechanisms of the disease. 

Systems approaches to biology or medicine have two cardinal features: (1) global analyses 

to generate comprehensive data sets in the disease-relevant organ or cells across the 

dynamically changing disease process (e.g. all mRNA, miRNA, or protein levels) and (2) 

the integration of different levels of biological information (DNA, mRNA, miRNA, 

protein, interactions, metabolites, networks, tissues, organs, and phenotypes) to generate 

hypotheses about the fundamental principles of the disease [143]. 

 

A large number of gene variants are known to cause phenotypic disorders in humans. 

These disease-causing genes have been identified by linkage studies of the affected 

families and mutational screening. The identification of disease-causing genes not only 

facilitates the understanding of the protein function that provide direct insight into the 

progression of the disease, but also points out potential drug targets for further research 

[144].  
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Advances in the field suggest that genetic heterogeneity has its roots at the protein 

interaction level, suggesting that the genes associated with a similar phenotype have a 

similar role. Therefore, the phenotypic overlap between the diseases may reflect the 

relationships and functional properties shared underlying mechanisms.  

 

Accumulation of the high throughput information in publicly available databases 

enables researchers to study complex problems using computational tools. While there is 

wealth of protein-disease relationships in literature and a number of predicted protein-

protein interaction resources, there has been a growing interest of using protein interactions 

to decipher the underlying shared biochemical pathways between diseases. Network based 

approaches utilizing these resources have been widely used for predicting protein function, 

identifying functional modules and predicting protein interactions, and selection of target 

proteins within a particular pathway, identification of sequence of protein interaction 

processes [145-147]. 

 

The disease associated studies employing network approach are concentrated on two 

various fields; disease specific studies focus on a particular disease to identify related 

proteins and to decipher putative drug targets using network analysis and global search for 

disease associations through integration of various levels of information.  

 

2.5.1.  Network Approach for a Specific Disease  

 

A protein–protein interaction network for the 20 or more different inherited 

cerebellar ataxias characterized by Purkinje cell (PC) degeneration was developed based 

on the phenotypic variations. The analysis of the network indicated the high connectivity 

between different ataxia-causing proteins, revealed common cellular pathways that might 

lead to PC dysfunction and degeneration and pointed out possible candidate genes for 

cerebellar ataxias. The ataxia network was built first using yeast-2-hybrid screens and then 

expanded by incorporating literature-curated and evolutionarily conserved interactions. 

The analysis of the network in terms of mean path lengths suggested that the mean path 

length between the disease causing proteins are shorter than non-disease proteins. The 

proteins involved in RNA binding and splicing have shown to be linked to several disease 
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causing proteins, suggesting that a subset of inherited ataxias might represent disorders of 

RNA splicing [8].  

 

The modular architecture of protein interaction network of the human brain was 

investigated to reveal the significantly altered modular mechanisms during aging. The 

dynamic approach presented in this study utilizes gene expression profiles to construct 

protein interaction network during aging where the transcriptome and interactome data 

were integrated. The suggested algorithm finds a sub-protein interaction network that is 

active during specific processes. The resulting modules were classified as positively or 

negatively regulated subgroups depending only on the variations during the process. The 

network representations suggest that aging attack preferably key regulatory nodes that are 

important for network stability [6]. 

 

The organization of DNA variations related with obesity, diabetes and 

atherosclerosis-traits in a network representation was resulted in the identification of three 

genes encoding lipoprotein lipase, lactamase b and protein phosphatase-1 like proteins for 

their possible roles in obesity. The co-expression network from liver and adipose tissues 

collected from a mouse population was partitioned in sub-networks that exhibit significant 

associations with a complex of linked genetic loci related to obesity, diabetes and 

atherosclerosis traits [148].  

 

Watkinson et. al. analyzed two sets of microarray data, one in the presence and one 

in the absence of a disease, identifying gene pairs whose correlation with disease is due to 

cooperative, rather than independent, contributions of genes, using the recently developed 

information theoretic measure of synergy. High levels of synergy in gene pairs indicates 

possible membership of the two genes in a shared pathway and leads to a graphical 

representation of inferred gene-gene interactions associated with disease, in the form of a 

"synergy network." They have applied this approach to prostate cancer expression data and 

revealed the significant association of oxidative damage to disease. Retinol binding protein 

1 (RBP1) and prostaglandin D-synthase (PTGDS) were suggested to play central role in 

the pathways combining oxidative stress and prostate cancer [149]. 
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Hwang et. al. constructed a protein interaction network associated with asthma and 

analyzed the network in terms of global properties to determine the hub proteins, which are 

considered to play important roles in the pathogenesis of the disease. The network 

approach and hub protein identification in their study revealed numerous target genes 

involved in cellular signaling, such as guanine nucleotide binding protein (GNB2L1) [5].  

 

The construction of a protein interaction network was accomplished using co-

expression profiles of genes involved in Alzheimer‘s disease, which is considered as a 

polygenic neurodegenerative disease affecting brain and the primary cause of dementia. 

The modules elucidated from the co-expressed set of genes indicated the association of 

Alzheimer‘s disease and cardiovascular disease and provided additional evidence that these 

diseases are linked through shared biochemical pathways [37].  

 

Hwang et. al. studied the prion disease, which is a transmissible neurodegenerative 

disorder, with network approach by constructing a dynamic co-expression networks. These 

networks were segmented into four clusters representing the fundamental pathological 

processes evoked during the disease progress. Depending on the dynamic alterations in the 

clusters, they have identified novel functional modules with concerted changes of 

expression for closely related genes. These novel modules represent the androgen and 

arachidonate/prostaglandin metabolisms and iron homeostasis, which were not previously 

associated with prion disease [150]. 

   

Potential drug targets in a disease related protein interaction network was identified 

according to the topological position of this protein in the network. This was achieved by 

assigning a significance score to each protein on its role in providing the shortest path 

connectivity among proteins. The proposed methodology was tested on psoriasis to 

identify the key mediators. The differentially expressed genes were assembled and scored 

according to their relevance to the disease phenotype [151].  

 

There are also numerous examples of cancer related protein interaction network 

pointing several candidate genes involved in various types of the disease. One of the 

interesting studies analyzes the dynamic modular structure of a protein interaction network 

related with breast cancer and predicts the outcome of the disease. The changes in the 
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organization of the interactome were monitored to estimate the patient outcome. The 

interaction network related with breast cancer was generated and analyzed in terms of 

global network properties to identify hub proteins. The hub proteins were then classified as 

intermodular, which displayed low co-expression profiles with their interacting partners 

and intramodular, which are highly co-expressed with their interacting proteins. The 

interactome network in the presence of intermodular and intramodular hub proteins was 

analyzed in terms of betweenness and characteristic path length. The removal of 

intermodular hub proteins had a substantial effect on the betweenness of the network, 

indicating that the proteins are involved mostly in information flow through the network. 

On the other hand, the characteristic path length, which is the shortest path between all 

nodes in the network, altered upon the removal of intermodular hub proteins and 

dismantled the network into fragments. The alterations in the network structure due to 

removal of intermodular hub proteins suggested that contribution of these proteins in the 

modular structure of the network. Upon the identification and classification of the hub 

proteins, the modules enumerated were incorporated with the patient outcome as ―good‖ 

indicating the disappearance of breast cancer and ―bad‖ indicating the death due to disease. 

The changes in the expression profiles linked to the hub proteins indicated several genes 

that can be used to predict the cancer outcome [9]. 

 

Recent study on psoriasis lesions revealed the similarities and differences between 

transcriptomics- and proteomics-level perturbations. The network topology was analyzed 

to identify common regulators for two datasets such as the most influential transcription 

factors and receptors [152]. 

 

2.5.2.  Global Search for Disease Associations 

 

As the availability of the data on human increases, the research in this field directed 

towards global analysis of disease associations to reveal cross-talk between the underlying 

pathways and mechanisms to reach a comprehensive perspective.  

 

One of the preliminary studies presenting a global perspective is proposed by Sam et. 

al. In their study, human protein interaction network was incorporated with the OMIM 

records and PhenoGO database and they have calculated the hypergeometric distance 
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between the diseases in terms of shared proteins and obtained a significant correlation 

between xeroderma pigmentosum and Cockayne syndrome [153].  

 

Lage et. al. investigated the protein complexes to construct a phenome-interactome 

network. Their strategy is based on the assumption that variations among different 

members of a protein complex lead to comparable phenotypes. They have ranked human 

protein complexes using a phenotype similarity score to identify novel candidates 

implicated in retinitis pigmentosa, inflammatory bowel disease amyotrophic lateral 

sclerosis, Alzheimer‘s disease, Type 2 diabetes and coronary artery disease [154]. 

 

Lee et. al. constructed a metabolic a metabolic disease network in which two 

disorders are connected if they are linked to potentially correlated reactions. We also 

explore to what degree the predicted relationships between often distinct phenotypes result 

in detectable co-morbidity patterns in patients. Our results demonstrate that the predicted 

links among diseases are frequently observed in patients and that the underlying disease 

network offers insights into the factors contributing to the mortality rate of diseases. Their 

results indicated that highly connected disease exhibit more co-morbidity and more 

prevalence in the population [155].  

 

Goh et. al. constructed a bipartite network of disorders and disease genes by known 

disease-gene associations. They have generated a human disease network where the 

diseases are linked each other through shared genes and disease gene network where the 

genes are linked to each other if they are associated with the same disorder. The 

implications of diseases and genes are recruited from OMIM Morbid Map, although it 

offers a comprehensive resource, there are still missing associations, such as the missing 

link between insulin and Type 2 diabetes. Their study demonstrates that vast majority of 

disease genes are not essential and exhibit no tendency to act as hubs [1].  

 

Park et. al converted medical records to network entities by integrating morbidity 

information with co-expression patterns and protein interaction networks and allowing to 

uncover the correlation in the occurrence of various diseases. Their study presents a 

promising implementation of network biology in health care. In their study Alzheimer‘s - 

myocardial infarction and autonomous nervous system disorder and carpal tunnel 
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syndrome exhibit significant co-morbidity that are connected through shared genes or 

protein interactions [156].  

 

Li and Agarwal presented a computational approach to studying disease relationships 

through i) systematic identification of disease associated genes by literature mining, ii) 

associating diseases to biological pathways where disease genes are enriched, and iii) 

linking diseases together based on shared pathways. The disease network consists of 591 

diseases and 6931 disease relationships. The diseases are linked to each other through 

common pathways. Their study revealed FOSB pathway is shared by drug-induced 

dyskinesia and amyotrophic lateral sclerosis [157].  
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3. METHODOLOGY 

 

 

3. 1.  Construction of Functional Linkage Networks 

 

Construction of functional linkage network for a specific disease was started with the 

initial number of proteins encoded by the genes which were reported to be associated with 

the disease.  The source of the proteins is mostly literature, the genes reported to be 

involved with the disease through genome-wide association studies. Addition to the 

publications, National Center for Biotechology Information (NCBI) database was searched 

for the specific disease term, such as ―cardiovascular disease‖, and the resulting genes are 

included. For the Alzheimer‘s disease, due to the abundance of the resources, various 

disease associated databases were also considered. The initial collection of proteins is 

referred as core proteins, or c-proteins, which have previously associated with the disease 

of interest. 

 

To establish the functional links between the proteins, STRING database v7.1 for 

cardiovascular disease and v8.1 for Type 2 diabetes and Alzheimer‘s disease were utilized. 

Rather than using physical evidence of protein interactions, which could be obtained 

through records deposited for yeast-2-hybrid experiments, the preference of linkages was 

to use functionality, since modular approaches based solely on physical protein interactions 

generally yielded protein complexes. Hence, establishing functional linkages between 

proteins was anticipated to achieve more biologically relevant structures. STRING 

combines available information on protein–protein interactions and assigns a confidence 

score according to variety of the supporting data, including physical interactions, curated 

biological pathway knowledge, functional linkage, co-expression profiles, as well as the 

co-occurrences of protein pairs in database text fields and conservation across species 

[158]. While a confidence score greater than 700 was accepted to be high [159], in this 

study only the interactions having a confidence score over 900 were assumed to be 

significant.  

 

To capture other putative proteins that have potential links with a disease, the first 

neighbors of the core proteins were also extracted from STRING database. All of the 
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proteins that interact with the core proteins, regardless of the confidence score, were 

accepted as ―candidate neighbors‖. Among these candidates, only the ones with a qualified 

interaction (having a confidence score > 900) were included in the network. The nodes that 

are not connected to the giant component and their interconnections were excluded, and 

finally the construction of the network of interest was completed. 

 

To select the confidence threshold for functional linkages to achieve a 

comprehensive representation of the system under investigation, various disease-related 

functional linkage networks were constructed with changing confidence score for 

interactions. Starting from a lenient criteria (900) to a stringent score (990), each network 

was analyzed in terms of two measures: coverage and constitution. Coverage measure is 

defined as the fraction of number of core proteins included in the network to the number of 

proteins initially collected. Constitution measure was also defined as the number of core 

proteins included in the network to the number of total proteins. The aim was to keep 

maximum number of core proteins in the network, while considering the fraction of the 

number of core proteins in the network. Upon the selection of a suitable confidence score, 

the nodes that are not connected to the giant component of the network were eliminated for 

computational purposes.  

 

3.2.  Network Topological Properties 

 

For all networks under investigation, the average degree (<k>), clustering coefficient 

(Ci) and betweenness (bi) were calculated as previously described in the literature to 

provide the global characteristics of the network [125]. The interaction networks are 

defined as sets of N nodes, representing the proteins and l edges, representing the 

interactions among them. 

 

(i) Degree (k) is the number of the interactions that one node has [124]. The average 

degree <k> for a network is defined as: 

 

 
N

l
k

2
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(ii) Clustering coefficient (Ci) is the fraction of the number of existing interactions 

among the neighbors of a particular node, li, to the maximum allowable interactions among 

them. Ci ranges from 0 to 1, where 0 indicates that the neighbors of a particular node are 

not connected. This measure provides information on how the neighbors are interconnected 

[124]. The average clustering coefficient is:  
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(iii) Betweenness (bi) for a node is fraction of the number of shortest paths between 

two nodes that passes through a particular node to the total number of shortest paths 

between these two. When betweenness of a node is higher, this particular node is accepted 

to act as a contact point, hence responsible for the communication within the network 

[124]. Specifically, betweenness is defined for the m
th

 protein in the network as: 
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where Γ(i,m,j) is the number of shortest paths between i
th

 and j
th

 nodes that passes through 

m
th

 node and Γ(i,j) is the total number of shortest paths among them.  

 

Real biological networks exhibit a scale-free behavior, indicating that many proteins 

have low number of interactions, whereas fewer proteins have higher degrees of 

interaction. It is known that the degree distribution for a scale-free network follows the 

Power law, i.e. f (k) = Ak
-
, where f (k) is the frequency of nodes, 2 <  < 3 and A is a 

constant. Power law degree exponent, c, of cumulative degree distribution, n(k), is related 

with  as = 1 – c [124]. For each degree, cumulative degree n(k), clustering coefficient 

C(k), and betweenness b(k) distributions were calculated for each degree and Power law 

fitting was done for each of the distribution. To determine the significance of our analysis, 

10
4
 random networks were generated while keeping the number of nodes and edges 

constant and cumulative degree n(k), clustering coefficient C(k) distributions were also 

determined. 
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The hub proteins which are described as highly connected nodes in a network were 

selected on the basis of degree and betweenness in the present study. The proteins at the 

intersection of the top 1–2 per cent highest degree and top 1–2 per cent highest 

betweenness were considered to be hub proteins. Due to the central roles of hub proteins in 

the networks, the shared functions exerted by the hub proteins were analyzed using Gene 

Ontology terms. AmiGO Gene Ontology term enrichment tool [160] was employed to 

identify the significance of annotation for the hub proteins in the whole genome. UniProt-

Swiss keys and EntrezGene IDs were used as identifiers in AmiGO.  

 

3.3.  Identification of Functional Modules 

 

A functional module is the highly condensed subgraphs within a network, measured 

by modularity, Q, which is the fraction of existing interactions to the maximum possible 

interactions and is expressed by, Q(m,n) = 2m/(n(n-1)), where m represents the existing 

links within n nodes. For a functional module, all nodes are connected to each other, hence 

Q = 1 [130]. 

 

Bron-Kerbosch (BK) algorithm [22] implemented in Python scripting language was 

used to identify the functional modules in the network. The algorithm allows overlapping 

modules, where nodes can be allocated in multiple modules. The algorithm produces 

functional modules starting from two members, i.e. interaction partners. Therefore, 

according to the average size of the functional modules enumerated, and based on the 

literature suggesting the biologically relevant modules contain four or more members, the 

functional modules enumerated were restricted to size. For each of the 10
4
 random 

networks, functional modules were computed upon which a module size distribution was 

completed.  The functional modules that contain four or more members were considered 

for further investigation. The proteins included in these modules represent the modular 

structures involved in the disease. For each of the proteins in this modular representation, 

frequency of proteins in functional modules was calculated as:  
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where fi is the frequency for the i
th

 protein. m(i) denotes the number of functional modules 

in which the i
th

 protein is present, M is the total number of functional modules.  

 

3.4.  Incorporation of Functional Modules with OMIM Database 

 

A string-match algorithm based on exact match of disease terms with the 

corresponding disease text field was created to analyze the associated Online Mendelian 

Inheritance Database (OMIM) disease records and Medical Subject Heading disease 

classes. 

 

The disease terms was extracted from the Medical Subject Headings (MeSH) 

database [161]. In this database, the diseases are organized in a tree structure and 

categorized according to the system that is affected. However, due to the enormous number 

of disease descriptions and multiple assignments to the classes, the disease terms were 

eliminated manually and the number of disease terms was reduced to 3630. To assign an 

appropriate class to a particular disease, on the tree structure, the highest disease class was 

accepted.  

 

To integrate the genetic information with the diseases, the curated disease terms were 

linked to the genetic records in OMIM, which is the most updated and complete repository 

available on human diseases. OMIM database contains record-based textual information, 

one disorder or one gene deficiency per record. Each record also includes population 

studies, animal models, allelic variants and references. However, OMIM was originally 

designed to be read by humans, not by computer, which limits any kind of classification. 

Therefore, each record was parsed into categories such as, disease ID, disease name, 

disease text and references. The disease terms and classes that were generated previously 

were taken as the basis of our analysis.  

 

The description of a disease is a limitation in such text mining studies. There are 

many words and phrases that characterize a disease; for example Crohn disease was also 

described as inflammatory bowel disease Type I, or inflammatory bowel disease I. An 

exact match between the disease terms in our list and the disease text in OMIM was 
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assumed to be associated. Also, the capitalization of all terms in a disease and the text was 

removed to overcome mismatches.  

 

There are sentences in OMIM that contain phrases such as ―is not related to 

cardiovascular disease‖. Although, the appearance of a disease term may not mean that the 

gene is related with the disease; it still indicates a persuasive relation. Indeed, an algorithm 

that recognizes such a negative relation is not available; any kind of association that 

connects a gene to a disease term was accepted as valid. Also, in some of the records, both 

negative and positive relations appear simultaneously, these were accepted as valid 

associations.  

 

3.5.  Functional Module-Disease Term Associations 

 

The computational framework used for incorporation of semantic disease 

information with CFN is presented in Figure 3.1. It consists of four major stages: (i) 

assembly of a core set of proteins manually extracted from literature and  its extension with 

neighboring proteins to construct a functional linkage network, (ii) formation of protein-

disease term linkages by a search algorithm that combines literature and OMIM database, 

(iii) derivation of  functional modules from the functional linkage network, incorporation 

with the semantic information gathered from OMIM database and deciphering statistically 

significant disease associations with the functional modules, (iv) assembly of overlapping 

functional modules that were enriched with disease terms to achieve quantitative valid 

associations between disorders. In this layout, the databases used in the study were shown 

in blue boxes. The network representation shows the nodes (proteins) and edges 

(interactions). The protein-disease connectivity matrix is constructed by combining disease 

terms with their corresponding OMIM record. Module-protein connectivity matrix depicts 

the members in a functional module. The functional modules and statistically significant 

associated disease terms were incorporated in a global disease map. 
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Figure 3.1. Computational framework of the study integrating CFN with bibliomics 

 

The functional module-disease term associations were calculated by simple matrix 

multiplication of functional module-gene and gene-disease term matrices. This resulting 

matrix contains information about the number of disease terms associated with a functional 

module. Since, the algorithm is solely based on a basic string match, to determine the 

significant disease terms enriched within functional modules, gene-disease term pairwise 

relations were shuffled 10
4
 times and for each randomization step, the functional module-

disease term association matrix calculation was repeated. This provides information that 

the relation of a disease term with a functional module is different from an association that 

is found by randomly. If the probability of finding a functional module-disease term pair is 

smaller than 5.00E-04, this association was accepted as significant.  

 

The overlapping members of the functional modules, which have significant 

associations with disease terms, were visualized by Cytoscape v2.5.1 [162]. The disease 

classes housing the disease terms were colored according to the classification in Medical 

Subject Headings. The significant associations for the modules were combined in a 

stratified graph showing protein-protein and protein-disease linkages. To provide a 
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quantitative measure between disease classes in this stratified graph, a connectivity 

measure is introduced:  
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where cfi is the connectivity frequency for the i
th

 disease class. ki denotes the individual 

number of linkages for each of the diseases in the i
th

 disease class, and K represents the 

total number of disease associations present in map. 

 

3.6.  Evaluation and Assessment of Functional Modules 

 

The computational framework to evaluate the functional modules enumerated from 

disease related functional linkage networks constitutes three major stages: (i) construction 

of a disease related protein interaction network and its extension with neighboring proteins 

(ii) enumeration of functional modules, scoring these modules for co-occurring KEGG 

pathway terms, localization information, an integrated disease ontology composed of 

MeSH terms and OMIM database, co-expression patterns and evaluation of these modules 

with Genetic Algorithm. (iii) Assembly of the high scoring modules and calculation of 

disease overlapping scores. The computational framework of this study is presented in 

Figure 3.2. The databases used in the study were shown in gray boxes. The network 

representation shows the nodes (proteins) and edges (interactions). 

 

For each protein in the functional modules metabolic pathways (KEGG) [163], 

mammalian protein localization (LOCATE) [164] and a manually derived classification 

generated by merging Medical Subject Headings (MeSH) [161] and Online Mendelian 

Inheritance of Man (OMIM) [165] information was obtained. KEGG pathway database 

was used to associate biological pathways, involving 338 diverse pathways including 

disease pathways. LOCATE database provides the cellular localization of the proteins in 

30 different compartments. Manual curation of MeSH disease terms yielded 3630 disease 

terms in 23 different disease categories. The disease terms were then matched with 

corresponding gene record in OMIM. To determine the consistency in a module, a score to 
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Figure 3.2. Computational framework of the study for evaluation of scoring functional 

modules 

 

each of the functional modules reflecting the homogeneity of the cluster by calculating the 

redundancy, Ri: 
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where fk represents the relative frequency of the class in cluster i and n is the total number 

of classes in the classification scheme. These scores range between 0 and 1, where 1 

indicates all the members in the functional module belong to the same classification. To 

assess the significance of our results, 10
3
 randomized classification schemes were 

generated.  

 

The co-expression patterns of the functional modules were investigated by 

calculating the Pearson correlation coefficient (PCCX,Y) for each interacting pairs in a 

functional module. The gene expression datasets were obtained from Gene Expression 

Omnibus [166]. For each functional module, PCCAVG was calculated over all members of a 

functional module.  
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where the sums are over all the observed (X,Y) points. Xi and Yi denote the observation, x 

and y are the average of the arrays to be compared and x and y are the standard 

deviation.  

 

A non-linear model was proposed to evaluate the functional modules with a single 

resulting score.  
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where Sj  (logN, RKEGG, RLOC, ROMIM , PCCAVG), all of which ranges between 0 and 1, 1 

indicating consistency in the module; except for N, which denotes the size of the module. 

j and j are the nonlinear model coefficients. Genetic Algorithm (GA) was employed to 

estimate the nonlinear model parameters. GA approach is a population based optimization 

technique that is designed to search optimum values in a complex space. The nonlinear 

model parameters were predicted by evolving the population of tentative solutions of the 

model in the search space. The ten artificially generated functional modules, five of which 

have the highest score in each scoring scheme, were planted in the population representing 

the best achievable entity. The population of the modules was evolved for 100 generations. 

Upon the prediction of the model parameters, these model parameters were used to 

evaluate the functional modules and the high scoring functional modules were investigated 

for biological significance.  

 

3.7. Disease Overlaps in Functional Linkage Network 

 

According to the model parameters estimated by GE, the functional modules were 

ranked according to their score. To determine a cut-off value to select the functional 

modules providing the best representation of the systems, the members of the functional 

modules were assembled with various cut-off selections. For instance, following the 

ranking of the functional modules, descending from highest score to lowest, the proteins 
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included in the top-25 functional modules and their interactions are assembled together to 

achieve a condensed representation of the disease. This tentative condensed network was 

then analyzed in terms of the number of core proteins captured, the number of hub proteins 

included and the number of clusters observed. The number of core proteins in this 

condensed network indicates the effect of the reduction in the network. The number of hub 

proteins is another parameter that should be considered due to their central roles in the 

networks and their activity in diverse biological processes. The number of clusters formed 

accounts for the conjunction of the biological processes in the disease. In fact, the presence 

of many clusters in a condensed network indicate diverse biological functions, however, 

does not provide information on how these biological processes are connected to each 

other. Thereby, the proteins in top scoring (25, 50, 75, 100, 150 and 250) functional 

modules were assembled, and by considering the parameters explained above a cut-off 

value was determined. These proteins collected in a condensed map were anticipated to 

represent the fundamental biological processes involved in a disease.   

 

To associate complex diseases with each other, the proteins assembled in a 

condensed map and their linkages with other proteins were used. The links between the 

proteins and disease were established previously while MeSH-OMIM disease classification 

scheme was generated. For instance, the proteins in the condensed network were linked to 

a disease term. Hence the diseases can be associated with each other through shared 

proteins. Each pairwise disease association was evaluated in terms of overlapping partners. 

A score representing the disease overlap (DO) was assigned to each pair of disease terms 

appear in the condensed network using:  
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where di and dj represent the proteins associated with disease term pair. To determine the 

significance of our analysis, we have performed 10
3
 random control runs. The proteins and 

randomly annotated disease terms were shuffled and overlapping scores were recalculated. 

The random distribution obtained for each disease term and pathway overlaps were 

compared with the current score.  
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4. CARDIOVASCULAR DISEASE RELATED FUNCTIONAL 

LINKAGE NETWORK 

 

 

4.1. Construction of Cardiovascular Disease Related Functional Linkage Network 

 

The construction of cardiovascular disease functional linkage network was started 

with the proteins encoded by 234 genes reported to be associated with CVD. The linkages 

between the proteins were established by using STRING database v7.1, which combines 

available information on functional linkages and assigns a confidence score according to 

the variety of supporting data, including physical interactions, curated biological pathway 

knowledge, co-expression profiles, as well as the co-occurrences of protein pairs in 

database text fields and conservation across species [43]. The core set of proteins were 

incorporated with the first neighbors to capture other proteins that have potential links with 

the disease. Selection of a stringent threshold confidence score for the linkages enabled us 

to construct a coherent functional linkage network. The core network was extended with 

the interacting partners for each of the confidence scores, and the threshold was set 

according to the coverage of the core proteins. When a very stringent criteria for 

interactions (confidence score 990) was set, only 133 (35.85 per cent) proteins listed in the 

core proteins were encapsulated, which might lead to loss of information. When a lenient 

criteria (confidence score 800) was used as the threshold; 228 (97.44 per cent) core 

proteins were constituted, addition to 2145 other interacting proteins, which might result in 

coverage of irrelevant proteins.  

 

Table 4.1. Selection of confidence score for the construction of CFN 

Confidence score 800 840 860 900 940 960 980 990 

N 2373 1975 1835 1572 802 687 447 371 

l 6065 4631 4159 3374 1043 840 493 358 

c-proteins 228 225 225 220 196 181 146 133 

<k> 2.56 2.34 2.27 2.15 1.30 1.22 1.10 0.96 

% constitution 9.61 11.39 12.26 13.99 24.44 26.35 32.66 35.85 

% coverage 97.44 96.15 96.15 94.02 83.76 77.35 62.39 56.84 
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Therefore, the core network was extended with the candidate neighbors having 

qualified interactions with the core proteins, as well as the interactions among these 

neighbors. This resulted in a network consisting of 1572 nodes (proteins) and 3374 edges 

(qualified interactions). Visual inspection of this network revealed a giant component and 

some other singletons that have no connection with the giant component. Therefore, these 

orphan nodes (36) and their interconnections (29) were excluded from the network. 

Finally, the giant component comprising 1536 nodes and 3345 interactions was entitled as 

cardiovascular disease functional linkage network. Among these 1536 nodes, 206 out of 

234 (88.1 per cent) nodes were the members of the core, constituting 13.41 per cent of the 

extended network. 

 

4.1.1.  Analysis of CFN Topological Properties 

 

The topological features of this extended network were analyzed by investigating the 

degree, k, clustering coefficient, C, and betweenness, b, for each node. The average degree 

<k>, average clustering coefficient <C> and average betweenness <b> for the network 

were calculated to be 4.35, 0.197, 4569, respectively. For a random network with the same 

number of nodes and edges, the <C> was calculated as 0.0023. A higher average clustering 

coefficient than that of a random network is considered to be an indicator of a scale-free 

network; suggesting that our extended network is scale free. The cumulative degree 

distribution n(k) (Figure 4.1) and clustering coefficient distribution C(k) (Figure 4.2) with 

respect to degree distribution, followed the Power law, indicating that many proteins are 

linked to a few other proteins but only a few of them have many interactions, hence 

providing additional evidence that the network of interest exhibits a scale-free behavior 

with degree exponent,  = 2.28 (R
2
 = 0.9692). 

 

The betweenness distribution b(k) was also well-characterized with Power law 

scaling (Figure 4.3), meaning that many proteins are located at the periphery while a few 

proteins are located at the center of the network, and hence responsible for communication 

within the network. The effect of removing the nodes with higher betweenness is similar to 

that of excluding a hub protein from the network and proteins displaying high betweenness 

are reported to be likely essential and evolutionary conserved. 
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Figure 4.1. The cumulative degree distribution n(k) of CFN with respect to degree 

distribution  

 

 

Figure 4.2. Clustering coefficient distribution C(k) with respect to degree distribution in 

CFN 
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Figure 4.3. Betweenness distribution b(k) with respect to degree distribution in CFN 

 

4.1.2.  Selection of Hub Proteins in CFN 

 

Hub proteins corresponding to key nodes in the network are considered to have 

important roles in biological systems [126, 167]. Therefore, we first determined these key 

nodes in CFN to identify the underlying molecular mechanism of CVD and its linkage with 

other complex disorders. Although hub proteins are mostly distinguished by their degree 

[5, 127], but there is no consensus on how many interactions a hub protein should have. 

The nodes that are above the position of the sharp turn on the accumulative protein degree 

distribution or the nodes with half of the maximum degrees are accepted as the criteria for 

the selection of hub proteins. A hub protein acts like a bridge in the network, since it 

should have large number of neighbors, but these neighbors should have fewer interactions 

in between.  

 

In this study, both degree and betweenness measures were taken as the basis in the 

selection of hubs. The accumulative degree distribution graph shows that 50.65 per cent of 

the proteins in CFN have single linkage (Figure 4.4), whereas 62.04 per cent of the 

proteins were located at the periphery (Figure 4.5). Each protein in the network was ranked 

according to their degree and betweenness, and 15 proteins that were listed in both top 20 

highest degree and 20 highest betweenness nodes were selected as hub proteins, all of 
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which were core proteins. The degree (k) of hub proteins ranges from 47 to 270, with an 

average of 97, whereas the betweenness (log(b)) ranges from 4.8581 to 5.8096.  

 

 

Figure 4.4. Accumulative degree distribution of CFN with respect to degree distribution  

 

 

Figure 4.5. Accumulative betweenness distribution of CFN with respect to degree 

distribution  
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Table 4.2. Topological properties of hub proteins in CFN 

Symbol Name 
Degree, 

k 

Betweenness, 

log(b) 

Clustering 

coefficient, C 

TNFa tumor necrosis factor  270 5.8096 0.0194 

INS Insulin 174 5.7306 0.0214 

IL6 interleukin 6 127 5.1238 0.0657 

VEGFA vascular endothelial growth factor A 126 5.4323 0.0462 

STAT3 signal transducer and activator of transcription 3 101 5.2071 0.0347 

IL1A interleukin 1, alpha 99 4.9461 0.0796 

PTGS2 prostaglandin-endoperoxide synthase 2 80 5.0818 0.0538 

ESR1 estrogen receptor 1 76 5.2472 0.0116 

TGFB1 transforming growth factor, beta 1 72 5.1441 0.0665 

AGT Angiotensinogen 65 5.1761 0.0659 

IRS1 insulin receptor substrate 1 62 4.8581 0.0529 

INSR insulin receptor 56 4.9472 0.0461 

EGR1 early growth response 1 51 4.9396 0.0518 

NOS2A nitric oxide synthase 2A 49 4.8967 0.1386 

LEP Leptin 47 4.9057 0.1082 

 

The 15 hub proteins in CFN have degrees, k, ranging from 47 (LEP – leptin) to 270 

(TNFa – tumor necrosis factor ), with an average of 97 interactions, whereas the 

betweenness, log(b), ranges from 4.8581 (IRS1 – Insulin receptor 1) to 5.8096 (TNFa) 

(Table 4.2). Gene Ontology (GO) terms enriched in these 15 hub proteins were determined 

by AmiGO [160]. The biological process GO categories with significantly enhanced (p-val 

< 5.50E-08) representation in the hub proteins include regulation of response to stimulus, 

regulation of localization, response to external stimulus, cell surface receptor linked signal 

transduction and cell communication.  

 

KEGG pathway database was searched to elucidate the function of hub proteins in 

the biological pathways. The entire network of proteins display an average presence in two 

biological pathways, however, the hub proteins function in 4.8 biological pathways, on the 

average. The KEGG pathways were found to be related with several aspects of signaling 

pathways: MAPK, JAK-STAT, TGF-, calcium, insulin, adipocytokine signaling 

pathways, and as well as disease pathways: Asthma, Alzheimer‘s disease, Prion disease, 

Type 1 and Type 2 diabetes mellitus, and some cancer variants. The presence of TNFa in 

15 pathways ranging from the immune system to signal transduction pathways implies that 
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this protein is responsible for crosstalk between signaling pathways, in concordance with 

previous reports. 

 

AmiGO Gene Ontology term enrichment tool [160] was employed to identify the 

significance of annotation for the hub proteins in the whole genome. UniProt-Swiss keys 

and EntrezGene IDs were used as identifiers in AmiGO.  

 

Table 4.3. Gene Ontology terms enriched in the hub proteins in CFN 

GOTerm p-val Proteins 

GO:0048583 regulation of response to 

stimulus 
1.03E-12 

TNFa INS IL6 VEGFA PTGS2 TGFB1 AGT 

NOS2A LEP 

GO:0032879 regulation of localization 3.22E-12 
TNFa INS IL6 VEGFA IL1A TGFB1 AGT INSR 

NOS2A 

GO:0032101 regulation of response to 

external stimulus 
5.81E-12 INS IL6 VEGFA PTGS2 TGFB1 AGT LEP 

GO:0006928 cell motion 1.44E-10 
TNFa IL6 VEGFA STAT3 PTGS2 TGFB1 AGT 

INSR 

GO:0051674 localization of cell 1.47E-10 TNFa IL6 VEGFA PTGS2 TGFB1 AGT INSR 

GO:0009605 response to external stimulus 2.60E-10 TNFa INS IL6 VEGFA IL1A PTGS2 AGT LEP 

GO:0007166 cell surface receptor linked 

signal transduction 
8.17E-10 

TNFa INS IL6 VEGFA STAT3 IL1A TGFB1 

AGT IRS1 INSR 

GO:0007243 protein kinase cascade 1.26E-09 TNFa INS IL6 STAT3 TGFB1 AGT IRS1 INSR 

GO:0010646 regulation of cell 

communication 
1.56E-09 

TNFa INS IL6 VEGFA ESR1 TGFB1 AGT 

NOS2A 

GO:0007154 cell communication 5.50E-08 
TNFa INS IL6 VEGFA STAT3 IL1A ESR1 

TGFB1 AGT IRS1 INSR NOS2A 

 

4.1.3.  Enumeration of Functional Modules in CFN 

 

Genes that contribute to a common disorder show an increased tendency for their 

products to interact with each other through protein-protein interactions, tend to participate 

in similar pathways and share GO terms [5, 37]. Therefore, functional modules/cliques, 

which are regarded as highly condensed subgraphs, were derived using modularity 

measure. The modularity, Q, is defined as the fraction of existing linkages to the maximum 

possible interactions in a clique. 2448 functional modules with Q = 1 were identified in 

CFN using the Bron-Kerbosch (BK) algorithm [22]. The algorithm allows the presence of 
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proteins in overlapping modules, which is a realistic requirement, considering the fact that 

one protein may participate in many biological processes. Out of 1536 nodes in the 

network, only 257 (16.73 per cent) were represented in the functional modules. The largest 

functional module in the dataset comprised eight members and the average number of 

members in a functional module was calculated as 4.9. Analysis of the module size using 

10
4
 random networks revealed that modules of size four or greater are statistically 

significant, in concordance with previous findings [130]; 566 functional modules with four 

or more members, were considered for further investigation.  

 

The presence of one protein in many functional modules indicates that this particular 

node highly interacts with its neighbors; therefore loss of any functional activity of this 

protein will affect a wide range of functional modules. The distribution of the frequency of 

occurrence of hub proteins in functional modules and the self distribution of each hub 

protein according to the size of the modules are presented in Figure 4.6 and Figure 4.7. All 

hub proteins appeared in functional modules. TNFa was found to be present in 343 out of 

566 functional modules with maximum frequency of occurrence (fTNFa = 0.606) as 

expected from its high degree of connectivity. TNFa exists in 107 four member functional 

modules, 81 five member modules, 102 six member modules, and the rest exists in seven 

and eight member functional modules. 

 

 

Figure 4.6. Frequency of the presence of the proteins in CFN in functional modules  
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Figure 4.7. Self distribution of hub proteins in CFN according to the size of the functional 

modules 

 

4.2. Integration of CFN with Semantic Disease Information 

 

The integration of bibliomics with CFN includes the generation of gene-disease 

association matrix and its conversion into module-disease associations. The general 

framework of this section is explained in Methodology with a representative schema 

explaining each step (Figure 3.1). 

 

4.2.1.  Disease Associated Functional Modules 

 

In order to delineate common molecular mechanisms and shared genes involved in 

CVD as well as in other complex disorders, bibliomics data was integrated with functional 

modules. The 257 proteins present in functional modules were matched with their 

corresponding disease terms within the OMIM database using a string-match algorithm 

which was developed in the present study. 

 

The associations between disease terms and genes were identified using 1287 disease 

terms as described by Goh et. al. [1]. Diseases are categorized according to Medical 

Subject Headings (MeSH) [161]. Only 301 out of 1287 disease terms were found to be 
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associated with 257 proteins that are present in functional modules. The functional 

module-disease term associations were identified by simple matrix multiplication of 

functional module-gene and gene-disease term matrices. In order to investigate the 

significance of these linkages, the links between genes and disease terms were shuffled 

randomly 10
4
 times while keeping the number of genes in each disease term unchanged. If 

the probability of finding a functional module-disease term pair is smaller than 5.00E-04, 

this association was accepted as significant. Finally, among the 566 modules, 227 were 

found to be significantly associated with one or more disease terms.  

 

19 modules were identified to have significant associations with cardiovascular 

disease class. 11 proteins out of 41 (IFNG, IL10, IL1B, IL4, JUN, MAPK3, MAPK8, SP1, 

HIF1A, CXCL12, PROC) identified within these modules were not present in the core 

network and except PROC they are not reported previously to be associated with CVDs. 

They are captured by the extension of the core network and present potential targets for 

further studies. 

 

IFNG, IL10, IL1B, IL4 are the members of T-cell receptor signaling pathway. JUN, 

MAPK8 (JNK1), MAPK3 (ERK1) are members of MAPK signaling pathway and have 

important roles in the induction of proliferation, differentiation and inflammation as a 

response to stress. 

 

Among these proteins which are predicted to have involved in CVD, a hypoxia 

induced transcription factor 1 (HIF1A) induces vascular endothelial growth factor (VEGF) 

pathway, as a response to growth factors and hormones such as insulin, in endothelial cells 

and plays an important role in mammalian cells cultured under reduced oxygen tension and 

systemic response to hypoxia. A number of complex disorders such as myocardial, cerebral 

and retinal ischemia, preeclampsia and cancer were reported to be closely associated to the 

deprivation of oxygen and glucose [168].  Although a number of studies were undertaken 

to elucidate the function of HIF1A, there is still need to investigate the detailed effect of 

HIF1A in CVD and other related conditions [169]. Therefore further detailed studies on 

oxygen homeostasis and HIF1A are required to understand the underlying mechanisms of 

these pathophysiological processes and its potential therapeutic role.  
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SP1, which is a transcription factor that is known to play an important role in 

hemopoiesis, was also predicted to be associated with CVD in the present study. Over-

expression of SP1 was reported to mediate inhibition of cell cycle progression that 

precedes apoptosis [170]. Its expression is induced by hypoxia and suggested as a target 

for anti-invasion therapies [171]. It is also known that SP1 plays a critical role in the 

transcriptional regulation of glycolytic enzymes [172, 173] and copper homeostasis [174]. 

Therefore, modulation of its activity may also be considered as potential therapeutic tool 

for CVD and other related disorders. 

 

Stromal cell-derived factor 1 (CXCL12), which is member of chemokine signaling 

pathway was also predicted to be associated with CVD in this study. This pathway is 

known to be induced by proinflammatory stimuli such as lipopolysaccarides, TNFa or 

IL1A and results in the NO induction. The key role of CXCL12 in several types of cancer 

includes the stimulation of CXCR4 leading to invasion of cells through extracellular matrix 

and attenuation of TNFa and stimulated cell growth [175, 176]. CXCL12 is also involved 

in platelet aggregation and were reported to be expressed in macrophages in human 

atherosclerotic plaques [177]. These results indicate the possible role of CXCL12 between 

chronic inflammation, CVD and cancer.  

 

4.2.2.  Functional Modules Associated with More than One Disorders   

 

Two modules (CVD-m501 and CVD-m565) were matched significantly with five 

disease terms; five modules were significantly associated with four disease terms, 17 were 

linked with three disease terms, 61 with two disease terms and the rest of these 227 

functional modules were associated with single disease term. 85 functional modules, 

having associated with at least two disease terms was searched for the enriched GO terms, 

the results indicated that all proteins in these modules are functionally linked (p-val < 

9.80E-03).  

 

Among the 227 functional modules that are significantly associated disease terms, 

seven of them were investigated in detail. Disease terms significantly associated with 

functional modules (p-val < 0.50E-03) are presented in Table 4.4. The proteins in a module 

were separated according to the source as ―core‖ or ―extended (extnd)‖. The number of 
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members that are associated with the corresponding disease term was indicated with 

―fraction‖ term. Figure 4.8 displays these selected functional modules associated more than 

one disorders. The protein and disease nodes are depicted with boxes and circles, 

respectively. Disease nodes are colored according to the class. CVD-m565, CVD-m206, 

CVD-m77 and CVD-m460 have significant associations with CVD disease class. CVD-

m129 is a conjunction connecting Alzheimer‘s disease, DiGeorge syndrome and 

rheumatoid arthritis. CVD-m501 and CVDm-289 connects diabetes, hypertriglyceridemia 

and hypoglycemia, exemplifying the links between the metabolic disorders. It should be 

mentioned that, SOCS3 present in CVDm-289 has no significant association with these 

disease terms.  

 

CVD-m565 is a four member module which is found to be associated with five 

disease terms and consists of Factor 2 (F2), Protein C (PROC), Protein S (PROS1) and 

Factor V (F5). These proteins are the members of complement-coagulation cascade thus 

functionally linked. In this module, PROC was not included into the core network and 

captured upon the extension of the network. This protein is a key component of 

anticoagulation system which is activated by thrombin (F2) on the surface of epithelial 

cells. There is accumulating evidence that this protein is an important regulator of 

microvascular inflammation and elements of the Protein C pathway were found to be 

down-regulated during inflammation [50].  Protein S is a non-enzymatic cofactor of the 

activated protein C, which inactivates the procoagulant Factor V and Factor VIII. The 

proteins encoded by PROC, F2 and F5 were found to be linked with an increased risk for 

thrombophilia. Thrombophilia is a complex disorder which is recognized by the 

susceptibility to develop blood clots due to abnormality in the coagulation system [48]. 

The proteins encoded by F2, PROC and PROS1 in this module were found to be 

significantly associated with venous thrombosis; as already reported by several 

investigators [48, 178, 179]. This finding also implies that the obstruction of a coronary 

artery by a thrombus potentially leads to myocardial infarction. Therefore, the presence of 

these proteins in CVD-m565 suggests and provides additional evidence that an impaired 

coagulation system leading to development of thrombus is one of the possible causes of 

cardiovascular diseases.  
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Table 4.4. Disease terms significantly associated with functional modules (p-val < 5.00E-04) 

CVD-m functional module members Core Extnd Hub Disease Term Disease Class fraction 

565 PROC*, F2, PROS1, F5 3 1 0 Angioedema Cardiovascular 2 / 4 

     Epidermolysis bullosa Congenital 2 / 4 

     Protein S deficiency Hemic and Lymphatic 2 / 4 

     Thrombophilia Hemic and Lymphatic 3 / 4 

       Venous thrombosis Cardiovascular 3 / 4 

206 APOB, APOE, LPL, INS, LDLR 5 0 1 Atherosclerosis Cardiovascular 5 / 5 

     Hypercholesterolemia Nutritional and Metabolic 3 / 5 

     Hyperlipoproteinemia Nutritional and Metabolic 3 / 5 

     Hypertriglyceridemia Nutritional and Metabolic 3 / 5 

77 TNF, VCAM1, NOS2A, IL1A, TNFRSF1A, IFNG* 5 1 3 Listeria monocytogenes Bacterial Infections 3 / 6 

     Stroke Cardiovascular 4 / 6 

     Tuberculosis Bacterial Infections 4 / 6 

460 ACE, AGT, AGTR1, NOS3 4 0 1 Hypertension Cardiovascular 4 / 4 

     Renal tubular dysgenesis Urogenital 3 / 4 

129 TNF, IL6, IL1A, VEGFA, TGFB1, FOS* 5 1 5 Alzheimer disease Nervous System 4 / 6 

     DiGeorge syndrome Congenital 2 / 6 

     Rheumatoid arthritis Musculoskeletal 5 / 6 

501 INSR, INS, SLC2A4, LEP 4 0 3 Diabetes mellitus Nutritional and Metabolic 4 / 4 

     Growth retardation Congenital 3 / 4 

     Hypertriglyceridemia Nutritional and Metabolic 3 / 4 

     Hypoglycemia Nutritional and Metabolic 3 / 4 

       Insulin resistance Nutritional and Metabolic 4 / 4 

289 INSR, INS, IRS1, LEP, SOCS3* 4 1 4 Diabetes mellitus Nutritional and Metabolic 4 / 5 

     Hypertriglyceridemia Nutritional and Metabolic 3 / 5 

       Hypoglycemia Nutritional and Metabolic 3 / 5 

 * these proteins are added to the network through the extension with first level of interactors   
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Figure 4.8. Schematic representation of modules associated with disorders 

 

Another disease that is significantly enriched in this module is epidermolysis bullosa, 

which refers to a group of genetically distinct disorders characterized by the blistering of 

skin and mucosa. An abnormal increase in fibrinogen, thrombin–antithrombin complex, 

factor VII, factor VIII, and prothrombin was reported for this disease [180], and 

development of venous thrombosis was observed in one epidermolysis bullosa 

patient[181]. Significant association of PROC and PROS1 within this functional module to 

both epidermolysis bullosa and venous thrombosis is attributed to the presence of common 

genetic factors shared between these two different groups of disorders.  

 

Angioedema is another disease that is significantly associated with this functional 

module linked to the members of complement-coagulation cascade. A deficiency in 

Inhibitor of Complement Component1 Inhibitor (C1-INH also known as SERPING1), 

which is a member of complement- coagulation cascade, is known to be the underlying 

cause of the either familial or acquired angioedema. SERPING1 is reported to be important 
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in the control of vascular homeostasis including inflammation, blood pressure and 

coagulation [182]. Although SERPING1 was present in CFN, it could not be captured in 

any functional module due to the low confidence score of its interactions with partners. 

 

All five members of CVD-m206 are associated with atherosclerosis. Any deficiency 

in lipoprotein lipase (LPL) is reported to be linked with impaired lipolysis. Low density 

lipoprotein receptor (LDLR) is involved in cholesterol homeostasis [183]. APOE and 

APOB are the main proteins of the chylomicron and associated with lipoprotein 

metabolism [70]. Insulin (INS) has an important role in glucose as well as in lipid 

homeostasis [64]. These reports also provide additional evidence that all proteins in this 

module are functionally linked to lipoprotein metabolism. Plasma cholesterol and 

triglycerides are well documented predictors of atherosclerosis, which is the most common 

cause of myocardial infarction and stroke. The development of atherosclerosis is initiated 

by the accumulation and subsequent oxidation of low density lipoproteins in arterial cell 

walls [42]. APOE is linked to all members in this module, indicating that it may be a 

potential drug target for hypercholesterolemia, hyperlipoproteinemia and 

hypertriglyceridemia. APOE, which serves as a ligand for LDLR, is one of the principal 

cholesterol carriers. Studies indicate that statins reduce the expression of APOE, and they 

are effective at lowering low-density lipoprotein (LDL) cholesterol, leading to a reduced 

risk for CVD [184, 185]. 

 

Tumor necrosis factor (TNFa), nitric oxide synthase (NOS2A) and vascular cell 

adhesion molecule (VCAM1) in CVD-m77 were found to be significantly associated with 

stroke. Ischemic stroke is a complex disease consisting of a group of heterogeneous 

disorders related to multiple genetic and environmental risk groups. It occurs as a result of 

a disturbance of blood supply to brain due to ischemia, thrombus, embolus or hemorrhage. 

TNFa, which is secreted by activated monocytes and macrophages, is a multifunctional 

cytokine with an important role in inflammatory response [55]. It is reported that it is also 

involved in lipid metabolism, coagulation, insulin resistance and endothelial function [186, 

187]. Overproduction of TNFa was observed in autoimmune diseases, osteoporosis, 

tuberculosis and septic shock. NOS is involved in the synthesis of nitric oxide (NO) which 

is a messenger molecule that displays many properties of a neurotransmitter. NO is 

implicated in neurotoxicity associated with stroke and neurodegenerative diseases and 
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neural regulation of smooth muscle. It is also responsible for the activity of endothelium-

derived relaxing factor (EDRF) regulating blood pressure. The role of NOS2A was 

reported in the development of hypertension [188], which is considered to be one of the 

important risk factors in stroke. NOS2A is a cytokine inducible form of iNOS which 

functions as an anti-inflammatory effector molecule in atherosclerosis and vasculopathy 

[189]. Myocardial iNOS activity is observed after TNFa or IL6 exposure [56, 190]. 

Increased iNOS expression contributes to myocardial dysfunction and higher mortality 

after myocardial infarction in mice [191]. VCAM1 is a cell surface glycoprotein expressed 

by cytokine-activated endothelium and it is involved in the leukocyte-endothelial adhesion 

and signaling [192]. Increased serum levels of VCAM1 are associated with the recurrent 

ischemic stroke [193]. Tumor necrosis factor receptor super family 1A (TNFRSF1A) 

serves as major receptor for TNFa associated with epithelial cells [194]. Poirier et. al. 

reported a predisposition to atherosclerosis and coronary artery complications in 

individuals with polymorphism R92Q of the tumor necrosis factor receptor 1 gene [195]. 

Interferon-gamma (IFNG) is a cytokine critical for innate and adaptive immunity against 

viral and intracellular bacterial infections and for tumor control. Aberrant IFNG expression 

is found to be associated with several autoinflammatory and autoimmune diseases [2, 42]. 

Listeria monocytogenes and tuberculosis, which are classified as respiratory disorders, 

were also found to be significantly associated with this module possibly due to the 

presence of three hub proteins. NOS2A in this module might play a key role, since 

macrophage production of nitric oxides was reported to be crucial in host defense against a 

wide variety of pathogens including Mycobacterium tuberculosis, and Listeria 

monocytogenes [196].  

 

The proteins located in the CVD-m460, namely ACE, AGT, AGTR1 and NOS3 are 

the members of renin-angiotensin system. Angiotensinogen (AGT) is cleaved by renin, 

producing angiotensin I, which in turn is converted to angiotensin II by angiotensin 

converting enzyme (ACE). The activation of Angiotensin II is achieved upon its binding to 

the angiotensin receptor (AGTR1). The finding that hypertension is linked to the members 

in this module is anticipated, since ACE, AGT and AGTR1 function together in blood 

pressure regulation, as also suggested [197]. On the other hand, endothelial nitric oxide, 

NOS3, is classified as a vasodilator, which is involved in the maintenance of vascular 

homeostasis, whereas Angiotensin II is a vasoconstrictor. The balance between 
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Angiotensin II and NOS3 is crucial to healthy endothelium. The elevated levels of 

Angiotensin II or decreased levels of NOS3 lead to dysfunction of endothelial cells. The 

imbalance can cause many of the changes in the endothelium that stimulates 

atherosclerotic process [198]. Another disease that is enriched in this module is renal 

tubular dysgenesis (RTD). RTD is a congenital disorder of renal tubular development in 

the neonatal period. The existence of RTD in this module is attributed to the expression of 

renin-angiotensin system components during early stages of kidney development. This 

connection is also supported by the studies signifying the inactive or suppressed renin 

angiotensin system leading to low perfusion pressure, resulted in autosomal recessive RTD 

[51]. Additionally,  unilateral RTD leading to hypertension was recently observed in one 

neonate with cardiac failure [199]. 

 

Four members of CVD-m129 were found to be significantly associated with 

Alzheimer‘s disease, five members with rheumatoid arthritis and two with DiGeorge 

syndrome, the diversity of which is explained by the presence of five hub proteins in this 

functional module. All proteins within this module are functionally linked by the term 

signal to external stimulus and cell surface receptor linked signal transduction (p-val < 

5.30E-05). FOS genes encode a leucine zipper protein which can dimerize with JUN 

family forming a transcription factor complex AP-1. These proteins have regulatory roles 

in cell proliferation, differentiation, and transformation. Expression of FOS was found to 

be associated with apoptosis [200]. VEGFA is an endothelial mitogen which is involved in 

vascular permeability, angiogenesis, vasculogenesis and also in the inhibition of apoptosis 

[201]. Transforming growth factor 1 (TGFB1) is a multifunctional peptide which is 

involved in the control of cell proliferation, differentiation as well as in apoptosis [202]. In 

the presence of IL6, TGFB1was reported to induce differentiation of T-cells into 

proinflammatory cytokine producing T-cells which promote inflammation and 

autoimmunity [203]. TNFa gene encodes a multifunctional proinflammatory cytokine that 

belongs to the tumor necrosis factor (TNF) superfamily. It is involved in the regulation of a 

wide spectrum of biological processes including cell proliferation, differentiation, 

apoptosis, lipid metabolism, and coagulation. This well studied cytokine has been 

implicated in a variety of diseases, including autoimmune diseases, insulin resistance, and 

cancer [204]. Knockout studies in mice also suggested the neuroprotective function of this 

cytokine [205]. IL1A operates through a mechanism involving the RNA processing 
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apparatus and the alternate splicing of apoptosis regulatory proteins, hence induces 

apoptosis [206] 

 

Other functional modules determined in the present study displayed relations among 

other complex disorders which may also be associated with cardiovascular diseases. 

Members in CVD-m501, namely Insulin Receptor (INSR), Insulin (INS), Solute Carrier 

Family 2, Member 4 (SLC2A4) and Leptin (LEP) were found to be significantly related 

with diabetes mellitus, growth retardation, hypertriglyceridemia, hypoglycemia and insulin 

resistance. Three of these four proteins were also identified as hub proteins. The members 

of this module are functionally linked to glucose homeostasis. The role of INS and its 

receptor INSR in glucose homeostasis is well documented [207]. Mutations in SLC2A4, 

which is also known as glucose transporter 4 (GLUT4), were reported to be associated 

with noninsulin-dependent diabetes mellitus (NDDM) [208], and the growth retardation in 

Type 1 diabetes [209]. LEP is known to be pleitropic molecule involved in several 

physiologic and pathological processes such as T-cell mediated liver toxicity in association 

with regulatory effects on thymus and peripheral blood cellularity as well as on the 

production of two proinflammatory cytokines TNFa and IL8 [210]. C-reactive protein 

(CRP), which is considered to be a good predictor of CVD, is an inhibitor of leptin binding 

to its receptor, hence blocks signaling [211]. On the other hand, insulin is a potent activator 

of leptin mRNA expression and protein secretion, possible crosstalk between insulin and 

leptin signaling pathways was proposed [212].  

 

In a five member functional module CVD-m289, three members, namely, INS, LEP, 

INSR, which are also members of the CVD-m501, and insulin receptor substrate 1 (IRS1) 

are involved in glucose homeostasis. These four members are significantly associated with 

disease terms hypoglycemia, hypertriglyceridemia and diabetes mellitus. The presence of 

SOCS3 in this module was attributed to the formation of a link between cardiovascular and 

diabetes. Although no significant disease term was matched for Suppressor of Cytokine 

Signaling 3 (SOCS3), this protein is involved in feedback inhibition of a range of cytokine 

signals. It has been reported that SOCS3, which is expressed by terminal transcription 

factors, such as STAT3 and c-fos, inhibits the function of leptin and downstream steps in 

insulin pathway [213]. The genes that are up-regulated by JAK-STAT pathway through 

STAT3 following cardiovascular injury, are involved in cardioprotection, hypertrophy, and 
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angiogenesis [214]. SOCS proteins are natural inhibitors of STATs and SOCS3 was 

proposed to be one of the therapeutic targets for obesity and insulin resistance [65]. Further 

studies are required to determine the therapeutic potential of SOCS3 in decreasing the 

CVD risk.  

 

4.2.3.  Connectivity Map 

 

In order to elucidate the shared mechanisms and genes by co-occurring complex 

disorders, 227 functional modules comprising shared proteins and significantly associated 

disease terms were assembled in a map (Figure 4.9) depicting a comprehensive 

connectivity map between genes and diseases (CFN-G graph). In this connectivity graph, 

152 proteins and 58 disease terms in 15 disease classes are represented as nodes; 276 

disease-protein associations and 703 functional linkages were indicated. Among those 152 

proteins, 67 of them were already present in the core network and the remaining 85 

proteins were found to be functionally linked as first neighbors and represent potential 

target genes encoding proteins shared by CVD and other disorders by common 

mechanisms. All hubs proteins identified in CFN were present in this CFN-G graph. In this 

map, disease node sizes were adjusted proportional to the number of proteins that was 

found to be related with and nodes are colored according to the disease class. Pink lines 

represent the protein-protein interactions, gray dashed lines were the associations between 

protein and disease terms. Nodes were located at the closest proximity to neighboring 

nodes. The minor cluster, which does not interfere with the main component, represents the 

complement-coagulation cascade. All members except SERPINA5 are functionally 

enriched in blood coagulation (p-val = 3.55E-20)
.
 Diseases observed in this cluster mostly 

belong to hematological diseases, as well as venous thrombosis, epidermolysis bullosa, 

angioedema and arthropathy. The major cluster clearly separated by lipid metabolic 

process (p-val = 2.31E-05). The close proximity of atherosclerosis to the lipoprotein 

mechanism is explained by the accumulation of low-density lipoproteins during early 

stages of disease. The bridge formed by the hub proteins TNFa, INS, INSR and LEP 

connects the lipoprotein metabolism to the rest of the map. Obesity, diabetes mellitus and 

insulin resistance are clustered in a region. The proteins mostly involved in renin-

angiotensin system are clustered around hypertension. Co-existence of AGT, IL6, TNFa 

and VEGFA in six functional modules establishes links between inflammation, 
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hypertension and atherosclerosis. Proinflammatory cytokines and the members of Toll-like 

receptor signaling pathway are located in the vicinity of immunological disorders. 

 

Among those 58 diseases present in this graph; several cancer types 

(adenocarcinoma, adrenocortical carcinoma, cervical carcinoma, hemangioma, Kaposi 

sarcoma), three diseases caused by bacterial infections (meningococcal disease, leprosy, 

listeria monocytogenes); two hemic disorders (hemorrhagic diathesis, Protein S 

deficiency); one congenital (epidermolysis bullosa); one eye disease (macular dystrophy) 

and one nervous system disease (myasthenia) were not previously reported to be linked 

with CVD . 

 

Connectivity frequency for each disease class was calculated as a ratio of proteins 

connected to a specific disease class to the total number of proteins linked to a disease term 

in CFN-G. Figure 4.10 shows the connection frequency of 15 disease classes hosting 58 

diseases in CFN-G. Connectivity frequency provides a quantitative measure on the 

interconnection of disease classes within CFN-G. The nutritional and metabolic disease 

class, with a connectivity frequency of 0.27, including diabetes mellitus, obesity, insulin 

resistance, hypertriglyceridemia, hypoglycemia, hyperlipidemia, hyperlipoproteinemia and 

hypercholesterolemia, is a highly connected disease class in CFN-G map. This result 

signifies the fact that any imbalance in lipid metabolism is the underlying cause of many 

complex disorders including cardiovascular disorders.  

 

The third class represents the muscoskeletal diseases with a connectivity frequency 

of 0.09. Arthropathy, osteoporosis, rheumatoid arthritis and short stature belong to 

muscoskeletal diseases that affect joints, internal organs and connective tissue. 

Immunological disorders display a connectivity frequency of 0.079 in the CFN-G. The 

disorders caused by bacterial infections, such as sepsis, leprosy, Crohn disease indicate the 

contribution of inflammation to the disease.  
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Figure 4.9. Complete CFN-G graph as the combination of 227 functional modules that are found to be associated with disease terms 
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Figure 4.10. Distribution of disease terms and disease classes in CFN-G graph 

 

4.3. Evaluation of CFN Functional Modules 

 

The computational framework to evaluate the functional modules enumerated from 

CFN constitutes the scoring the functional modules for co-occurring KEGG pathway 

terms, localization information, and an integrated disease ontology composed of MeSH 

terms and OMIM database, co-expression patterns and evaluation of these modules. The 

steps that are followed were explained in Methodology and general layout of the 

computations is depicted in Figure 3.2.  

 

4.3.1. Evaluation and Scoring of CFN Modules 

 

The functional modules enumerated in CFN were evaluated in terms of the shared 

pathways, cellular localization and shared disease terms. There is accumulating evidence 

that proteins participate in the same/similar pathways are often co-localized and tend to 

share GO terms. In addition, genes contributing to a common disorder have an increased 

tendency for their products to interact through protein-protein interactions. Therefore, 

taking the pathways and localization information together has the potential to generate a 

reliable measure to select the informative functional modules.  
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Each of these functional modules was scored for the frequency of appearance of 

pathway, localization and disease term. KEGG pathway classification scheme involves 338 

pathways [163], LOCATE scheme contains 30 cellular localizations [164] and MeSH 

disease scheme involves 3630 disease terms [161]. Co-expression is another indicator to 

evaluate the relation between the proteins. The gene expression data was extracted from 

Gene Expression Omnibus [166]. To understand the co-expression profile Pearson 

correlation coefficient in assigned to each of the interactions in the network. Later for each 

of the 566 functional modules the average Pearson correlation coefficient is calculated and 

assigned to the corresponding module (PCCAVG).  

 

To achieve a reliable measure to analyze and evaluate the functional modules a non-

linear model, which is a function of the corresponding scores of RKEGG, RLOC ROMIM and 

PCCAVG, was proposed. Genetic Algorithm is applied to estimate the model parameters 

where the population was evolved for 100 generations. The estimated model parameters 

were then used to evaluate the functional models enumerated from CFN. The estimated 

model parameters are presented in Table 4.5.  

 

Table 4.5.  Estimated nonlinear model parameters for CFN 

Classification  

N 2.0155 0.2159 

RKEGG 2.0998 0.0017 

RLOC 1.9674 0.0177 

ROMIM 2.0016 0.0002 

PCCAVG 1.8023 0.2109 

 

4.3.2. Assembly of Top Scoring CFN Modules 

 

The top scoring functional module is a four member module constituting F7, F9, F10 

and FURIN and has well documented roles in extrinsic pathway of blood coagulation. F7, 

F9 and F10 are core proteins, however FURIN is a ubiquitously expressed endoprotease 

[215], which responsible for the maturation of key platelet aggregation/coagulation 

mediators synthesized by the platelet producers [216]. FURIN has been found to improve 

the processing efficiency and activity of F9 [217].  
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Table 4.6. Top scoring functional module in CFN 

Module431 RKEGG RLOC ROMIM PCCAVG 

Score 1.000 0.7206 0.6568 0.4931 

p-val 0.00E+00 6.68E-07 6.87E-06 - 

F7, F9, F10, 

FURIN 

Complement 

and coagulation 

cascade 

Extracellular 

region, 

endoplasmic 

reticulum 

Atherosclerosis, 

myocardial infarction, 

coronary artery 

disease, hematuria 

 

 

The selection criterion was based on the clusters formed by the assembly. Since the 

major aim is to elucidate the shared mechanisms, the number of clusters formed was the 

basis. According to this, when the members of 25 top scoring functional modules are 

assembled in a network, five distinct clusters were observed. These individual clusters 

correspond to the major mechanisms that play important role in the disease, such as 

coagulation cascade, renin-angiotensin system, lipoprotein mechanism and inflammatory 

response. However, the assembly of top scoring 100 functional modules formed a single 

cluster; thereby potentially indicated shared mechanisms. In addition, the number of hub 

proteins included in the network was maximized for the top-100 network, hence sufficient 

to link the shared pathways. The basis of the selection criteria is presented in Table 4.7.  

 

Table 4.7. Selection criteria of the top scoring functional modules in CFN according to the 

results obtained from Genetic Algorithm 

Modules Top-25 Top-50 Top-75 Top-100 Top-150 Top-200 

N 50 83 98 108 130 147 

l 121 253 375 412 587 709 

c-proteins 34 52 58 62 84 101 

hub proteins 1 7 9 10 10 10 

clusters 5 4 3 2 2 2 

 

Among 566 functional modules evaluated, the 108 proteins involved in top scoring 

100 functional modules were assembled in a condensed linkage network indicating the 

proteins involved in the biological processes of CVD. This condensed linkage network is 

presented in Figure 4.11. The proteins appear in this network suggest the possible 

intersections between the biological processes. Among those 108 proteins, 62 of them are 

the core proteins, i.e. it is well documented that these proteins are associated with CVD. 
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Among the core proteins, 10 proteins were identified as hub proteins, which play central 

roles in CFN. 46 of these proteins were not reported at the time this study started.  

 

To elucidate the shared pathways the proteins assembled in this network were 

analyzed with AmiGO to identify distinct biological processes. Seven GO terms with non-

overlapping 59 members indicated the major processes involved in the progress of the 

disease. The GO terms enriched in the condensed map are presented in Table 4.8.  

 

Table 4.8. GO terms enriched in the condensed network. Seven distinct GO terms 

corresponding to separate processes were elucidated 

GO Term p-val Genes 

GO:0007598 blood coagulation, extrinsic pathway 7.19E-10 F3 F9 F10 F7 TFPI 

GO:0042730 fibrinolysis 2.47E-08 F12 GP1BA F2 SERPINE1 PLG F11 PLAU 

GO:0010883 regulation of lipid storage 5.39E-06 PPARA APOB CD36 LPL APOC4 ITGB3 

GO:0003018 vascular process in circulatory 

system 
1.15E-10 

VEGFA NOS1 AGTR2 NOS3 NPPA AGT 

AGTR1 PTGS2 APOE INS ACE EDN1 

GO:0030299 intestinal cholesterol absorption 4.32E-06 APOA1 APOA2 LEP APOA4 LDLR 

GO:0046427 positive regulation of JAK-STAT 

cascade 
2.15E-07 IL6 IL2 IL4 IL3 CSF2 IFNG IL5 

GO:0007249 I-kappaB kinase/NF-kappaB 

cascade 
1.10E-15 

TLR8 MYD88 IRAK2 LY96 TLR10 

TIRAP TNFRSF1A TLR7 CD40 TNF 

ADIPOQ TLR6 IL10 TLR9 IRAK4 TLR2 

TLR4 

  

The members of the top scoring functional modules in CFN were assembled in a 

condensed functional linkage network (Figure 4.11). Circle nodes represent the proteins 

that were previously reported to be associated with the disease. Diamond nodes are also 

core proteins, but these proteins serve as hubs in the CFN. Square nodes represent the 

proteins that are captured through the extension of the core network. The nodes are colored 

according to the GO terms enriched in the network. In this condensed network, as 

expected, the presence of the members present in the complement and coagulation cascade, 

fibroblast growth factors, the proteins involved in the lipoprotein mechanism, renin-

angiotensin system and the processes involved in inflammation was clearly observed 

through visual inspection.  
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Figure 4.11. Condensed functional linkage network constructed from the top scoring CFN functional modules  
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F3, F9, F10, F7, TFPI represent the members of the extrinsic pathway of coagulation 

cascade (p-val = 7.19E-10) in this condensed network. Blood coagulation and platelet-

mediated primary haemostasis are well characterized defense mechanisms against 

bleeding, and is triggered in response to rupture of endothelium, which allows exposure of 

blood to the extravascular tissue. At sites of vascular injury, activation of blood 

coagulation results in the generation of high concentrations of thrombin that activate 

platelets and coagulate blood. Depending on the factors affecting the initiation of the 

coagulation process, the cascade is mainly composed of two paths: extrinsic and intrinsic 

pathway. Quantitatively, intrinsic pathway possesses a slower action and extrinsic pathway 

provides a rapid response to tissue injury. The instant response of extrinsic pathway is to 

augment the activation of intrinsic pathway, which takes several minutes. The initiation of 

the extrinsic pathway starts with the exposure of tissue factor (F3) to blood, serving as a 

cofactor to the enzyme F7, where subsequently the F3-F7 complex efficiently activates 

factor IX (F9) and factor X (F10) [48]. In fact, a careful control of coagulation is required 

for anticoagulant mechanisms and, under normal conditions; they prevail over the 

procoagulant forces [49]. An efficient coagulation system is accomplished by several 

anticoagulant mechanisms, ensuring that the clotting process remains a local process [218]. 

One of the ways of controlling blood coagulation is achieved by tissue factor pathway 

inhibitor (TFPI) where it regulates the very initiation of coagulation by binding and 

inhibiting active form of factor V that is associated with the F3-F7 complex [219, 220].  

 

Another cluster associated with fibrinolysis through intrinsic blood coagulation 

constitutes F12, GP1BA, F2, SERPINE1, PLG, F11, PLAU, which ultimately possess 

fibrinolysis (p-val = 2.47E-08), where F2, F11 and F12 are well characterized proteins 

involved in the intrinsic pathway of blood coagulation. The initiation of intrinsic pathway 

starts with Factor XII (F12) binding of the protein to the endothelial surface that is exposed 

to tissue injury. Upon the activation of F12, further amplification is triggered by the 

activation of Factor XI (F11). The extrinsic and intrinsic pathways coalesce at the 

production of thrombin (F2) [49, 221]. Thrombin results in thrombus formation either by 

conversion of fibrinogen to fibrin or by platelet activation. Plasmin is the major fibrinolytic 

protease. Plasminogen (PLG), a circulating plasma zymogen, can be converted into 

plasmin by urokinase (PLAU). Through a positive feedback mechanism, plasmin cleaves 

PLAU, transforming into a more active peptide. Fibrin, the major plasmin substrate, 
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regulates its own degradation by binding plasminogen activator (PLA) on its surface, 

thereby localizing and enhancing plasmin generation. Once formed, plasmin cleaves fibrin, 

generating soluble degradation products. Fibrin dissolution is also regulated by inhibitors 

of PLG activation, such as PLG activator inhibitor (SERPINE1) [222]. Although not 

presented with the fibrinolysis GO annotation; Von Willebrand Factor (VWF), which is a 

glycoprotein, serves as a mediator for the adhesion of platelets to the collagen exposed on 

endothelial cell surfaces. VWF has an important function in primary homeostasis and has a 

pivotal role in thrombogenesis. Glycoproteins, GP1BA, GP5 and GP9 are the major 

receptors for VWF, promoting a more stable interaction with circulating platelets [223].   

 

Notably, in the condensed network the blood coagulation pathways (both intrinsic 

and extrinsic) are connected to fibrinolysis through fibrinogens (FGA, FBG, FGG), which 

are cleaved by thrombin to form fibrin, where the cleavage products of fibrinogen and 

fibrin regulate cell adhesion displaying vasoconstrictor activities; antigens (CD9, CD36) 

and integrins (ITGA2B, ITGB3). Addition to these, the modularization of fibrinogens, 

antigens and integrins are completed with vitronectin (VTN), which functions as a cell 

adhesion factor. VTN is a circulatory protein that regulates coagulation and fibrinolysis, 

cell lysis via the complement cascade, and cell binding and migration. VTN forms a bridge 

in the condensed network; it might have a dual effect on fibrinolysis while interacting both 

with ITGB3 and SERPINE1. Reports suggesting that inhibition of ITGB3 are influenced 

by the alternations in the VTN expression [224], and the lifetime extension of SERPINE1 

upon binding of VTN during fibrinolyis inhibition [225] provides additional evidence for 

the possible dual role of VTN in fibrinolysis. SERPINE1-VTN binding interaction also 

affects cell adhesion and motility. Elevated SERPINE1 activities are associated both with 

coronary thrombosis and with a poor prognosis in many cancers [225]. Therefore, in the 

condensed network the link relating fibrinolysis to tumor progression is proposed to be 

established through the ITGB3-VTN-SERPINE1 connection. VTN is suggested to play a 

pivotal role in the process; hence further assessments are required to evaluate its potential 

as a drug target.  

 

In the condensed network, two proteins encoded by the genes FURIN and GGCX 

were not present in the core proteins, i.e. were not previously associated with CVD. 

FURIN is a ubiquitously expressed endoprotease [215], which responsible for the 
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maturation of key platelet aggregation/coagulation mediators synthesized by the platelet 

producers [216], and involved in tumor growth and progression [226]. The association of 

FURIN with the coagulation cascade was reported in Chinese hamster ovary cells, where 

over-expression of FURIN improved the processing efficiency and resultant specific 

activity of F9 [217]. GGCX is a carboxylase which was reported to be involved in the 

familial combined deficiency of vitamin K-dependent coagulation factors. All vitamin K-

dependent coagulation factors, F2, F7, F9, and F10 are carboxylated to attain binding of 

calcium and attachment to phospholipid membranes. These evidences suggest that, 

although previously reported, FURIN and GGCX are involved also in the platelet 

activation and coagulation process, hence further investigation is required to assess their 

function as mediators in the coagulation cascade. In fact, the pivotal role of FURIN in the 

malignant tumor progression and mediator in coagulation cascade may provide the link 

between the neoplasms and CVD.  

 

APOB, LPL, APOC4, PPARA, CD36, ITGB3 are functionally associated with 

regulation of lipid storage (p-val = 5.39E-06). Apolipoprotein B (APOB) plays a vital role 

in transportation of lipids in the form of chylomicrons, which subsequently undergo 

lipolysis by lipoprotein lipase (LPL). LPL is the principal enzyme responsible for 

hydrolysis of circulating triglycerides and is active in differentiated macrophages. 

Although its role in lipid metabolism is known, reports suggest that interleukin-6 (IL6) 

[69] and tumor necrosis factor (TNF) [204] inhibit LPL activity, thereby these 

proinflammatory cytokines have pathophysiological roles in altering human adipocytokine 

metabolism. Although statins have a moderate effect on increasing high-density-

lipoproteins (HDL) concentrations with 5-10 per cent, the action of transcription factor 

peroxisome proliferator-activated receptor alpha (PPARA) under fibrate influence has a 

profound effect on the therapy to raise HDL concentration and decrease triglyceride levels 

without making a major effect on low-density-lipoprotein (LDL) levels [185]. The 

involvement of CD36 in lipid metabolism is through its role in the prevalence of modified 

LDL uptake in macrophages [183]. In fact, the binding of modified LDL to CD36 triggers 

the release of proinflammatory cytokines.     

 

As a continuation of the regulation of lipid storage, APOA1, APOA2, APOA4, 

LDLR and LEP have roles in intestinal cholesterol absorption (p-val = 4.32E-06). APOA1, 
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APOA2 and APOA4 are the members of apolipoprotein family, where APOA1 and 

APOA2 are the main components of HDL. The HDL regulation is also controlled through 

PPARA, where its agonists have been shown to up-regulate APOA1 gene [227] and 

increase in the APOA2 concentration, thereby contributing to the increase in the HDL 

concentration [228], where low-density-lipoprotein receptor (LDLR) contributes to the 

uptake of HDL by the liver. In this cluster associated with the cholesterol absorption, 

although the function of APOA4 is not precisely determined, it participates in the 

regulation of many pathways, appears to be stimulated by fat absorption, which is 

mediated by chylomicrons [229], and involves in the body weight regulation in humans 

[230]. In fact, leptin (LEP), an adipocyte derived hormone, controls body weight and lipid 

storage and ensures body energy homeostasis through three different mechanisms: control 

of food intake, energy partitioning and energy expenditure [231]. However, recent report 

suggests the regulation of APOA4 is achieved by LEP, indicating the existence of a 

functional linkage leading to food intake suppression [232].  

 

Along with lipid and cholesterol metabolism, vascular processes in the circulatory 

system (p-val = 1.15E-10) that controls the blood pressure is presented in the condensed 

network by the proteins APOE, INS, AGTR2, AGT, AGTR1, ACE, NOS1, NOS3, NPPA, 

VEGFA, PTGS2, EDN1. The unexpected entities in this cluster are apoliporotein E 

(APOE), which is involved in the lipid metabolism, and insulin (INS), which is associated 

with insulin metabolism. The presence of these proteins is attributed to the cross-talk 

between the lipid, insulin and renin-angiotensin mechanism (RAS), where the majority of 

the proteins belong to. RAS has been the center for intensive research for its pivotal roles 

in regulating blood pressure in hypertension, as well as optimization of blood glucose. 

Angiotensinogen (AGT), angiotensin II receptor, type 1 (AGTR1), angiotensin II receptor, 

type 2 (AGTR2), angiotensin I converting enzyme (ACE) have pronounced roles in the 

RAS [233, 234].  

 

The blockage of RAS exerts potent antiatherosclerostic events, hence many 

inhibitors of the RAS are clinically approved for reducing blood pressure, including drugs 

that target ACE, AGTR1 and AGTR2 [41]. The contribution of NOS elements is due to 

their vasodilator role in the vascular homeostasis. NOS has three major isoforms, neuronal 

NOS (nNOS or NOS1), inducible NOS (iNOS or NOS2), the endothelial NOS (eNOS or 
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NOS3), all of which have the same mechanism of NO production. NOS1 and NOS3 

constitutively produce small quantities of NO and are expressed by endothelium and 

perivascular nerves, respectively [56, 235]. Despite NOS1 has been identified in 

atherosclerotic lesions, its role is unclear. But experimental studies support the evidence 

that NOS1 also generates vascular responses [236]. On the other hand, NOS3 is activated 

by mechanical stresses such as blood flow-mediated shear stress and stimulation with 

vasoactive substances. NOS3 controls vascular tone, inhibits monocyte and leukocyte 

adhesion to the endothelium, inhibits platelet aggregation, and decreases endothelial 

permeability. However, the action of NOS3 catalytic activity can be uncoupled, leading to 

superoxide production. Reaction with superoxide reduces the bioavailability of NO, 

impairs vasomotor function, and increases platelet aggregation, monocyte and leukocyte 

adhesion to the endothelium. Superoxide and other reactive oxygen species are involved in 

modification of lipids, induce proinflammatory genes, and increase cellular proliferation. 

Superoxide can also activate matrix metalloproteinases and produce apoptosis, which may 

contribute to instability of atherosclerotic lesions. Therefore superoxide can be regarded in 

general as a pro-atherogenic molecule [236]. There is direct evidence that NOS3 mutations 

can cause hypertension [237, 238] and many of the local functions of NO counterbalance 

proatherogenic effects of angiotensin II, showing that NOS3 deficiency in mice have 

increased plasma renin activity, hence probably also have increased production of 

angiotensin II [239]. Similar to NOS, natriuretic peptide precursor alpha (NPPA) controls 

the extracellular fluid volume, plays a key role in the cardiovascular and electrolyte 

homeostasis. Endothelin 1 (EDN1) is a potent vasoconstrictor that maintains vascular tone, 

and associated with pulmonary hypertension [157]. It has been reported that AGTR1 exerts 

indirect contractile response by simulating the synthesis of EDN1 [233].  

 

The involvement of signaling pathways in the pathophysiological processes of the 

cardiovascular diseases received much attention. JAK-STAT signaling (p-val = 2.15E-07) 

and NF-B signaling (p-val = 1.10E-15) pathways are also represented in the condensed 

network. The former is one of the major pathways that cytokine receptors signal through. 

Five members of interleukin family (IL2, IL3, IL4, IL5, IL6), CSF2 and IFNG are 

annotated with positive regulation of JAK-STAT pathway. JAK kinases and STAT 

proteins are constitutively expressed in the vessel wall and transfer intracellular signaling 

events of various receptor families, such as cytokines, growth factors and vasoactive 
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peptides such as angiotensin II or EDN1. The activation of JAK-STAT pathway is 

mediated through variety of ligands and their receptors, where its activation leads to 

stimulation of cell proliferation, differentiation, migration and apoptosis. However, the 

inhibition of the pathway is achieved through negative regulators such as: suppressors of 

cytokine signaling (SOCS), protein inhibitors of STATS (PIAS) or protein tyrosine 

phosphatases [240]. In the last two decades, there was an intense research to understand the 

action of interleukins as inflammatory cytokines and their prominent roles in the activation 

of JAK-STAT pathway [55, 241-244]. The potential effect of the JAK-STAT signaling 

pathway on cardiovascular pathophysiology is possibly due to the fact that JAKs may bind 

directly to AGTR1 [245].   

 

The latter, NF-B pathway is one of the main signaling pathways activated in 

response to proinflammatory cytokines, including TNF, and IL1, as well as following 

activation of the Toll-like receptors (TLR). It is now a well documented phenomenon that 

inflammation is significantly associated with cardiovascular disease [2, 56, 246]. NF-B 

signaling is stimulated by cytokines such as TNF, which activates the IB kinase (IKK) 

complex that phosphorylates IB proteins, leading to IB degradation and NF-B 

translocation into the nucleus. Activated NF-B regulates transcription from promoter 

regions of approximately 300 genes, including those encoding cytokines and several NF-

B family members that can feedback to regulate the system. Signaling through NF-B 

can regulate diverse cellular outcomes, including cell death or division [247].  

 

The module which is not connected to the major component of the condensed 

network constitutes proteins GSTT1, GSTM1, CYP1A1 and EPHX1. GSTM1 and GSTT1 

are members of Glutathione-S-transferase family of proteins, which play a major role in 

cellular antioxidant defense mechanisms by catalyzing the reduction of potentially harmful 

peroxides. The family of enzymes is known as detoxification enzymes responsible for the 

metabolism of a broad range of xenobiotics and carcinogens [248]. GSTM1 and GSTT1 

enzymes detoxify not only products of oxidative stress but also carcinogenic compounds 

such as polycyclic aromatic hydrocarbons, a major constituent of tobacco smoke. 

Therefore, these proteins were suggested as susceptibility factor in smoking related CHD 

[249]. The variations in the GSTM1 and GSTT1 were shown to alter the susceptibility to 

atherosclerosis [248]. Also these proteins have protective roles for developing CVD [250]. 
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Similar to GSTM1 and GSTT1, the genetic variability in CYP1A1 is suggested to play a 

role in coronary heart disease [251, 252].  

 

Although GSTM1, GSTT1 and CYP1A1 have well documented roles in CVD, 

contradictory results were reported for EPHX1. Microsomal epoxide hydrolase (EPHX1, 

also referred as mEH) is a xenobiotic-metabolizing enzyme involved in the 

biotransformation of reactive intermediates and is expressed in several human tissues 

including the heart and blood vessels [253] and liver, lung, kidneys, intestine, brain, 

prostate, heart and testes [254]. The broad substrate selectivity and prominent expression in 

the liver and other metabolizing organs, ensures the widespread defense against potential 

genotoxic epoxides. Due to the special features described above, the mEH is involved in 

the efficient detoxification of many reactive epoxide intermediates [255]. Mutations in this 

gene cause preeclampsia, neurodegenerative disorders such as Alzheimer‘s and 

Parkinson‘s disease, early-onset lung cancer, and respiratory disorders [256-259]. 

Although, EPHX1 was not considered to play a significant role in the development of 

CVD [257], EPHX1 is capable of modulating the levels of DNA damage, which may 

contribute to the development of CVD. Since, there is growing evidence that DNA damage 

caused by mutagens found in tobacco smoke may accelerate the development of 

atherosclerosis [260], there is a need for further assessment in determining the roles of 

EPHX1 in cardiovascular disease.  

 

In the condensed network, as mentioned above fibrinolysis action is proposed to be 

associated with blood coagulation through ITGB3-VTN-SERPINE1 connection. The 

cellular processes involved in fibrinolysis and blood coagulation is connected to the rest of 

the condensed network through oncostatin M (OSM), which is not previously reported to 

be associated with CVD. Oncostatin M (OSM) is a pleiotropic cytokine that is produced by 

activated T-cells and macrophages and has shown to influence the course of inflammatory 

responses [261]. The protein is structurally and functionally related to IL6 and IL11, 

proteins that also influence immune and inflammatory function [262]. Despite OSM is not 

previously associated with CVD, there is direct evidence suggesting that SERPINE1 

present in the vessel wall through its antifibrinolytic and antiproteolytic properties is 

modulating key events in the pathophysiology of cardiovascular diseases. Increased 

amounts of SERPINE1 have been detected in atherosclerotic lesions [263]. Recently, 
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SERPINE1 has been also shown to increase smooth muscle cell proliferation and to 

decrease smooth muscle apoptosis [264]. Recent reports showed that OSM robustly up-

regulates the expression of SERPINE1 in human vascular smooth muscle cells [265] and 

suggested to establish the link between coagulation and inflammation [266]. Hence, our 

finding in this work supporting the potential role of OSM in connecting coagulation to 

inflammation is evident and in concordance with the previous reports.  

 

Another protein that is not previously associated with CVD is the hypoxia induced 

transcription factor 1 (HIF1A), might have roles in relating renin-angiotensin system with 

inflammation. HIF1A induces vascular endothelial growth factor (VEGF) pathway, as a 

response to growth factors and hormones such as insulin, in endothelial cells and plays an 

important role in mammalian cells cultured under reduced oxygen tension and systemic 

response to hypoxia. A number of complex disorders such as myocardial, cerebral and 

retinal ischemia, preeclampsia and cancer were reported to be closely associated to the 

deprivation of oxygen and glucose [168]. Although a number of studies were undertaken to 

elucidate the function of HIF1A, there is still need to investigate the detailed effect of 

HIF1A in CVD and other related conditions [169]. Therefore further detailed studies on 

oxygen homeostasis and HIF1A are required to understand the underlying mechanisms of 

these pathophysiological processes and its potential therapeutic role. 

 

4.3.3. Disease Interventions Derived from CFN 

 

The significant associations between diseases were generated through the shared 

genes among disease pairs. Initially the manual curation and elimination of MeSH terms 

yielded 3630 disease terms in the disease classification scheme. The 108 proteins in the 

condensed network were related to 445 disease terms. The associations between these 445 

diseases were calculated for each pair in terms of shared proteins. The significant 

associations were determined through random experiments, where each disease is 

associated with randomly assigned proteins, where the number of proteins linked with a 

particular disease term is kept constant. The significantly associated 162 disease pairs 

sharing at least two proteins were selected (p-val < 2.00E-03). According to this selection 

criterion, the disease pairs having a significant partnership are assembled in a complex 

disease map, presented in Figure 4.12. In this map, these 162 diseases were colored 
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according to the disease class, derived from Medical Subject Headings classification. The 

dominant disease class belongs to cardiovascular disease class, as expected. Along with the 

cardiovascular diseases, various type of neoplasms and diseases affecting endocrine 

metabolism, connective tissues and respiratory system are present in this map. Notably, the 

urogenital disorders are localized around cardiovascular diseases, suggesting that several 

types of kidney diseases are significantly also associated. The selected disease pairs having 

significant associations were presented in Table 4.9. The corresponding disease classes 

were shown in parenthesis, DO represents the disease overlapping score and p-val 

indicates the significance of the linkage.  

 

Proteinuria and left ventricular hypertrophy (LVH) is associated with a disease 

overlapping score 0.429 (p-val = 4.28E-13) where NOS3, TNF and ACE are shared among 

these diseases. Also, LVH is also linked to general kidney disease (p-val = 8.39E-08). 

Proteinuria is a kidney disease characterized by the presence of excessive protein in the 

urine and is accepted as an early manifestation of kidney dysfunction. It is regarded as a 

marker of loss of the normal selective barrier at the glomerular filtration slits. It also 

strongly correlated with markers of endothelial dysfunction [267]. On the other hand, left 

ventricular hypertrophy is the thickening and enlargement of the muscle in left ventricle of 

the heart, which belongs to a cardiovascular disease class. These two disorders have been 

found to be associated through TNF, NOS3 and ACE, where TNF is a multifunctional 

cytokine with an important role in inflammatory response and involved in lipid 

metabolism, coagulation, insulin resistance and endothelial function [55, 187]. NOS3 is 

activated by blood flow-mediated stress and has a role in controlling vascular tone and 

inhibits platelet aggregation and related with decreased endothelial permeability [236]. 

ACE has a prominent role in RAS involved in the regulation of blood pressure and RAS 

pathway inhibition facilitates the reduction of blood pressure [41]. The fact that ACE is a 

vasoconstrictor and NOS3 is a vasodilator indicates the importance of vascular 

homeostasis in both proteinuria and LVH. Statins are a class of drugs that are used to lower 

blood cholesterol levels and suggested to improve the prognosis of LVH [268]. Inhibition 

of ACE with statins arrests proteinuria and reduce modestly urinary protein excretion 

particularly in populations with cardiovascular disease [269-271]. Hence, our finding 

showing that proteinuria and LVH are strongly associated through partnering proteins can 

be attributed to the mechanisms maintaining vascular homeostasis, in concordance with a  
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Figure 4.12. Disease associations derived through CFN 
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Table 4.9. Selected pairs of disease terms derived from CFN displaying significant associations in terms of shared genes 

DiseaseTerm1 DiseaseTerm2 DO p-val Shared genes 

Proteinuria  (Urogenital) Left Ventricular Hypertrophy (Cardiovascular) 0.429 4.28E-13 NOS3, ACE, TNF 

Anemia (Hemic and Lymphatic) Hepatitis (Virus) 0.429 5.49E-13 LDLR, PLG, GSTM1, IFNG, EPHX1, IL10 

Proteinuria (Urogenital) Myocardial Infarction (Cardiovascular) 0.294 4.63E-10 NOS3, ACE, TNF, VEGFA, TNFRSF1A 

Atherosclerosis (Cardiovascular) Rheumatoid Arthritis (Musculoskeletal) 0.114 1.57E-09 CCL2, IL10, IL6, VEGFA 

Left Ventricular Hypertrophy (Cardiovascular) Kidney Disease (Urogenital) 0.333 8.39E-08 NOS3, TNF 

Aortic Aneurysm (Cardiovascular) Sarcoma (Neoplasms) 0.250 5.68E-07 MMP2, PLG 

Asthma (Respiratory Tract) Colitis (Digestive System) 0.231 5.58E-05 IL10, TNF, IL13 

Tuberculosis (Bacterial Infections ) Rheumatoid Arthritis (Musculoskeletal) 0.267 6.22E-05 CCL2, IFNG, IL10, TNF 

Systemic Lupus Erythematosus  

(Skin and Connective Tissue) 
Rheumatoid Arthritis (Musculoskeletal) 0.231 2.76E-04 IL10, IL6, TNF 

Hypertension (Cardiovascular) Obesity (Nutritional and Metabolic) 0.276 1.66E-03 
ACE, CD36, CETP, LEP, POMC, PPARA, 

SERPINE1, ADIPOQ 

Atherosclerosis (Cardiovascular) Obesity (Nutritional and Metabolic) 0.278 1.73E-03 
ADIPOQ, APOB, CCL2, CD36, CETP, FGA, 

INS, LEP, TLR4, TNF, UCP1 
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recent cohort study predicting the strength and nature of the association between 

proteinuria and the subsequent risk of CVD [272]. Therefore, the use of therapeutic 

strategies targeting to reduce proteinuria coupled with cardioprotection might be also 

beneficial the overall burden of CVD.  

 

In addition, a significant association of proteinuria and myocardial infarction was 

also observed with a DO = 0.249 (p-val = 4.63E-10) through partnering proteins NOS3, 

ACE, TNF, VEGFA and TNFRSF1A. The presence of TNF, VEGFA and TNFRSF1A as 

shared proteins suggests that inflammation is one of the key players in these disorders. 

TNF is a famous multifunctional cytokine, VEGFA is an endothelial mitogen which is 

involved in vascular permeability, angiogenesis, vasculogenesis and also in the inhibition 

of apoptosis [201]. Despite the blockage of RAS is suggested to reduce the risk of 

myocardial infarction with kidney dysfunction, a recent study employed the markers of 

inflammation and homeostasis in predicting the outcome of myocardial infarction in terms 

of platelet aggregation and effects on kidney disease. Taken together, our finding 

indicating the association of proteiuria with LVH and myocardial infarction suggest that 

these diseases are linked not only by RAS but also cytokines with an implication of 

inflammatory pathways, hence development of therapeutic strategies targeting both RAS 

and inflammatory mechanisms require further assessment to prevent the progress of CVD 

and the presence of proteinuria might be one of the markers in the disease.  

 

Atherosclerosis is linked with rheumatoid arthritis (RA) with DO = 0.114 (p-val = 

1.57E-09), although a low disease overlapping score was calculated for this association, 

the high confidence obtained through randomized experiments indicated its significance 

(Table 4.9). The link among these disorders was established through CCL2, IL10, IL6 and 

VEGFA. RA is characterized with the chronic inflammation of the joints. The co-existence 

of IL6 and IL10, which are well known inflammatory cytokines, indicates the possible link 

of between inflammatory pathways and atherosclerosis. VEGFA maintains vascular 

permeability, angiogenesis and vasculogenesis. CCL2 as a partnering protein establishing 

the link between atherosclerosis and RA was not previously reported with its association 

with CVD. In fact, CCL2 is one of the best studied chemokines, also known as monocyte 

chemotactic protein-1. Its binding with CC-chemokine receptor 2 initiates a series of 

signaling events recruit monocytes to inflammation sites in a variety of chronic 
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inflammatory diseases, hence regulates the gene expression that coordinate homeostatic 

response [273]. Increased cardiovascular morbidity and mortality is observed with RA 

patients, where the life expectancy is reduced by 10-15 years [274, 275]. The finding that 

endothelial dysfunction is a marker of early atherosclerosis is also valid for RA, and hence 

the therapies targeting anti-inflammatory mechanisms are suggested to improve the 

endothelial function in RA [276]. Supported with the evidence with previous reports, 

inflammatory mechanisms responsible for lesions in RA and involvement of endothelial 

dysfunction may contribute to the development of atherosclerotic plaques. Notably, RA is 

also found to be linked with tuberculosis (p-val = 6.22E-05) and systemic lupus 

erythematosus (SLE) (p-val = 2.76E-04) through inflammatory cytokines. The presence of 

CCL2 as a partnering protein in the link between RA and tuberculosis also supports our 

finding that CCL2 might have a vital role in maintaining homeostatic response.  
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5. TYPE 2 DIABETES RELATED FUNCTIONAL LINKAGE 

NETWORK 

 

 

5.1. Construction of Type 2 Diabetes Related Functional Linkage Network 

 

The construction of Type 2 diabetes functional linkage network was started with the 

proteins encoded by 494 genes (c-proteins) collected from genome–wide associations 

reported in literature [277-282]. The linkages between the proteins were extracted from 

STRING database v8.1, which establishes interactions through functional linkages, such as 

physical interactions, curated biological pathway knowledge, co-expression profiles, as 

well as the co-occurrences of protein pairs in database text fields and conservation across 

species, and assigns a confidence score according to the reliability of supporting data 

[158]. The core set of proteins were incorporated with the first neighbors to achieve a 

comprehensive disease related network constituting putative proteins that have potential 

links with the disease. To select the suitable confidence score for interactions, confidence 

scores varying from 900 to 990 was set to construct networks and these networks were 

analyzed in terms of coverage of core set of proteins and constitution of core proteins in 

the network. According to these selection criteria, as shown in Table 5.1., the confidence 

score threshold was set as 940; selection of such a stringent threshold confidence score for 

the linkages enabled us to construct a coherent functional linkage network. Although, all c-

proteins are covered for a confidence score 900, such a lenient criteria leads to abundance 

in the linkages, therefore a confidence score 940 was set as the threshold to eliminate the 

linkages while keeping the sufficient amount of core proteins in the network. Following the 

removal of singletons, the giant component of network based on the confidence score 940 

comprised 2734 nodes (proteins) and 14823 edges (functional linkages) and this network 

was entitled as Type 2 diabetes related functional linkage network (TDFN). In this 

network, among the 2734 proteins, 474 of them are c-proteins, which have previously 

defined associations with the disease. These 474 proteins form 17.33 per cent of the 

functional linkage network.  
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Table 5.1. Selection of confidence score for the construction of TDFN 

Confidence score 900 920 940 960 980 990 

N 3693 3217 2755 2201 1550 1221 

l 31294 20788 14889 9966 5014 3222 

c-proteins 494 489 477 458 406 365 

<k> 8.47 6.46 5.45 4.53 3.23 2.64 

% constitution 13.38 15.20 17.31 20.81 26.19 29.89 

% coverage 100.00 98.99 96.56 92.71 82.19 73.89 

 

5.1.1.  Analysis of TDFN Topological Properties 

 

The topological features of TDFN were analyzed in terms of the degree, k, clustering 

coefficient, C, and betweenness, b, for each node. The average degree <k>, average 

clustering coefficient <C> and average betweenness <b> for the network were calculated 

to be 10.84, 0.291 and 7581.6 respectively. The cumulative degree distribution n(k) (Figure 

5.1) and clustering coefficient distribution C(k) (Figure 5.2) with respect to degree 

distribution, followed the Power law, indicating that many proteins are linked to a few 

other proteins but only a few of them have many interactions, hence providing additional 

evidence that the network of interest exhibits a scale-free behavior with a degree exponent, 

 = 2.54 (R
2
 = 0.8995).  

 

The betweenness distribution b(k) was also well characterized with Power law 

scaling (Figure 5.3), meaning that many proteins are located at the periphery while a few 

proteins are located at the center of the network, and hence responsible for communication 

within the network. The effect of removing the nodes with higher betweenness is similar to 

that of excluding a hub protein from the network and proteins displaying high betweenness 

are reported to be likely essential and evolutionary conserved.  

 

5.1.2.  Selection of Hub Proteins in TDFN 

 

Hub protein in network play crucial roles in the networks while maintaining stability and 

providing intercommunication. Therefore, these key players in the TDFN were selected to 
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Figure 5.1. Cumulative degree distribution n(k) of TDFN with respect to degree 

distribution in TDFN 

 

 

Figure 5.2. Clustering coefficient distribution C(k) with respect to degree distribution in 

TDFN 
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Figure 5.3. Betweenness distribution b(k) with respect to degree distribution in TDFN 

 

understand the governing major biological systems present in the network. The hub protein 

selection criterion is based on the accumulative degree and betweenness distributions with 

respect to degree. These two measures were incorporated to identify hub proteins. To 

select the most informative entities in the network, the proteins that are listed at the top one 

per cent of the accumulative degree and accumulative betweenness distributions were 

entitled as hub proteins. The accumulative degree distribution graph shows that 12.1 per 

cent of the proteins in TDFN have single linkage (Figure 5.4), whereas 18.4 per cent of the 

proteins were located at the periphery (Figure 5.5), hence no contribution to the 

communication in the network.  

 

The intersection of the highest top one per cent accumulative degree and 

betweenness distribution yielded 23 proteins, which have vital roles in the network. The 

degree of hub proteins ranges between 89 to 240 with an average of 121 interactions, 

whereas the betweenness (log(b)) ranges between 5.113 to 5.869.  

 

15 out of 23 hub proteins are previously associated with the disease, listed in c-

proteins. The hub proteins identified in the network are presented in Table 5.2. 
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Figure 5.4. Accumulative degree distribution of TDFN with respect to degree distribution 

 

 

Figure 5.5. Accumulative betweenness distribution of TDFN with respect to degree 

distribution 
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Table 5.2. Topological properties of hub proteins in TDFN 

Symbol Name 
Degree, 

k 

Betweenness, 

log(b) 

Clustering 

coefficient, C 

TP53 tumor protein p53 240 5.869 0.0346 

AKT1 v-akt murine thymoma viral oncogene homolog 1 182 5.713 0.0574 

EGFR epidermal growth factor receptor 136 5.423 0.0858 

SRC proto-oncogene tyrosine-protein kinase Src  135 5.516 0.0829 

INS insulin 131 5.764 0.0429 

JUN transcription factor AP-1 130 5.420 0.1005 

IFNG interferon, gamma 129 5.201 0.1125 

MAPK8 mitogen-activated protein kinase 8 126 5.429 0.0787 

MAPK3 mitogen-activated protein kinase 3 123 5.258 0.0833 

IL2 interleukin 2 119 5.203 0.1286 

MAPK1 mitogen-activated protein kinase 1 119 5.192 0.0792 

GRB2 growth factor receptor-bound protein 2 118 5.113 0.1130 

STAT3 signal transducer and activator of transcription 3 113 5.263 0.1195 

EP300 E1A binding protein p300 109 5.317 0.0732 

STAT1 signal transducer and activator of transcription 1 105 5.145 0.1161 

IL6 interleukin 6 102 5.197 0.1355 

CCND1 G1/S-specific cyclin-D1 102 5.209 0.1250 

MYC C-myc protein 102 5.121 0.1070 

VEGFA vascular endothelial growth factor A 99 5.292 0.1053 

FOS v-fos FBJ murine osteosarcoma viral oncogene homolog 99 5.292 0.1179 

EGF epidermal growth factor 91 5.132 0.1199 

CTNNB1 catenin 91 5.268 0.0904 

IGF1 insulin-like growth factor 1 (somatomedin C) 89 5.205 0.0886 

 

The 23 hub proteins in TDFN have degrees, k, varying in the range of 89 (IGF1 – 

insulin like growth factor) to 240 (TP53 –tumor protein 53). TP53 is a tumor repressor and 

responds to a variety of cellular stresses that regulate cell cycle arrest, apoptosis and DNA 

repair. Gene Ontology (GO) terms enriched in the 23 hub proteins indicate the major 

cellular mechanisms that govern throughout the network. The biological processes GO 

categories significantly enriched in hub proteins (p-val < 1.48E-09) indicate that the 

selected hub proteins are involved in the regulation of response mechanisms to external 

stimulus, signal transduction and cell proliferation. The selected GO terms enriched in 23 

hub proteins are listed in Table 5.3. 
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Table 5.3. Gene Ontology terms enriched in the hub proteins in TDFN 

GOTerm p-val Proteins 

GO:0007243 intracellular protein kinase 

cascade 
4.08E-16 

STAT1 IL6 INS IL2 MAPK8 GRB2 STAT3 IFNG 

AKT1 MAPK1 EP300 SRC EGF CTNNB1 EGFR 

GO:0008284 positive regulation of cell 

proliferation 
1.54E-15 

STAT1 IL6 CCND1 INS MYC IL2 JUN IFNG 

IGF1 VEGFA MAPK1 EGF CTNNB1 EGFR 

GO:0009605 response to external stimulus 1.56E-13 
STAT1 IL6 CCND1 INS MYC IL2 FOS JUN 

IFNG AKT1 VEGFA MAPK1 EP300 TP53 

GO:0070887 cellular response to chemical 

stimulus 
6.20E-12 

STAT1 IL6 CCND1 INS GRB2 FOS STAT3 IFNG 

AKT1 VEGFA EP300 CTNNB1 

GO:0009725 response to hormone stimulus 2.17E-11 
STAT1 IL6 CCND1 INS GRB2 FOS STAT3 

AKT1 MAPK1 EP300 CTNNB1 

GO:0045941 positive regulation of 

transcription 
9.47E-10 

IL6 MYC IL2 FOS STAT3 JUN IFNG VEGFA 

MAPK1 EP300 TP53 CTNNB1 

GO:0010628 positive regulation of gene 

expression 
1.48E-09 

IL6 MYC IL2 FOS STAT3 JUN IFNG VEGFA 

MAPK1 EP300 TP53 CTNNB1 

 

5.1.3.  Enumeration of Functional Modules in TDFN 

 

Genes participate in similar biological processes, share GO terms and operate in 

similar functions have a tendency to localize as dense groups in interaction networks [5]. 

These entities are considered as functional modules, where the members functionally 

linked to each other. The functional modules in TDFN were derived based on modularity 

measure, as explained in Methodology. The Python scripting language is implemented to 

decipher the functional modules, where the members have the maximum allowable 

interaction, hence Q = 1. The algorithm used in this study, rather than assigning proteins 

into distinct clusters, allows the presence of proteins in many functional modules. The 

algorithm produced 10015 functional modules, the size of the modules ranges from two to 

14, with an average module size of 4.03, hence with the supporting information that 

modules consisting four or more members are biologically meaningful, the 5355 modules 

of size four and above were considered for further analyses. In the selected functional 

modules, out of 2734 proteins in TDFN, 1362 (49.8 per cent) were represented. 

 

The hub modules play important roles in maintaining the communication in the 

network, therefore to understand the extent of the effect due to any loss of activity in these 

proteins, the distribution of hub proteins in the functional modules was calculated. As 

expected, because of their high numbers of interaction and presence in central network, all 
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of the hub proteins display the highest frequency in functional modules. Figure 5.6 shows 

the frequency of occurrence of the hub proteins in the functional modules with respect to 

the other proteins. The selected hub proteins are indicated with red diamonds. For instance, 

TP53 is present in 526 modules with a frequency of occurrence 0.098. The graph is 

presented in descending appearance of proteins from highest to lowest. The hub proteins 

are colored to facilitate visual inspection. The self distribution of each hub protein in 

functional modules according to the size of the modules is presented in Figure 5.7. TP53 is 

distributed among functional modules with varying sizes from four to eight. Notably, the 

largest modules in TDFN belong to protein complexes.  

 

The two largest modules consist of 14 proteins, where the members are DNA 

directed polymerase II subunits (POLR2A, POLR2B, POLR2C, POLR2F, POLR2G, 

POLR2H, POLR2I, POLR2K, POLR2L), TFIIH basal transcription factor complex 

helicase subunits (ERCC2, ERCC3), cell division kinase protein 7 (CDK7), transcription 

initiation factor IIB (GTF2B),  TATA-box-binding protein (TBP) and cyclin-H (CCNH), 

where TBP and CCNH are interchangeable in two modules. These proteins function in 

RNA elongation from RNA polymerase II promoter (p-val = 3.92E-41), where the 

extension of RNA is performed after the transcription initiation at an RNA polymerase II-

specific promoter.  

 

The six modules consisting of 12 proteins belongs to proteasome subunits (PSMA1, 

PSMA2, PSMA3, PSMA4, PSMA5, PSMA6, PSMA7, PSMB1, PSMB2, PSMB3, 

PSMB4, PSMB5, PSMB6, PSMB7, PSMD4) with interchangeable proteins PSMB6, 

PSMB7 and PSMD4. These proteins function in the negative regulation of ubiquitin-

protein ligase activity (p-val = 7.60E-36).  

 

On the other hand, other 12 member functional modules consist of the 

minichromosome maintenance complex (MCM2, MCM3, MCM4, MCM5, MCM6, 

MCM7, MCM10), origin recognition complex (ORC1L, ORC2L, ORC4L, ORC5L), cell 

division cycle 45-like (CDC45L), cell division cycle homolog 6 (CDC6) and activator of S 

phase kinase (DBF4), with varying proteins. The proteins in these modules play roles in 

DNA replication (p-val = 1.00E-25). Replication of DNA must be accurate and precisely 

regulated, since it should be completed only once in each cell cycle. The initiation of cell  
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Figure 5.6. Frequency of presence of the proteins in TDFN in functional modules 

 

 

Figure 5.7. Self distribution of hub proteins in TDFN according to the size of the 

functional modules 

 

cycle requires the assembly of pre-replication complex, which recruits many proteins and 

complexes. ORCL1-6 proteins are the members of origin recognition complex which binds 

to chromatin. The formation of origin recognition complex is a cascade of protein subunit 
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interactions, where the major component is ORCL2, which is responsible to bind the 

chromatin throughout the cell cycle [283]. CDC6 associates with ORCLs and the pre-

replication complex is completed upon the interaction of MCM2-7 proteins. The initiation 

of DNA replication is triggered with a coordinated action of DBF4-CDC7 and CDC45L. 

The action of CDC45 is to regulate DNA replication by controlling only one replication of 

chromosomal DNA is completed per cell cycle, hence considered as the rate limiting step 

in the DNA replication process [284]. 

 

5.2.  Evaluation of TDFN Functional Modules 

 

The second phase includes the evaluation and scoring of the functional modules 

according to the member‘s co-occurrence in similar pathways, co-localized, shared similar 

disease terms and exhibit similar expression patterns. The computational layout explaining 

the steps considered is the same with CFN, presented in Figure 3.2.  

 

5.2.1.  Evaluation and Scoring of TDFN Modules 

 

The module enumeration algorithms produce massive amounts of entities to be 

analyzed to elucidate the most informative and reliable components. Due to the mounting 

evidence that proteins function together to exhibit a single action often tend to participate 

in similar pathways, co-localized and share GO Terms. In fact, genes contributing to a 

disorder have increased tendency for their products to be functionally related. Hence, the 

functional modules enumerated from TDFN were evaluated in terms of sharing similar 

expression patterns, participation in pathways, co-localization and association with similar 

diseases. Combination of various resources provides a deliberate and consistent evaluation 

method.   

 

The scoring of the functional modules was initiated with the assembly of the data 

that will be incorporated. KEGG Pathway database was used to associate biological 

pathways, where the classification scheme involves 338 pathways, including major 

metabolic processes, as well as disease pathways [163]. LOCATE database was utilized to 

determine the co-localization information, where the proteins are assigned to 30 different 

subcellular compartments [164]. Medical Subject Headings (MeSH) [161] was 
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incorporated with OMIM database to achieve the disease associations. Manual curation of 

the MeSH database yielded 3,630 disease terms and these disease terms were categorized 

into 23 different disease classes depending on the system that is exposed to disease. These 

3,630 disease terms were then searched in OMIM database to associate genetic information 

with the diseases. To assess the reliability of the scores assigned to the modules, the 

associations in the classification schemes were randomly shuffled 10
3
 times and calculated 

score was compared with the distribution of the random scores.  

 

Co-expression patterns of 58 samples were analyzed through the incorporation of 

four microarray experiments, namely GSE7146 [285], GSE15653 [286] and GSE2510 

[166, 287]. To evaluate the co-expression pattern in the functional modules, Pearson 

correlation coefficients (PCC) were calculated and assigned for each interaction in the 

network. The functional module average PCCs (PCCAVG) were calculated from the 

interactions and this score is considered as the co-expression score of the modules.  

 

Upon the scoring of the functional modules, four different scores were obtained: 

RKEGG, RLOC, ROMIM and PCCAVG.  These scores were varied from zero to one, where one 

indicates the consistency in the module. To select the informative top scoring functional 

modules a non-linear model was proposed, where the parameters were estimated using 

Genetic Algorithm. The 10 artificially generated functional modules, five of which have 

the one for each scoring scheme, were planted in the population, and the population of the 

modules was evolved for 100 generations. The estimated model parameters were then used 

to evaluate the modules enumerated from TDFN and summarized in Table 5.4. 

 

Table 5.4.  Estimated nonlinear model parameters for CFN 

Classification  

N 1.8371 1.7865 

RKEGG 1.4732 0.0322 

RLOC 1.5706 1.7374 

ROMIM 0.9576 1.8596 

PCCAVG 0.9838 1.6176 
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5.2.2. Assembly of Top Scoring TDFN Modules 

 

One of the top scoring functional modules belongs to DNA replication unit, 

involving minichromosome maintenance complex (MCMs), origin recognition complex 

member ORC5L, cell division cycle proteins (CDCs) and activator of S phase kinase 

(DBF4) protein. These well-studied proteins are involved in the initiation of DNA 

replication and regulation of cell cycle, present in nucleous, nucleolous and cytoplasm. The 

module might provide information that links various types of neoplasms, such as 

carcinoma and leukemia to lactose intolerance and polycystic kidney disease.   

 

Table 5.5. Top scoring functional module in TDFN 

Module205 RKEGG RLOC ROMIM PCCAVG 

Score 0.885 0.7043 0.6780 0.6166 

p-val 0.00E+00 0.00E+00 2.06E-03 - 

MCM2, MCM3, 

MCM4, MCM5, 

MCM6, MCM7, 

MCM10, CDC7, 

CDC6, CDC45L, 

ORC5L, DBF4 

Cell cycle, 

DNA 

Replication 

Nucleus, 

Nucleolus, 

Cytoplasm 

Carcinoma, Leukemia, 

Adenocarcinoma, 

Lactose Intolerance, 

Polycystic Kidney 

Disease 

 

 

The selection criterion for the number of top scoring functional modules that will be 

assembled was based on the number of proteins, clusters and hub proteins. Since, the 

motivation of such as assemble is to derive the underlying shared mechanism; the number 

of clusters obtained through incorporation of the overlapping members of the selected 

functional modules is an important parameter. Addition to this, the number of core proteins 

in the network is another issue that should be considered to keep the association with the 

disease. Considering the decline in the number of clusters after top-50 modules, and the 

increase in the number of included hub proteins, the top scoring 75 functional modules 

were selected to be incorporated to construct a condensed functional linkage network. The 

core proteins, which have well defined associations with the disease, constitute 26.16 per 

cent of this condensed network. Additionally among the 23 hub proteins, 8 of them were 

present in this network. The basis of the criteria is presented in the Table 5.6.  
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Table 5.6. Selection criteria of the top scoring functional modules in TDFN according to 

the results obtained from Genetic Algorithm 

Modules Top-25 Top-50 Top-75 Top-100 Top-150 Top-250 

N 56 89 172 235 312 420 

l 352 507 957 1458 2061 3001 

c-proteins 3 14 45 60 80 107 

hub proteins 0 0 8 11 11 13 

clusters 2 4 3 3 4 4 

 

Among 5355 modules, the overlapping members of 75 top scoring functional 

modules were assembled reflecting the biological processes involved in the disease. This 

condensed network, presented in Figure 5.8., contains 172 proteins, 127 of which were not 

previously reported with Type 2 diabetes, and 957 interactions.  

 

5.2.3. Indicators of Fundamental Cellular Processes in TDFN 

 

To elucidate the fundamental biological processes involved in the disease and to 

determine the shared partners of the processes, the proteins in the condensed network was 

analyzed in terms of distinct Gene Ontology terms enriched in the map. 12 GO Terms with 

non-overlapping 111 members indicating the major cellular processes involved in the 

progress of the disease. The GO Terms enriched in this condensed map is represented in 

the Table 5.7. The core proteins in the assembly of proteins (Figure 5.8) are black bordered 

and the nodes are colored according to the distinct GO Term that is enriched in the 

network.  

 

In this network, the largest group of proteins represented by the members of the 

proteasome unit (PSMs) function in positive regulation of ligase activity. PSMA6, PSMD9 

and SMAD have previously known associations with the disease. PSMA6 gene encodes 

the proteasome subunit α type 6, a component of the 20S proteasome, the core particle for 

the 26S ubiquitin–proteasome system (UPS), which is responsible for the degradation of 

the majority of intracellular proteins. UPS is activated by various stimuli, including 

oxidative stress and plays a pivotal role in the regulation of many cellular processes, 

particularly in the activation of nuclear factor B (NF-κB) a transcription factors, which 

induces the transcription of proinflammatory cytokines. It was reported that, Type 2 
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diabetes up-regulates UPS in rat muscle [288]. The investigation of the myocardial 

infarction susceptibility in Type 2 diabetes showed that UPS plays an important role in 

arterial plaque formation [289], hence the up-regulation of the UPS was suggested to be 

potential mechanism that links myocardial infarction to the disease [290]. Another core 

protein, coactivator Bridge-1 (PSMD9), regulates the transcriptional activation of glucose-

responsive enhancers in the insulin gene. The over-expression of PSMD9 in transgenic 

mice reduces insulin gene expression and results in insulin deficiency and severe diabetes. 

Dysregulation of PSMD9 signaling increases pancreatic apoptosis, hence glucose 

homeostasis and pancreatic ß-cell survival is regulated through the signals mediated 

through PSMD9 [291]. The expression of PSMD9 can be stimulated with activin [292]. 

One distinctive core protein that is found to be involved in proteasome activity is SMAD7. 

SMAD7 inhibits TGF- and activin signaling by binding to the activated receptor 

complex. Thus, SMAD7 functions as an adaptor protein that mediates degradation of the 

TGF- receptor complex [293]. PSMD9 expression is stimulated with activin 

simultaneously with SMAD2, SMAD3 and SMAD4 [292]. A recent study reported an 

increased proteasome activity in insulin-resistant muscle [294], where the muscle protein 

degradation is caused by the suppression of PI3K/Akt signaling leading to activation of 

caspase-3 and ubiquitin-proteasome proteolytic pathway [295]. Taken together, PSMD9 

and SMAD7 may have regulatory roles in the proteasome activity through activin 

signaling, leading to the suppression of PI3K signaling and decreased insulin expression. 

Two proteins, that are not associated with diabetes in previous studies, cell division cycle 2 

(CDC2; cyclin dependent kinase 1, CDK1) and polo-like kinase 1 (PLK1) are also found to 

be involved in ubiquitin-protein ligase activity. These two proteins have pronounced roles 

in DNA damage checkpoint. Recently, in Saccharomyces cerevisiae, PLK1-CDC2 forms a 

negative feedback loop that is suggested to have pivotal roles in preventing the activation 

of the DNA damage checkpoint during mitosis [296]. 

 

Another cluster that is linked with transcription initiation consists of 26 proteins 

include two core proteins, peroxisome proliferator-activated receptor gamma, coactivator 1 

alpha (PPARGC1A) and polymerase (RNA) II (DNA directed) polypeptide D (POLR2D). 

The protein encoded by the gene PPARGC1A is a transcriptional regulator that is involved 

in energy metabolism and is an important factor regulating the expression of genes for 

oxidative phosphorylation and ATP production in target tissues through coactivation of  
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Figure 5.8. Condensed functional linkage network constructed from the top scoring functional modules in TDFN
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Table 5.7. 12 distinct GO terms corresponding to separate cellular processes enriched in 

the TDFN condensed network 

GO Term p-val Genes 

GO:0051443 positive regulation of ubiquitin-

protein ligase activity 
9.83E-33 

CDC2 PLK1 PSMA1 PSMA2 PSMB10 PSMD12 

PSMB6 PSMA3 PSMB2 PSMA7 PSMD6 

PSMA6 PSMD9 PSMC6 PSMC2 PSMB5 

PSMB3 PSMD10 PSMB7 PSMA5 PSMA4 

PSMB1 PSMB4 RPS27A SMAD7 

GO:0006352 transcription initiation 1.44E-31 

CDK9 MED12 POLR2C POLR2K POLR2F 

POLR2I TBP MED17 POLR2A ERCC2 TAF10 

CDK7 CCNH POLR2L POLR2H PPARGC1A 

MED16 POLR2E MED14 POLR2G ERCC3 

POLR2B MED24 POLR2D MED1 GTF2B 

GO:0006270 DNA replication initiation 7.53E-15 
MCM4 MCM3 MCM5 ORC1L MCM7 CDC45L 

MCM6 MCM2 ORC4L CDT1 ORC2L ORC5L 

GO:0007259 JAK-STAT cascade 3.62E-10 
IL6 IFNG OSM STAT4 IL12A SOCS3 IL2 

STAT2 STAT1 CNTF 

GO:0007623 circadian rhythm 3.62E-07 
TIMELESS CLOCK CRY1 NPAS2 BHLHE41 

ARNTL NR1D1 PER1 

GO:0007598 blood coagulation, extrinsic 

pathway 
8.72E-06 TFPI F7 F10 F3 

GO:0021904 dorsal/ventral neural tube 

patterning 
4.09E-04 SMO GLI2 PTCH1 FOXA2 SHH 

GO:0070723 response to cholesterol 5.63E-04 TGFB1 TGFBR2 TGFBR1 SMAD2 

GO:0006693 prostaglandin metabolic process 9.39E-04 
PTGS1 PTGES PTGES2 PTGIS TBXAS1 

PTGDS 

GO:0048861 leukemia inhibitory factor 

signaling pathway 
3.63E-03 IL6ST LIF CTF1 

GO:0010827 regulation of glucose transport 3.67E-03 PIK3R1 AKT1 IRS2 INS IRS1 

GO:0007089 traversing start control point of 

mitotic cell cycle 
7.23E-03 CDC6 CDK2 CDC25C 

 

nuclear receptors. PPARGC1A mRNA expression has been found to be correlated with 

glucose-stimulated insulin release, and its inhibition of expression was shown to be 

associated with a decline in INS mRNA expression [297]. On the other hand, the protein 

encoded by POLR2D is the fourth largest subunit of RNA polymerase II, the polymerase 

responsible for synthesizing messenger RNA in eukaryotes.  

 

The third largest group of proteins in the TDFN condensed network belong to DNA 

replication unit consist of 12 proteins forming the minichromosome maintenance complex 

(MCM2, MCM3, MCM4, MCM5, MCM6, MCM7), origin recognition complex (ORC1L, 

ORC2L, ORC4L, ORC5L), cell division cycle 45-like (CDC45L), chromatin licencing and 

DNA replication factor (CDT1). These proteins are the members of pre-replication 

complex. Replication of DNA must be inherently accurate and precisely regulated, since 



109 

 

DNA replication should be completed only once in each cell cycle. The initiation of cell 

cycle requires the assembly of pre-replication complex, which recruits many proteins and 

complexes. During G1 phase of cell cycle, each origin is licensed by the formation of pre-

replication complex. ORC proteins are the members of origin recognition complex which 

binds to chromatin. The formation of origin recognition complex is a cascade of protein 

subunit interactions, where the major component is ORC2L, which is responsible to bind 

the chromatin throughout the cell cycle. On the other hand, MCM2-7 proteins are the 

members of the microchromosomal maintenance complex, which is another essential 

component, associates with CDT1:CDC6:ORC to complete pre-replication complex [283]. 

The activation of pre-replicative complexes at origins of DNA replication at the beginning 

of S phase occurs due to the action of many CDKs [298]. This cluster is also linked with 

transversing start control of mitotic cycle (p-val = 7.23E-03), where CDC6, CDK2 and 

CDC25L are the members. The action of CDC45L is to regulate DNA replication by 

controlling only one replication of chromosomal DNA is completed per cell cycle, hence 

considered as the rate limiting step in the DNA replication process. In addition, compared 

to the normal human cells, cancer derived cells harbor more CDC45L protein, supporting 

the fact that DNA replication occur more frequently in cancer cell lines. Therefore, 

CDC45L is suggested to be one of the markers in cancer progression [284].  

 

Seven proteins formed a cluster that is enriched with circadian rhythm GO biological 

process term (p-val = 3.62E-07). CLOCK is previously associated with Type 2 diabetes 

[299] and diabetes induced vessel injury in the eye [300]; these proteins involve in 

maintaining circadian rhythm to ensure the temporal organizations of pathophysiological 

processes, such as sleep, glucose homeostatis and fat metabolism, as well as the adaptation 

to environmental changes [301]. Transcriptional activator of the molecular clock consists 

of a heterodimer between either the CLOCK or the neuronal PAS domain protein 2 

(NPAS2) and the aryl hydrocarbon receptor nuclear translocatorlike protein (ARNTL) that 

binds to E-box elements in the promoter of three period (PER) and two cryptochrome 

(CRY) genes, thereby activating their transcription [302]. A number of other genes, such as 

nuclear receptor subfamily 1, group D, member 1 (NR1D1), and timeless homolog 

(Drosophila) (TIMELESS), are involved in the feedback loops. Type 2 diabetes is 

associated with increased incidence of hypertension and disrupted blood pressure (BP) 

circadian rhythm [303].  
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The JAK-STAT signaling pathway is represented with CNTF, IFNG, IL2, IL6, 

IL12A, OSM, SOCS3, STAT1, STAT2 and STAT4, where seven of them have well 

characterized roles in the pathophysiological processes of the disease. JAK-STAT 

signaling pathway transmits extracellular signals from a variety of cytokines, lymphokines 

and growth factors to the nucleus. JAK-STAT activation stimulates cell proliferation, 

differentiation, migration and apoptosis. Besides its activation, suppressors of cytokine 

signaling (SOCS) proteins inhibit JAK-STAT pathway [240]. SOCS proteins are also 

known as JAK-binding protein, STAT-induced STAT inhibitor. The members of this 

family of proteins are responsible for establishing inducible negative regulations of 

cytokine signaling via inhibition of JAK-STAT pathway. SOCs proteins function in 

binding to specific phosphorylated tyrosine residues in cytokine receptors, hence inhibit 

their action or mediate their degradation. Cytokine-induced activation by STATs is a major 

mechanism of SOCS induction; however, there is increasing evidence that SOCS 

expression can also be induced by other stimuli, such as lipopolysaccharide and insulin 

[304]. Studies also suggest that SOCs proteins are able to inhibit leptin and insulin 

signaling pathways, and have impact on the energy and glucose homeostasis [65]. The IL6 

cytokine family, including interleukin 6 (IL6), oncostatin M (OSM), ciliary neurotrophic 

factor (CNTF) use a common receptor subunit for signal transduction. The receptors for 

IL6, OSM and CNTF are dimerized, or heterodimerized, which brings corresponding JAK 

protein to close proximity, where autophosphorylation is attained. The activation of the 

JAK proteins creates docking sites for STAT proteins, where they are phosphorylated prior 

to translocation to nucleus to induce gene expression [240]. Due to the regulatory roles of 

IL6, OSM, CNTF and SOCS3 in JAK-STAT signaling pathway, the conjunction of this 

pathway with insulin resistance and glucose transport may modulate the biological 

processes that affect the pathophysiological conditions of the disease.  

 

The glucose transport mechanism (p-val = 9.39E-04) is represented in the condensed 

network with the proteins, INS, IRS1, IRS2, PIK3R1 and AKT (Figure 5.8). Indeed, the 

JAK-STAT signaling pathway is connected to response to cholesterol (p-val = 5.63E-04), 

where TGFB1, TGFBR1, TGFBR2 and SMAD2 constituted in this process. Transforming 

growth factor β1 (TGFB1) is a ubiquitously expressed in humans, its levels are up-

regulated in some cancers, and play important physiological roles in tissue regeneration, 
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cell differentiation, embryonic development, the regulation of the immune system and 

apoptosis [305]. It is known that hyperglycemia is one of the major factors for TGFB1 

expression, and patients with diabetes have higher levels of TGFB1 than healthy people. 

TGFB1 induces the phosphorylation of the TGF-β receptor activated protein (SMAD2), 

and its responsiveness is modulated by cholesterol by binding TGFB receptors [306].  

 

One distinctive cluster in the TDFN belongs to six proteins function in prostaglandin 

metabolic process (p-val = 9.39E-04), where PTGES2 was one of the core proteins, i.e. has 

been associated with Type 2 diabetes [307]. PTGES, PTGDS, PTGIS, PTGS1 are members 

of prostaglandins, which are generally considered to be potent pro-inflammatory 

mediators. Thromboxane A synthase 1 (TBXAS1) catalyzes the conversion of 

prostaglandin H2 to thromboxane A2, a potent vasoconstrictor and inducer of platelet 

aggregation. Thromboxane A2 is well-characterized for its role in modulating 

hemodynamics and cardiovascular function. It is a potent mediator of platelet shape change 

and aggregation. Increased thromboxane synthesis has been linked to cardiovascular 

diseases including acute myocardial ischemia and heart failure, and inhibition of platelet 

thromboxane production by aspirin is widely used to reduce the risk of myocardial 

infarction. PTGD2 and prostacyclin (PTGIS) also mediate a number of other effects 

including inhibition of platelet aggregation, smooth muscle relaxation and contraction, 

vasodilation and vasoconstriction. PTGIS functionally opposes the effects of thromboxane 

A2 and has been shown to specifically inhibit platelet activation [308]. Prostaglandin E2 

synthases (PGES and PTGES2) are a group enzymes that are engaged in paracrine 

signaling system. Recent studies reported PTGES1 involvement in inflammatory pain and 

ischemic brain injury, and suggested as potential pharmacological targets for stress-related 

disorders [309, 310]. Although, a direct relation between prostaglandins and Type 2 

diabetes has not yet been established, the report revealing the supplementary role of 

PTGDS in muscle and adipose glucose transport supports these findings that 

prostaglandins may have reminiscent function in the disease, where further assessments are 

required.  

 

Four proteins involved in blood coagulation (p-val = 8.72E-06) are linked to glucose 

transport mechanism through apolipoproteins (APOB, APOA2 and APOA1), as expected. 

However, one module located at the conjunction of glucose metabolism, proteasome 
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activity, JAK-STAT signaling and DNA replication unit was enriched with dorsal/ventral 

neural tube patterning (p-val = 4.09E-04) constituting forkhead box A2 (FOXA2), 

smoothened homolog (SMO), sonic hedgehog homolog (SHH), patched homolog 1 

(PTCH1) and glioma-associated oncogene family zinc finger 2 (GLI2) proteins imply the 

modulating function of Hedgehog (Hh) signaling in diabetes. Fat-body-specific activation 

of Hh signaling inhibits fly fat formation, which is uniquely observed in invertebrates, has 

been thought to be conserved from invertebrates to vertebrates. Hedgehod cascade 

components (SMO) and negative regulators (PTCH1) and transcription factor (GLI) are 

shown to be expressed in developing and adult fat tissues. Results from Ptch1 

heterozygous mice (Ptch1+/–) suggested that elevated Hh signaling results in defective 

glucose tolerance [311]. Also, reduced levels of expression of SMO and GLI, and elevated 

levels of PTCH1 expression was observed during adipogenesis, suggesting that Hh signals 

might block mammalian adipogenesis and alter obesity [312], hence future studies will 

need to clarify whether a relation between disrupted Hh signaling and development of 

Type 2 diabetes exists. 

 

5.2.4. Disease Interventions Derived from TDFN 

 

The proteins involved in the modular form in TDFN has been implicated to be 

present in many other complex diseases, therefore the diseases can be linked to each other 

through shared partners, indicating the shared underlying mechanisms and proteins. To 

elucidate the shared partners, the proteins in condensed form of TDFN were used to 

calculate the disease overlapping score among diseases. The manual curation and 

elimination of the MeSH terms initially yielded 3630 disease terms, and subsequently 

incorporated with OMIM database records, forming a disease classification scheme, which 

was also used scoring the functional modules enumerated from TDFN. The 172 proteins 

present in condensed map were found to be related with 340 disease terms. According to 

the shared proteins, the disease overlapping score was calculated for each pair of diseases, 

and significantly associated 132 diseases sharing at least two proteins were selected (p-val 

< 2.00E-03). The resulting diseases and their linkages are presented in Figure 5.9. The 

selected disease pairs are tabulated in Table 5.8. The corresponding disease classes were 

shown in parenthesis, DO represents the disease overlapping score and p-val indicates the 

significance of the linkage.  
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As shown in Table 5.8 and Figure 5.9, glucose intolerance, insulin resistance and 

obesity, all of which are nutritional and metabolic disorders, are connected to each other 

through INS, IRS1 and IRS2, as expected. However, addition to these, CNTF, FOX2A, 

PPARGC1A, PTPN1 and TGFB1 establish the connection between insulin resistance and 

obesity. Other than CNTF, all proteins are present in the core set of proteins. Ciliary 

neurotrophic factor encoded by CNTF is a polypeptide hormone facilitating and promoting 

neurotransmitter synthesis. Despite its role in neurotransmitter activity, recent studies 

support the finding that CNTF is significantly associated with insulin resistance. CNTF 

reverses insulin resistance by increasing fatty acid oxidation, increases muscle glucose 

uptake through phosphoinositide-3-kinase (PI3K) signaling and AMP-activated protein 

kinase (AMPK) pathway [313, 314], imitates biological actions of leptin [315] and signals 

though JAK-STAT cascade, increases SOCS3 expression [316]. The obvious existence of 

CNTF in insulin resistance, its function in signaling pathways for glucose uptake rate 

should be investigated to clarify its therapeutic effect as a treatment for obesity-related 

Type 2 diabetes.  

 

The co-existence of insulin resistance, obesity, glucose intolerance, Type 2 diabetes, 

hyperglycemia and hypertension through shared proteins is represented in a scheme, where 

shared proteins are located at the intersections, and the proteins that are not present in the 

core network are indicated with red (Figure 5.10). The links established through the 

proteins in TDFN between the diseases were also presented in Table 5.8. IRS1 is observed 

to be common in these six diseases, whereas INS is shared among nutritional diseases. In 

this scheme, the non-core proteins, namely, CNTF, IFNGR1, NRIP1, PTGIS, CREBBP, 

IGF1R and JAK3, which have not previously reported associations with Type 2 diabetes 

were indicated in red.  As explained above, CNTF is involved and signals through JAK-

STAT, AMPK and PI3K signaling pathways and regulates the glucose uptake rate leading 

to glucose intolerance and insulin resistance.  

 

IFNGR1, which is not present in core proteins, was found to be associated with 

hypertension (Figure 5.10). IFNGR1 encodes a heterodimeric interferon gamma receptor, 

which activates interferon gamma (IFNG) in cellular responses through non-ligand-

binding. IFNG is a cytokine that elicits the production of macrophage mediators, which  
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Figure 5.9. Disease associations derived through TDFN 
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Table 5.8. Selected pairs of disease terms derived from TDFN displaying significant associations in terms of shared genes 

DiseaseTerm1 DiseaseTerm2 DO p-val Shared genes 

Glucose Intolerance (Nutritional and Metabolic) Obesity (Nutritional and Metabolic) 0.250 2.25E-05 INS, IRS1, IRS2 

Glucose Intolerance (Nutritional and Metabolic) Insulin Resistance (Nutritional and Metabolic) 0.231 9.80E-05 INS, IRS1, IRS2 

Insulin Resistance (Nutritional and Metabolic) Obesity (Nutritional and Metabolic) 0.615 0.00E+00 
CNTF, FOXA2, INS, IRS1, IRS2, PARGC1A, 

PTPN1, TGFB1 

Insulin Resistance (Nutritional and Metabolic) Muscular Atrophy (Nervous System) 0.154 4.33E-03 CNTF, TGFB1 

Muscular Atrophy (Nervous System) Obesity (Nutritional and Metabolic) 0.167 5.31E-03 CNTF, TGFB1 

Obesity (Nutritional and Metabolic) Spinal Muscular Atrophy (Nervous System) 0.182 1.86E-04 CNTF, TGFB1 

Insulin Resistance (Nutritional and Metabolic) Spinal Muscular Atrophy (Nervous System) 0.167 6.64E-04 CNTF, TGFB1 

Insulin Resistance (Nutritional and Metabolic) Alzheimer Disease (Nervous System) 0.167 3.28E-04 INS, PTGDS, TGFB1 

Alzheimer Disease (Nervous System) Atherosclerosis (Cardiovascular) 0.375 8.18E-14 INS, PTGDS, TGFB1 

Duchenne Muscular Dystrophy (Congenital) Obesity (Nutritional and Metabolic) 0.200 2.45E-06 PPARGC1A, TGFB1 

Insulin Resistance (Nutritional and Metabolic) Duchenne Muscular Dystrophy (Congenital) 0.182 9.07E-06 PPARGC1A, TGFB1 

Fatty Liver (Digestive System) Duchenne Muscular Dystrophy (Congenital) 0.667 0.00E+00 PPARGC1A, TGFB1 

Type 2 Diabetes (Nutritional and Metabolic) Neuroblastoma (Neoplasms) 0.182 5.31E-03 CDK2NA, PTGES2 
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Figure 5.10. A representative scheme showing the links between the nutritional and 

metabolic disorders, with hypertension derived from the protein linkages in TDFN 

 

induces leukocyte adhesion molecules, chemokines and increases antigen-presenting 

capacity by macrophages and endothelial cells. It also participates in the progression of 

atherosclerotic plaque, where it affects importantly all local cell types: endothelial cells, 

smooth muscle cells, and macrophages. The molecular pathways involved in the cellular 

response to interferon IFNG have been subject to intense research due to their importance 

in host defense against infection and disease. Recent studies report that IFNG interferes 

with JAK-STAT signaling by mediating nuclear transportation of STAT1 [317, 318]. The 

binding of IFNGR1 and IFNG initiates tyrosine phosphorylation events, catalyzed by 

JAK1 and JAK2 kinases that result in the phosphorylation and binding of STAT1 to the 

cytoplasmic domain of IFNGR1. Later, IFNG, IFNGR1 and STAT1 are transported to the 

nucleus of cells as a complex [319]. Additionally, IFNG is reported to promote 

inflammation in fat tissue [317], which provides compelling evidence that IFNGR1 may 

modulate the processes linking obesity and inflammation.  

 

Nuclear receptor interacting protein 1 (NRIP1), also known as RIP140, is a nuclear 

protein that specifically interacts with the hormone-dependent activation domain of nuclear 

receptors, such as estrogen receptor. Nuclear receptors have a crucial role in lipid and 

glucose homeostasis by regulating the expression of gene networks in metabolic tissues. 
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RIP140 suppresses the expression of gene clusters that are involved in lipid and 

carbohydrate metabolism, inhibits glucose uptake and facilitates the expression of genes 

promoting energy expenditure. Therefore, the functional interplay between transcriptional 

activators and RIP140 is an essential process in metabolic regulation [320]. However, two 

recent studies reported contradictory results; the function and expression level of RIP140 

was not correlated with obesity [321] but lower gene and protein expression levels of 

RIP140 was observed in obese subjects [322]. Although controversial studies were 

reported on the modulating effect on RIP140 in obesity, RIP140 has an apparent 

modulating role in lipid and carbohydrate metabolism, and yet no studies were conducted 

to investigate the subsequent effects of RIP140 on Type 2 diabetes.  

 

Prostacyclin (PTGIS) a member of the cytochrome P450 superfamily of enzymes, 

which catalyzes the reactions involved in cholesterol synthesis. PTGIS also mediates a 

number of other effects including inhibition of platelet aggregation, smooth muscle 

relaxation and contraction, vasodilation and vasoconstriction [308], hence hypertension 

[323]. Yet, no studies were conducted on querying the effect of PTGIS on insulin or 

glucose metabolism, the protein was suggested to be one of the candidate genes linking 

obesity and diabetes with inflammation according to the analysis performed on 

overlapping chromosomal regions [324].  

 

The associations of insulin resistance, obesity, muscular atrophy, amyotrophic lateral 

sclerosis and paralysis through shared proteins is presented in a scheme, where shared 

proteins are located at the intersections, and the proteins that are not present in the core 

network are indicated with red (Figure 5.11). The links established through the proteins in 

TDFN between the diseases were also presented in Table 5.8. Muscular atrophy is the loss 

of mass and strength that progresses with medical conditions such as cancer and aging. 

Spinal muscular atrophy, on the other hand is a neuromuscular disease that is characterized 

by degeneration of motor neurons, leading to progressive muscular atrophy. Amyotrophic 

lateral sclerosis (ALS) is a fatal progressive neurodegenerative disorder that is also 

characterized by the degeneration of motor neurons in the spinal cord, brainstem and motor 

cortex, progressive muscle weakness resulting in paralysis. Remarkably, ALS and SMA 

are characterized by marked weight loss. Besides its promising functions in insulin 

resistance, CNTF was one of the first neurotrophic factors administered in clinical trials for 
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ALS patients, however due to the undesired adverse effects CNTF is no longer considered 

as a potential target in the treatment of ALS [325]. However, contradictory results were 

recorded on the participation of CNTF in the progression of ALS. One study indicating 

that CNTF genotype affects susceptibility to disease initiation and acts as a modifier but 

not disease progression [326], however another claimed no effect [327]. In both SMA and 

ALS, altered expression levels of CNTF were observed in patients as well as animal 

models [325]. As a consequence, a vast number of studies have further substantiated to 

determine the significance of CNTF linking obesity, insulin resistance, ALS and SMA.  

 

 

Figure 5.11. A representative scheme showing the links between insulin resistance, 

obesity, muscular atrophy, amyotrophic lateral sclerosis and paralysis derived from the 

protein linkages in TDFN 

 

CTF1 has been associated with SMA, ALS and paralysis, but not with obesity and 

insulin resistance (Figure 5.12). Cardiotrophin-1 (CTF1) is another protein that is not 

previously associated with Type 2 diabetes and insulin resistance. CTF1 is a muscle-

derived member of IL6 family cytokine, exerts its cellular effects by interacting with the 

glycoprotein 130 [328], and is highly expressed in embryonic skeletal muscle and secreted 

by myotubes [325]. It promotes the survival of cultured embryonic mouse and rat motor 

neurons. Circulating levels of CTF1 were associated with glucose levels, where glucose 

triggers CTF1 expression in adipocytes [328]. In SMA, CTF1 has a slowing down effect 
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on the progression of the disease [329] and decreased motor impairment was observed in 

ALS patients by CTF1 treatment [330].  

 

CREBBP is found to be linked with muscular atrophy and not associated with Type 2 

diabetes in previous studies. CREB binding protein is encoded by CREBBP gene, which is 

ubiquitously expressed and is involved in the transcriptional co-activation of many 

different transcription factors. Generally the deficiency of the protein resulted in 

Rubinstein-Taybi syndrome, which is characterized by facial abnormalities and mental 

retardation. CREBBP has also been implicated to play a central role in spinal and bulbar 

muscular atrophy, which is a neurodegenerative disorder caused by toxic effects of 

polyglutamine tracts [331]. In animal models, heterozygous CREBBP deficiency results in 

increased effects of hormones such as adiponectin and leptin, preventing obesity and 

insulin resistance. Hence, CREBBP functions as a ―master-switch‖ between energy storage 

and expenditure through inhibition or activation of leptin and adiponectin pathways [332]. 

 

The links between insulin resistance, Type 2 diabetes, fatty liver and Duchenne 

Muscular Dystophy (DMD) was established through PPARGGC1A and TGFB1, both of 

which are known to be involved Type 2 diabetes. DMD is a fatal recessive X-linked form 

of muscular dystrophy characterized by rapid progression of muscle degeneration, leading 

to loss of movement (Table 5.8). Although these diseases seem divergent from each other, 

the cross link is established through transforming growth factor beta 1 (TGFB1) signaling 

coupled with connective tissue growth factor (CTGF). According to human biopsies taken 

from DMD patients, the co-localization of TGFB1 and CTGF in these samples suggests 

that CTGF expression is regulated with TGFB1, and these two proteins are implicated to 

have roles in DMD [333]. Remarkably, elevated levels of TGFB1 activity is observed in 

muscle wasting, which is a condition that is observed in DMD [334]. Another possible link 

is established through PPARGC1A, which is a transcriptional co-activator that coordinates 

the genes involved in energy metabolism. This protein is also involved in controlling blood 

pressure, regulating cellular cholesterol homoeostasis, and the development of obesity. 

However, the maintenance / elevation of PPARGC1A levels with statins have reported to 

be enhances the treatment for DMD. Therefore, PPARGC1A has been implicated to have a 

potential treatment of patients with muscle wasting, Type 2 diabetes and muscular 

dystrophies [335].   
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6. ALZHEIMER’S DISEASE RELATED FUNCTIONAL LINKAGE 

NETWORK 

 

 

6.1. Construction of Alzheimer’s Disease Related Functional Linkage Network 

 

The construction of Alzheimer‘s disease functional linkage network was started with 

the proteins encoded by 244 genes (c-proteins) collected from five different sources; 

Human Experimental/Functional Mapper [336], AlzGene [337],  GeneCards [338], NCBI 

databases and genome-wide associations reported in literature [305, 339-341]. The 

validation of one protein in at least two resources was accepted sufficient enough to 

consider these proteins as c-proteins. The linkages between the proteins were extracted 

from STRING database v8.1 to establish functional associations among proteins [158]. The 

core set of proteins were incorporated with the first neighbors to capture putative proteins 

that have potential links with the disease. To ensure that maximum number of core proteins 

is covered in a network housing optimum number of proteins, the confidence score for the 

functional linkages was selected by constructing various networks with confidence scores 

varying from 900 to 990. According to these selection criteria, as shown in Table 6.1., the 

confidence score threshold was set as 960; selection of such a stringent threshold 

confidence score for the linkages enabled us to construct a coherent functional linkage 

network. Although, all c-proteins are covered for a confidence score 900, such a lenient 

criteria might lead to irrelevant linkages, therefore a confidence score 960 was set as the 

threshold to eliminate the linkages while keeping the sufficient amount of core proteins in 

the network. The removal of orphan nodes that is not connected to the giant component 

resulted in a network of 1587 nodes (proteins) and 7785 edges (functional linkages). In this 

network, among the 1587 proteins, 226 of them are c-proteins, which have previously 

defined associations with the disease. These 226 proteins form 14.24 per cent of the 

functional linkage network. The functional linkage network is entitled as Alzheimer‘s 

disease related functional linkage network (ADFN). 
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Table 6.1. Selection of confidence score for the construction of ADFN 

Confidence score 900 920 940 960 980 990 

N 2848 2376 2026 1603 1044 764 

l 28784 17522 11974 7816 3531 2049 

c-proteins 244 243 237 231 203 178 

<k> 10.11 7.37 5.91 4.88 3.38 2.68 

% constitution 8.57 10.23 11.70 14.41 19.44 23.30 

% coverage 100.00 99.59 97.13 94.67 83.20 72.95 

 

6.1.1.  Analysis of ADFN Topological Properties 

 

To initiate the analyses, the topological features of ADFN were investigated to 

ensure that the network is scale-free and hence biologically relevant. The ADFN were 

analyzed in terms of the degree, k, clustering coefficient, C, and betweenness, b, for each 

node. The average degree <k>, average clustering coefficient <C> and average 

betweenness <b> for the network were calculated to be 9.81, 0.32 and 4433.09 

respectively. The cumulative degree distribution n(k) (Figure 6.1) showed that the network 

is scale-free with degree exponent,  = 2.52 (R
2
 = 0.8879). In addition, clustering 

coefficient distribution C(k) (Figure 6.2) with respect to degree distribution, also showed 

the higher degree proteins have lower clustering coefficients, hence providing additional 

evidence that the network of interest exhibits a scale-free behavior. The betweenness 

distribution b(k) was also well-characterized with Power law scaling (Figure 6.3), meaning 

that many proteins are located at the periphery while a few proteins are located at the 

center of the network, and have central roles in maintaining the communication within the 

network. The effect of removing the nodes with higher betweenness is similar to that of 

excluding a hub protein from the network and proteins displaying high betweenness are 

reported to be likely essential and evolutionary conserved.  
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Figure 6.1. Cumulative degree distribution n(k) of the network with respect to degree 

distribution in ADFN 

 

 

Figure 6.2. Clustering coefficient distribution C(k) with respect to degree distribution in 

ADFN 
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Figure 6.3. Betweenness distribution b(k) with respect to degree distribution in ADFN 

 

6.1.2.  Selection of Hub Proteins in ADFN 

 

Hub protein in network play crucial roles in the network s while maintaining stability 

and providing intercommunication. Therefore, these key players in the ADFN were 

selected to understand the governing major biological systems present in the network. The 

hub protein selection criterion is based on the accumulative degree and betweenness 

distributions with respect to degree. These two measures were incorporated to identify hub 

proteins. To select the most informative entities in the network, the proteins that are listed 

at the top two per cent of the accumulative degree and accumulative betweenness 

distributions were entitled as hub proteins. The accumulative degree distribution graph 

shows that 13.7 per cent of the proteins in ADFN have single linkage (Figure 6.4), whereas 

22.4 per cent of the proteins were located at the periphery (Figure 6.5), hence no 

contribution to the communication in the network.  

 

The intersection of the highest top two per cent accumulative degree and 

betweenness distribution yielded 24 proteins, which have anticipated playing vital roles in 

the network. The degree of hub proteins ranges between 55 to 189 with an average of 83 

interactions, whereas the betweenness (log(b)) ranges between 4.638 to 5.568. 11 out of 24 
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hub proteins are previously associated with the disease, listed in c-proteins. The hub 

proteins identified in the network are presented in Table 6.2. 

 

 

Figure 6.4. Accumulative degree distribution of ADFN with respect to degree distribution 

 

 

Figure 6.5. Accumulative betweenness distribution of ADFN with respect to degree 

distribution 
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Table 6.2. Topological properties of hub proteins in ADFN 

Symbol Name 
Degree, 

k 

Betweenness, 

log(b) 

Clustering 

coefficient, C 

TP53 tumor protein p53 189 5.568 0.03259 

AKT1 RAC-alpha serine/threonine-protein kinase 111 5.213 0.081409 

IFNG interferon, gamma 107 4.844 0.108975 

SRC proto-oncogene tyrosine-protein kinase Src 98 4.917 0.097623 

JUN transcription factor AP-1 89 4.954 0.121808 

IL2 interleukin-2 precursor 87 4.688 0.155573 

EGFR epidermal growth factor receptor  86 4.973 0.115732 

GRB2 growth factor receptor-bound protein 2 86 4.698 0.128865 

IL4 interleukin 4 86 4.686 0.133242 

BCL2 B-cell CLL/lymphoma 2 85 5.009 0.084034 

STAT3 signal transducer and activator of transcription 3 84 4.737 0.143144 

MAPK8 mitogen-activated protein kinase 8 isoform JNK1 alpha1 82 5.125 0.101174 

IL6 interleukin 6 80 4.839 0.142089 

SHC1 SHC transforming protein 1 74 4.638 0.155498 

CCND1 G1/S-specific cyclin-D1 72 4.663 0.152973 

FYN FYN oncogene related to SRC, FGR, YES 72 4.769 0.082942 

INS Insulin 69 5.203 0.077153 

CASP3 caspase 3 69 4.981 0.056266 

TGFB1 transforming growth factor, beta 1 68 4.709 0.132572 

IL1B interleukin 1, beta 67 4.689 0.157847 

FOS v-fos FBJ murine osteosarcoma viral oncogene homolog 64 4.792 0.147321 

CTNNB1 Catenin 61 4.917 0.110383 

ESR1 estrogen receptor 1 61 4.936 0.087432 

PTGS2 prostaglandin-endoperoxide synthase 2 55 5.101 0.13064 

 

The 24 hub proteins in ADFN have degrees, k, varying in the range of 55 (PTGS2 – 

prostaglandin endoperoxide synthase 2) to 189 (TP53 –tumor protein 53). TP53 is a tumor 

repressor and responds to a variety of cellular stresses that regulate cell cycle arrest, 

apoptosis and DNA repair. Gene Ontology (GO) terms enriched in the 24 hub proteins 

indicate the major cellular mechanisms that govern throughout the network. The biological 

processes GO categories significantly enriched in hub proteins (p-val < 1.41E-14) indicate 

that the selected hub proteins are involved in regulation to response mechanisms to 

external stimulus and signal transduction. The selected GO terms enriched in 24 hub 

proteins are listed in Table 6.3. 
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Table 6.3. Gene Ontology terms enriched in the hub proteins in ADFN 

GOTerm p-val Proteins 

GO:0010033 response to organic substance 5.46E-23 

BCL2 IL6 ESR1 CCND1 INS GRB2 CASP3 FOS 

STAT3 JUN AKT1 IFNG PTGS2 TGFB1 SRC 

SHC1 CTNNB1 IL1B FYN EGFR 

GO:0007243 intracellular protein kinase 

cascade 
1.67E-17 

IL6 INS IL2 MAPK8 GRB2 STAT3 IL4 AKT1 

IFNG TGFB1 SRC SHC1 CTNNB1 IL1B FYN 

EGFR 

GO:0023014 signal transmission via 

phosphorylation event 
1.67E-17 

IL6 INS IL2 MAPK8 GRB2 STAT3 IL4 AKT1 

IFNG TGFB1 SRC SHC1 CTNNB1 IL1B FYN 

EGFR 

GO:0009725 response to hormone stimulus 1.23E-16 
BCL2 IL6 ESR1 CCND1 INS GRB2 FOS STAT3 

AKT1 PTGS2 TGFB1 SHC1 CTNNB1 IL1B 

GO:0009719 response to endogenous 

stimulus 
3.99E-16 

BCL2 IL6 ESR1 CCND1 INS GRB2 FOS STAT3 

AKT1 PTGS2 TGFB1 SHC1 CTNNB1 IL1B 

GO:0042325 regulation of phosphorylation 1.41E-14 
BCL2 IL6 CCND1 INS IL2 CASP3 JUN IL4 

AKT1 IFNG TGFB1 SHC1 IL1B EGFR 

 

6.1.3.  Enumeration of Functional Modules in ADFN 

 

Genes exerting similar functions in biological processes have a tendency for sharing 

GO terms and localizing around dense groups in interaction networks [5]. These 

functionally linked proteins collaborate with each other and these entities are considered as 

functional modules. The proteins which have the maximum allowable number of 

interactions with each other, e.g. Q = 1, were derived, as explained in Methodology. The 

algorithm used in this study allocates the proteins into multiple clusters, rather than 

assigning proteins into distinct clusters. The algorithm produced 5046 functional modules, 

the size of the modules ranges from two to 11, with an average module size of 3.85, hence 

with the supporting information that modules consisting four or more members are 

biologically meaningful, the 2674 modules of size four and above were considered for 

further analyses. In the selected functional modules, out of 1587 proteins in ADFN, 783 

(49.3 per cent) are represented, indicating that approximately half of the proteins 

participate the modular structure.   

 

The hub modules play important roles in maintaining the communication in the 

network, therefore to understand the extent of the effect due to any loss of activity in these 

proteins, the distribution of hub proteins in the functional modules was calculated. As 

expected, because of their high numbers of interaction and power in maintaining the 
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communication, all of the hub proteins display the highest frequency in functional 

modules. Figure 6.6 shows the frequency of occurrence of the hub proteins in the 

functional modules with respect to the other proteins. The red diamonds in the graph 

indicates the hub proteins. For instance, IFNG is present in 287 modules with a frequency 

of occurrence 0.1073. The graph is presented in descending appearance of proteins from 

highest to lowest. The self distribution of each hub protein in functional modules according 

to the size of the modules is presented in Figure 6.7. IFNG is distributed among functional 

modules with varying sizes from four to nine. Notably, the largest modules in ADFN 

belong to ribosomal protein complexes.  

 

The two largest modules consist of 11 proteins, where all members are ribosomal 

proteins (RPL27A, RPL8, RPL4, RPLP0, RPS29, RPS13, RPS3, RPL11, RPL30, RPS5, 

RPL5, RPS23), with RPL5 and RPS23 are interchangeable in two modules. These proteins 

function in the addition of amino acids to a nascent polypeptide, translational elongation 

(p-val = 4.39E-27). The impairment in ribosome function is associated with a decreased 

rate and capacity for protein synthesis, decreased ribosomal RNA and tRNA levels, and 

increased RNA oxidation. The complications in the protein synthesis were implicated to be 

one of the earliest neurochemical alterations in AD [342].  

 

Two modules that have 10 proteins composed of IL2, IL2RA, IL2RB, IL2RG, JAK1, 

JAK3, LCK, STAT1, STAT3, STAT5A, STAT5B are involved in the JAK-STAT 

signaling pathway (p-val = 6.72E-08) and regulate T-cell differentiation  (p-val = 5.42E-

08). T-cells are a group of lymphocytes that maintains and increases the competence of 

immune system. During aging, telomeres of T-cells were shortened and observed to be 

correlated with the AD disease progression, indicating the prevalence of the disease among 

aged subjects [343]. The JAK-STAT pathway is critically involved in transmission of 

cytokine receptor signals in T-cells, thus influencing T-cell differentiation.  
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Figure 6.6. Frequency of presence of the proteins in ADFN in functional modules 

 

 

Figure 6.7. Self distribution of hub proteins in ADFN according to the size of the 

functional modules 
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6.2.  Evaluation of ADFN Functional Modules 

 

The functional modules were evaluated and subsequently scored in terms of the 

member‘s co-occurrence in similar pathways, co-localized, shared similar disease terms 

and exhibit similar expression patterns. The steps followed in this section are the same 

with the other diseases, computational layout is presented in Figure 3.2.  

 

6.2.1.  Evaluation and Scoring of ADFN Modules 

 

The module enumeration algorithm yielded in 2674 functional modules, which 

makes the selection of most biologically informative ones impossible. Due to the mounting 

evidence that proteins function together to exhibit a single action often tend to participate 

in similar pathways, co-localized and share GO Terms and genes contributing to a disorder 

have increased tendency to be functionally related, the functional modules produced with 

the algorithm were evaluated in terms of sharing similar expression patterns, participation 

in pathways, co-localization and association with similar diseases. Incorporation of various 

independent data was anticipated to generate a deliberate and consistent evaluation 

method.   

 

The scoring of the functional modules was initiated with the assembly of the data 

that will be incorporated. KEGG Pathway database was used to associate biological 

pathways, where the classification scheme involves 338 pathways, including major 

metabolic processes, as well as disease pathways [163]. LOCATE database was utilized to 

determine the co-localization information, where the proteins are assigned to 30 different 

subcellular compartments [164]. Medical Subject Headings (MeSH) [161] was 

incorporated with OMIM database to achieve the disease associations. The generation of 

the classification schemes was explained in Methodology. To validate the scoring scheme 

used in this study, and to show that the scores assigned to the functional modules could not 

be obtained by chance, the associations in the classification schemes were randomly 

shuffled 10
3
 times and calculated score was compared with the distribution of the random 

scores.  
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The expression profiles of 22 postmortem AD samples at various stages of severity 

were analyzed for co-expression patterns using GSE1297 [166, 344]. The co-expression 

pattern in the functional modules was evaluated by calculating Pearson correlation 

coefficients (PCC) for each interaction in the network. The functional module average 

PCCs (PCCAVG) were calculated from the interactions and this score is considered as the 

co-expression score of the modules.  

 

Upon the scoring of the functional modules, four different scores were obtained: 

RKEGG, RLOC, ROMIM and PCCAVG.  These scores were varied from zero to one, where one 

indicates the consistency in the module. To select the informative top scoring functional 

modules a non-linear model was proposed, where the parameters were estimated using 

Genetic Algorithm. The 10 artificially generated functional modules, five of which have 

the one for each scoring scheme, were planted in the population, and the population of the 

modules was evolved for 100 generations. The estimated model parameters were then used 

to evaluate the modules enumerated from ADFN and summarized in Table 6.4. 

 

Table 6.4.  Estimated nonlinear model parameters for ADFN 

Classification  

N 1.8077 1.7211 

RKEGG 1.4510 0.0310 

RLOC 1.5465 1.6720 

ROMIM 0.9455 1.7880 

PCCAVG 0.9712 1.5524 

 

6.2.2. Assembly of Top Scoring Functional Modules in ADFN 

 

One of the top scoring functional modules consists of 11 proteins, where all members 

are ribosomal proteins (RPL27A, RPL8, RPL4, RPLP0, RPS29, RPS13, RPS3, RPL11, 

RPL30, RPS5, RPS23). The members in this module involved in translation, and localized 

in nucleolus. The proteins in this module were associated with carcinoma and anemia. To 

maintain cellular homeostasis, all cells must continually synthesize new proteins. 

Ribosomes are specialized complexes composed of nucleic acids and proteins that are 

responsible for mediating all protein synthesis. The impairment in ribosome function is 

associated with a decreased rate and capacity for protein synthesis, decreased ribosomal 
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RNA and tRNA levels, and increased RNA oxidation. The complications in the protein 

synthesis were implicated to be one of the earliest neurochemical alterations in AD [342]. 

 

Table 6.5. Top scoring functional module in ADFN 

Module1 RKEGG RLOC ROMIM PCCAVG 

Score 1.000 0.7074 0.7868 0.4823 

p-val 0.00E+00 1.78E-14 0.00E+00 - 

RPL27A, RPL8, RPL4, 

RPLP0, RPS29, RPS13, 

RPS3, RPL11, RPL30, 

RPS5, RPS23 

Ribosome Nucleolus 

Carcinoma 

Adenocarcinoma 

Anemia 

 

 

The selection criteria for the number of top scoring functional modules that will be 

assembled were based on the number of proteins, clusters and hub proteins. Since, the 

motivation of such as assemble is to derive the underlying shared mechanism; the number 

of clusters obtained through incorporation of the overlapping members of the selected 

functional modules is an important parameter. Addition to this, the number of core proteins 

in the network is another parameter that should be considered to keep the association with 

the disease. Hence, the members of top scoring 150 functional modules were selected to be 

incorporated to construct a condensed functional linkage network. The basis of the criteria 

were presented in the Table 6.6.  

 

Table 6.6. Selection criteria of the top scoring functional modules in ADFN according to 

the results obtained from Genetic Algorithm 

Modules Top-25 Top-50 Top-75 Top-100 Top-150 Top-250 

N 58 101 142 181 269 332 

l 199 357 503 628 1007 1377 

c-proteins 10 16 20 28 44 64 

hub proteins 0 0 0 0 3 7 

clusters 6 6 7 9 5 5 

 

Among 2674 modules, the overlapping members of 150 top scoring functional 

modules were assembled reflecting the biological processes involved in the disease. This 

condensed network, presented in Figure 6.8, contained 269 proteins, 225 of which were not 

previously reported with Alzheimer‘s disease, and 1007 interactions.  
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6.2.3. Indicators of Fundamental Cellular Processes in ADFN 

 

To elucidate the fundamental biological processes involved in the disease and to 

determine the shared partners of the processes, the proteins in the condensed network was 

analyzed in terms of distinct Gene Ontology terms enriched in the map. 14 GO Terms with 

non-overlapping 142 members indicate the major cellular processes involved in the 

progress of the disease. The GO Terms enriched in this condensed map is represented in 

the Table 6.7. The proteins in the modular structure of ADFN are shown in Figure 6.8. The 

142 proteins associated with a GO term in this map are colored according to biological 

process. 

 

The 17 ribosomal proteins and elongation factor 2 (EEF2) are assembled in a 

modular structure, as shown in Figure 6.8. The ribosome plays an important role in 

translation elongation mechanism (p-val = 3.89E-13), and conserved throughout evolution. 

Alterations in ribosome resulted in elevated levels of protein oxidation [345].  Oxidative 

modification of proteins has a major effect on cellular homeostasis, upon the inhibition of 

protein function, deleterious fragmentation and formation of protein aggregates. In 

addition, the formation of highly oxidized proteins has negative effects on the proteolytic 

pathways, leading to inhibition of proteases mediating protein degradation. Besides, the 

oxidation of proteins may result in alterations in cells to synthesize new proteins. To 

decrease the protein toxicity due to protein oxidation, the oxidized proteins should be 

replaced with new ones. Both, removal of oxidized proteins and production of new 

proteins are affected, which result in a progressive accumulation of aberrantly functional 

proteins. This potentially lethal combination of increased levels of oxidized proteins, and 

decreased levels of protein synthesis, almost certainly contributes to the oxidative stress 

believed to occur in AD [342, 346]. The initial findings reported a direct influence of 

ribosomal proteins on the disease [347], and recent studies reported that ribosomal 

dysfunction is an early indication of neurodegeneration [342] and also observed in late 

stages of AD [348]. Elongation factor 2 (EEF2), which is a core protein present in the 

cluster, serves as a mediator of protein synthesis where it catalyses the translocation of the 

two tRNAs and the mRNA after peptidyl transfer on the 80S ribosome. EEF2 has been 

suggested to up-regulate the translation of protein tau in AD patients, which is responsible 

for the formation of neurofibrilliary tangles in the brain [349].  
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Figure 6.8. Condensed functional linkage network constructed from the top scoring functional modules in ADFN
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Table 6.7. 14 distinct GO terms corresponding to separate cellular processes enriched in 

the ADFN condensed network 

GO Term p-val Genes 

GO:0006414 translational elongation 3.89E-13 

RPS19 RPS13 RPL4 RPL27A RPL8 RPL5 RPS3 

RPL11 EEF2 RPS23 RPS28 RPS6 RPL30 

RPLP0 RPS5 RPS3A RPS2 RPS29 

GO:0007596 blood coagulation 6.37E-10 

F8 SERPINE1 F13B PLAU PLG PROC PLAT 

PROS1 FGG F13A1 F2 PLAUR SERPINC1 F5 

THBD FGA F3 

GO:0007249 I-kappaB kinase/NF-kappaB 

cascade 
1.47E-07 

RIPK1 IRAK4 IRAK1 TLR3 MYD88 TBK1 

BIRC2 IRF3 FADD TLR7 TRADD TRAF6 

TANK TNFRSF1A BTK STAT1 

GO:0030217 T-cell differentiation 3.07E-07 
STAT5B STAT5A IL2 IL2RA CD3D SYK CD4 

CD8A RPS6 CD28 ZAP70 LCK RARA BCL6 

GO:0006297 nucleotide-excision repair, 

DNA gap filling 
8.55E-14 

RFC4 RFC5 POLD1 RFC1 POLE RFC3 PCNA 

POLD2 RFC2 POLD3 

GO:0051438 regulation of ubiquitin-protein 

ligase activity 
1.96E-05 

PLK1 FBXO5 PSMD2 CDC2 CCNB1 BUB1B 

BUB3 UBE2D1 CDC20 RPS27A 

GO:0010553 negative regulation of gene-

specific transcription from RNA polymerase 

II promoter 

1.27E-06 
HDAC4 NR1H2 HDAC5 NCOR1 HDAC1 

PPARG NCOR2 HDAC3 RXRA HDAC9 

GO:0008629 induction of apoptosis by 

intracellular signals 
7.12E-06 

PML BRCA2 DIABLO PPP2R5C CHEK2 

BRCA1 ERCC6 ATM XPA 

GO:0006368 RNA elongation from RNA 

polymerase II promoter 
3.41E-05 

GTF2H1 MNAT1 ERCC2 CDK7 CCNH ERCC3 

GTF2B POLR2A 

GO:0030521 androgen receptor signaling 

pathway 
1.11E-07 

AR MED17 MED1 MED12 NRIP1 PPARGC1A 

NCOA3 

GO:0034369 plasma lipoprotein particle 

remodeling 
6.97E-06 

APOC3 LPL APOB APOA2 APOA1 APOE 

APOC2 

GO:0050771 negative regulation of 

axonogenesis 
1.86E-05 

PSEN1 OMG NGFR RTN4R RTN4 LINGO1 

MAG 

GO:0006693 prostaglandin metabolic process 1.65E-11 PTGIS PTGS2 TBXAS1 PTGES PTGDS 

GO:0048861 leukemia inhibitory factor 

signaling pathway 
6.17E-05 IL6ST LIF CTF1 LIFR 

 

The second largest cluster identified in this map belongs to blood coagulation (p-val 

= 6.37E-10), where 17 proteins are present. F13A1, PLAT, PLAU, PLG PROC, 

SERPINE1 have previously determined associations with the disease and F8, SERPINC1, 

F13B, PROS1, FGG, F2, PLAUR, F5, THBD, FGA, F3 are included in the network 

through extension. These proteins are well known members of blood coagulation pathway 

and may responsible for the formation of blood clots in the brain. As early studies 
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suggested a possible thrombin formation from prothrombin in AD [350], recent studies 

recorded that elevated levels of fibrinogen increases the risk of AD and vascular dementia 

[351, 352]. Fibrinogen, the precursor of fibrin, is normally removed from the brain by 

blood-brain barrier (BBB) to prevent any formation of blood clots by fibrin. The proper 

function of BBB is to tightly control the communication between the circulation and the 

central nervous system and to protect the brain from macromolecules in circulation. 

However, impaired BBB may result in the formation of agglomerates, as reported in 

animal models. This study also reported elevated levels of Plasminogen activator 1 

(SERPINE1) contributes to the accumulation of A [353]. Notably; the association of 

fibrinogen with AD is less strong than with vascular dementia [351, 352]. In fact, these two 

diseases have the similar form, where vascular dementia is the formation of vascular 

lesions in the brain, leading to cognitive impairment. Vascular dementia is generally 

associated with blood homeostasis, including hypertension. The hemostatic factors 

involved in vascular dementia may also be associated with AD, however the effect of 

hemostatic balance in AD might be less than the formation of A-plaques and 

neurofibrillary tangles.  

 

The third largest cluster identified in ADFN condensed map are the members of the 

NF-B pathway (p-val = 1.14E-07). The direct link between presenilin 1 (PSEN) and 

nerve growth factor (NGFR) indicates the pronounced links between inflammation and 

AD. NF-B pathway is one of the major signaling pathways that is activated in response to 

proinflammatory cytokines and Toll-like receptors (TLRs). Although the proteins, BIRC2, 

BTK, FADD, IRAK4, IRAK1, IRF3, MYD88, RIPK1, STAT1, TANK, TBK1, TLR3, 

TLR7, TRADD, TRAF6, TNFRSF1A have not previously associated with AD, the 

presence of NF-B cluster in ADFN map suggests the involvement of inflammatory events 

in neurodegeneration in AD. Recent studies showed that Toll-like receptors (TLRs), 

having central roles in innate immune system, have also been linked to the pathogenesis of 

AD [114, 115]. The apparent functional association with presenilin 1 (PSEN) with tumor 

necrosis factor receptor associated factor 6 (TRAF6) and nerve growth factor (NGFR) with 

Toll-like receptor 7 (TLR7) observed in ADFN condensed network may indicate the 

coupling of presenilin with the NF-B pathway. One recent study, revealing this 

interconnection, suggests that the TRAF6 binding site of PSEN1 mediates nerve growth 

factor (NGF)-induced association between PSEN1 and TRAF6. Disruption of the 
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interaction between PSEN1 and TRAF6 inhibits TRAF6 autoubiquitination and PSEN1-

deficiency antagonizes NGF-induced I-B degradation [354]. Therefore, the functional 

association between PSEN1, NGFR, TRAF6 and TLR7 revealed in this study is suggested 

to initiate the modulation of NF-B signaling pathway. Considering the facts that A is 

able to stimulate a NF-B signaling pathway [355] and PSEN1 is critical for A 

production [87], a realistic approach can be established to infer the biological processes 

linking inflammation to AD should start from the modulating effects on PSEN1 on NF-B 

signaling pathway.  

 

NF-B signaling pathway cluster is linked to T-cell differentiation (p-val = 3.07E-

07) and leukemia inhibitory factor signaling pathway (p-val = 6.17E-05). T-cell 

differentiation is implicated to the early indication of active immune response. In case of 

an immune response, T-cells proliferate and differentiate into Th1, Th2, Th17 and 

regulatory Th cells depending on the type of the effect. Interleukin 2 (IL2), produced in T-

cells, mediates the cell cycle. After entering the cell cycle, the production of cytokines 

such as IFNG or IL4, IL5 and IL13 has been initiated. The most potent determinant of T-

cell differentiation is the influence of IL12 and IL4 signaling, acting via STAT4 and 

STAT6. In Th1 cells, CD40 ligand (CD40L) is a potent inducer of IL12 gene expression 

that involves the activation of NF-B signaling pathway [356], whereas IL12 signaling 

through JAK-STAT pathway is crucial in the induction of Th1 differentiation [357]. JAK-

STAT signaling pathway mediates the IL3 activation of microglia, which produces 

immune and inflammatory responses in the central nervous system [358].  

 

APOC3, LPL, APOB, APOA2, APOA1, APOE, APOC2, which clustered together in 

this map, are involved in plasma lipid particle remodeling (p-val = 6.97E-06). 

Apolipoproteins (APOB, APOE, APOC2, APOC3) facilitate the removal of triglycerides 

in the form of chylomicrons from the circulation. A number of epidemiological studies 

reported that elevated levels of cholesterol contribute to the incidence of AD. Individuals 

with high levels of plasma cholesterol have an increased susceptibility to the disease, 

particularly with APOE4 genotype. In addition, high levels of low-density lipoprotein 

(LPL) were also observed [359]. This evidence includes in vitro studies indicating that 

cellular cholesterol levels modulate Aβ production [360] and animal studies demonstrating 

that cholesterol levels modulate Aβ accumulation in the brain [361]. A, APOE and 
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cholesterol have been shown to co-localize in the core of fibrillar plaques in transgenic 

mice models of AD, supporting the suggestion that cholesterol and APOE are involved in 

fibrillar plaque formation [362]. Statins, which are drugs often used as a medication for 

atherosclerosis, inhibit cholesterol biosynthesis and result in accelerated clearance of 

plasma LDLs, hence tested for their validity in AD; results showed that statins exert a 

protective against AD [363]. Hence, these studies support the fact that there is a direct link 

between the altered cholesterol homeostasis and AD.  

 

6.2.4. Disease Interventions Derived from ADFN 

 

The intracellular biological processes involved in the modular form in ADFN has 

been implicated to be an indication of associations with many other complex diseases, 

therefore the diseases were linked to each other through shared partners. To delineate the 

complex disease associations through shared partners, the proteins in condensed form of 

ADFN were used to calculate the disease overlapping score among diseases. As explained 

in Methodology, the disease classification scheme was used to uncover the relations among 

the diseases. The 269 proteins participate the modular structure of ADFN were found to be 

linked with 362 disease terms. Subsequent calculation of the disease overlapping scores 

and validation of the linkages, the diseases that share at least two proteins (p-val < 2.00E-

03) have been assembled, as shown in Figure 6.9 and selected disease pairs are listed in 

Table 6.8. The corresponding disease classes were shown in parenthesis, DO represents the 

disease overlapping score and p-val indicates the significance of the linkage. 

 

Presenilins (PSEN and PSEN2) are shared between Alzheimer‘s disease, seborrheic 

keratosis, glomerulonephritis, erythema and cardiomyopathy. Seborrheic keratosis is a skin 

disorder consist of benign overgrowths of epithelium that have a pigmented velvety. The 

prevalence of the disease increases with aging. On the other hand, glomerulonephritis is a 

renal disorder characterized by inflammation of the glomeruli, or small blood vessels in the 

kidneys. Erythema is a general condition of the redness of skin; generally it occurs with 

environmental stimuli directed to inflammation. Cardiomyopathy is an idiopathic 

cardiovascular disease affecting the myocardium primarily. Although the diseases seem 

quite different and affect various parts of the system, these diseases intersect with each 

other through presenilins, which are the members of the -secretase protease complex. It is 
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Figure 6.9. Disease associations derived through ADFN 
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Table 6.8. Selected pairs of disease terms derived from ADFN displaying significant associations in terms of shared genes 

DiseaseTerm1 DiseaseTerm2 DO p-val Shared genes 

Alzheimer Disease (Nervous System) Dementia (Nervous System) 0.231 1.85E-04 APOE, PSEN1, PSEN2 

Alzheimer Disease (Nervous System) Seborrheic Keratosis (Skin and Connective Tissue) 0.182 2.51E-05 PSEN1, PSEN2 

Alzheimer Disease (Nervous System) Vasculitis (Cardiovascular) 0.182 3.71E-05 PSEN1, PSEN2 

Keratosis (Skin and Connective Tissue) Alzheimer Disease (Nervous System) 0.167 1.94E-03 PSEN1, PSEN2 

Glomerulonephritis (Urogenital) Seborrheic Keratosis (Skin and Connective Tissue) 0.333 7.40E-10 PSEN1, PSEN2 

Cardiomyopathy (Cardiovascular) Dilated Cardiomyopathy (Cardiovascular) 0.857 0.00E+00 
CYP1A1, HDAC1, HFE, IL6ST, 

PSEN1, PSEN2 

Seborrheic Keratosis (Skin and Connective Tissue) Dilated Cardiomyopathy (Cardiovascular) 0.333 3.03E-09 PSEN1, PSEN2 

Nephritis (Urogenital) Dilated Cardiomyopathy (Cardiovascular) 0.200 1.54E-03 PSEN1, PSEN2 

Cardiomyopathy (Cardiovascular) Dementia (Nervous System) 0.200 2.20E-03 CXCL12, PSEN1 

Glomerulonephritis (Urogenital) 
Systemic Lupus Erythematosus  

(Skin and Connective Tissue) 
0.400 7.90E-10 GADD45A,LYN, PSEN1, PSEN2 

Erythema (Skin and Connective Tissue) 
Systemic Lupus Erythematosus  

(Skin and Connective Tissue) 
1.000 0.00E+00 

CD4, GADD45A, LYN, PSEN1, 

PSEN2, PTGS2, TLR7, XPC 

Thalassemia (Hemic and Lymphatic) Ataxia (Nervous System) 0.118 1.62E-03 APOB, ERCC2 

Ataxia (Nervous System) Osteosclerosis (Musculoskeletal) 0.118 2.32E-03 ERCC2, XPA 
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well known that presenilin-dependent cleavage of amyloid- (A) precursor protein (APP) 

contributes to the generation of A peptides and the formation of A plaques. However, 

presenilin partial deficient mice developed skin lesions similar to seborrheic keratosis and 

glomerulonephritis, keratitis and vasculitis, as seen in human systemic lupus erythematosus 

[364]. This diverse impact of presenilins can be attributed to the interaction with a variety 

of proteins ranging from the modulation of cell viability to cell adhesion, protein 

trafficking, calcium homeostasis and regulation of gene transcription [90, 365, 366].  

 

The links between Alzheimer‘s disease and cardiomyopathy were established 

through dementia, where along with PSEN1 and CXCL12 are shared. CXCL12 is a shared 

protein that is not previously associated with AD. Stromal cell-derived factor 1 (CXCL12) 

is a chemokine that controls many bone-marrow derived cell functions, has been involved 

in recruitment of brain cells to the lesions in the central nervous system and involved in 

neuroinflammatory responses. Due to its modulating effect, CXCL12 has been investigated 

for a potential role in AD, results indicated that the protein is associated with the disease 

and suggested as a potential therapeutic target [367]. In animal models, CXCL12 has a 

modulating effect on cardiomyocyte calcium homeostasis regulation [368] and elevated 

levels of CXCL12 were observed after myocardial infarction in humans [369]. Hence, the 

regulatory effect of CXCL12 may suggest a link between inflammation and calcium 

homeostasis with AD.  
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7. COMPARATIVE ANALYSIS AND DISCUSSION 

 

 

A general perspective to the interference of complex disorders was developed using 

the modular architectures of the functional linkage networks representing three complex 

diseases: cardiovascular disease, Type 2 diabetes and Alzheimer‘s disease. These three 

disorders have been the subject of intense research due to their prevalence. Although the 

contribution of environmental factors, such as nutrition and sedentary life, to the diseases 

has been investigated, there is a considerable effort to understand the contribution of 

genetic factors to the development and progression of the diseases. The discovery of 

genetic factors has been anticipated to understand the fundamental underlying 

mechanisms, hence to improve the pathogenesis, diagnosis and treatment. Recent years the 

systems biology approaches, rather than focusing on single gene or a single system, 

enabled the researchers to develop generalized perspectives to achieve a comprehensive 

understanding and identification of biomarkers. In fact, the results showed that the genetic 

inheritance also contributes to the associations among complex disorders, where an 

interference of the systems was observed yielding shared mechanisms.  

 

7.1. Comparison of Network Topology 

 

To elucidate these mechanisms that are shared and to uncover other complex disease 

associations, the functional linkage networks for CVD, T2D and AD were constructed 

using the proteins encoded by the genes reported to be associated, which are called as core 

proteins, and the first neighbors were also incorporated to capture putative proteins. The 

functional linkages extracted from STRING database, where a confidence score was 

assigned based on the variety of information that supports the linkage. To achieve a 

comprehensive representation of the disease, a threshold for confidence score of functional 

linkage was set while keeping a substantial amount of core proteins in the network. The 

selection of the confidence score was based on two measures: coverage and constitution. 

Table 7.1 summarizes the networks as well as basic topological properties of the networks.  

 

The networks were entitled as cardiovascular disease related functional linkage 

network (CFN), Type 2 diabetes related functional linkage network (TDFN) and 
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Alzheimer‘s disease related functional linkage network (ADFN). Network topological 

analyses showed that the degree distribution of the networks follow Power law with degree 

exponents, 2.28, 2.54 and 2.52, respectively, indicating the scale-freeness of the networks, 

hence biological relevance.  

 

Table 7.1. Summary of the networks 

 
CFN TDFN ADFN 

c-proteins 234 494 244 

N 1536 2734 1587 

l 3345 14823 7785 

confidence score 900 940 960 

% coverage 88.03 95.95 92.62 

% constitution 13.41 17.34 14.24 

<k> 4.36 10.84 9.81 

 2.28 2.54 2.52 

 

11 proteins are present in these disease related linkage networks: apolipoproteins 

APOA1, APOA2, and APOB, coagulation factors F3 and F5, thrombomodulin (THBD), 

glutathiones GSTM1 and GSTT1, interlukins IL2 and IL2RA, oncostatin M (OSM). The 

presence of apolipoproteins represents the existence of lipid metabolism, the coagulation 

factors indicate the roles of blood colagulation, glutathiones, interleukins and oncostatin M 

reflect the involvement of inflammation in the pathogenesis of the diseases.  

 

The hub proteins, which are the determinants of the major biological processes 

involved in the disease, were identified through accumulative degree and betweenness 

distributions. It is a well-known phenomenon that hub proteins have higher degrees in the 

network, but rather than identifying hub proteins solely on degree, betweenness, which 

emphasizes the importance of a node to transmit the information throughout the network, 

was also considered as a significant determinant. In these three networks, insulin (INS), 

interleukin-6 (IL6) and signal transducer and activator of transcription 3 (STAT3), act as 

hub proteins, supporting the importance of signaling pathways in these networks were 

identified.    
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To build a modular perspective, the functional modules, which are highly condensed 

subgraphs, were derived in these networks. The functional modules were selected on the 

modularity measure, where the maximum number of possible interactions was attained 

among the proteins included in the module. The functional modules derived in the 

networks were restricted to size four and above to maintain biological relevance. 566, 5355 

and 2674 functional modules were identified for CFN, TDFN and ADFN, respectively, and 

considered for further analyses. Functional analysis of proteins are members of a specific 

module indicated that they are all functionally linked. As expected, hub proteins in the 

selected networks present in the modular structures, due to their high interactions.  

 

7.2. A Systems Biology Approach to Link CVD, T2D and AD 

 

There is mounting evidence that proteins function in same pathway are often co-

localized and co-expressed. It is also a well-known fact that genes contributing to a disease 

have an increased tendency for their products to interact and function together. Based on 

this premise, the evaluation of the functional modules was performed by calculating the 

consistency in the module in terms of sharing pathways, co-localization, co-expression and 

shared diseases. Incorporation of various independent data was anticipated to generate a 

deliberate and consistent evaluation method. The information deposited in KEGG pathway, 

mammalian localization database, a gene-disease association classification, which is 

developed in this study by incorporating Medical Subject Headings with the OMIM 

database, and Gene Expression Omnibus were used as resources. For each of the networks, 

the top scoring functional modules were assembled and analyzed in terms of Gene 

Ontology terms, representing the fundamental processes in the corresponding disease.  

 

Blood coagulation cascade, vascular homeostasis and lipoprotein metabolism is 

present in CFN, as expected, and these processes underlie the delicate balance of blood 

homeostasis and lipid homeostasis which are maintained through inflammatory 

mechanisms JAK-STAT signaling and NF-B cascades. The connection of blood 

coagulation and fibrinolysis to the proinflammatory cytokines was established through 

vitronectin (VTN) and oncostatin M (OSM), which are the proteins that are not previously 

associated with CVD. The modulating roles of these proteins in maintaining blood 

homeostasis and inflammation require further research. The presence of proinflammatory 
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cytokines and its connection with vascular homesostasis, involving the members of renin-

angiotensin system and blood coagulation suggests there is the possible link between 

inflammation, hypertension and atherosclerosis. Accumulating evidence also suggests that 

inflammation participates in hypertension [370].  

 

The presence of blood coagulation cascade is also observed in TDFN and ADFN, 

implying the importance of blood homeostasis in the pathogenesis of the diseases. The 

activation of blood coagulation system is suggested as an early indication of vascular 

damage [371]. Endothelial dysfunction leading to vascular damage is a common pattern 

shared by CVD and T2D [372]. In brain, the impaired blood coagulation results in the 

formation of fibrinolysis and blood clots, which is associated with impaired hemostatic 

imbalance observed in AD patients [352]. Hence, any disturbance in the blood coagulation 

cascade may result in endothelial vascular damage and uncontrolled fibrinolysis leading to 

formation of blood clots is a common underlying mechanism that is shared by CVD, T2D 

and AD.  

 

The contribution of lipid metabolism, impaired cholesterol regulation to CVD and 

T2D has been the subject of intense research for years. Cholesterol uptake is known to 

increase the risk of obesity and Type 2 diabetes. The regulation of lipid metabolism 

involves the transport of lipids, particularly cholesterol and triglycerides, in the blood. The 

low density lipoprotein (LPL) and apolipoproteins (APOB, APOE, APOA1) are involved 

in lipid metabolism are present in CFN, TDFN and ADFN. The accumulation and 

subsequent oxidation of LPL is an early indication of atherosclerosis. The initiation of the 

process involves the accumulation of LDLs, which are modified by oxidation or enzymatic 

activity, and form agglomerates, leading to an increase phagocytosis by macrophages. In 

plasma and brain, LDL and chylomicrons, which are circulating triglycerides entrapped by 

APOB, APOE and APOC1, are removed from circulation by liver. APOE is also 

responsible for the formation of A plaques in AD etiology. The role of APOE in 

maintaining cholesterol homeostasis in the brain may contribute to the increased risk for 

AD. Hence, it is necessary to gain insights for brain cholesterol mechanism to clarify the 

contribution of cholesterol to the disease and potential use of drugs targeting cholesterol. 

Consequently, the comprehensive understanding of the delicate balance for cholesterol is 
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needed to decipher its role as a shared biological process between CVD, T2D and AD 

etiology.  

 

Another cluster of proteins, that is not associated with a biological process, observed 

in all of the disease networks include GSTM1, GSTM4, GSTT1, EPHX1, CYP1A1, 

CYP1A2, GPX1 proteins with varying compositions. GSTM1, GSTM4 and GSTT1 are 

members of Glutathione-S-transferase family of proteins, which play a major role in 

cellular antioxidant defense mechanisms by catalyzing the reduction of potentially harmful 

peroxides. Glutathione peroxidase (GPX1), which functions as an antioxidant enzyme, is 

responsible for the detoxification of hydrogen peroxide. Glutathiones are known as the 

detoxification enzymes responsible for the metabolism of a broad range of xenobiotics and 

carcinogens [373]. These proteins signify the importance of oxidative stress in the 

pathobiological processes in CVD, T2D and AD. Oxidative stress refers to a persistent 

imbalance between excessive production of ROS (reactive oxygen species) and limited 

antioxidant defenses [76]. The accumulation of the products of the oxidative stress, 

especially reactive oxygen species (ROS), which are basically free radicals, can cause the 

damage to biological macromolecules: proteins, lipids and DNA. Because of their unpaired 

electrons, free radicals are very unstable and highly reactive; hence bind to molecules with 

free electrons yielding unstable molecules. The free radicals produced in the body are 

toxic, and if not removed or neutralized, they react with lipids, proteins, and nucleic acids 

and damage cellular functions. In case of an increased oxidative damage, the free radical 

form of O2, superoxide, can be converted in the hydrogen peroxide, H2O2, which is highly 

toxic. However, the H2O2 can be neutralized by GPX1, therefore any impairment in the 

GPX1 may result in the increase in the H2O2, leading the apoptosis [84]. The effect of 

oxidative stress in Type 2 diabetes results from the glucose toxicity mediated by ROS, 

which has been shown by indirect studies that the high glucose levels produce an oxidative 

stress inducing a subsequent increase in antioxidant enzyme levels and the harmful effects 

of high glucose concentration can be reversed by antioxidants [374], as well as the 

impaired insulin gene expression and -cell function due to high glucose levels [375]. 

Initial studies investigating the impact of glutathione in AD produced controversial results 

[376-378]. These results may possibly be attributed to the fact that the alterations in the 

glutathione system are secondary to other events leading to neurodegeneration. Hence the 

prominent role of oxidative stress revealed in this study indicates that oxidative stress can 
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be considered as one of the major links in the pathobiological processes in CVD, T2D and 

AD.  

 

NF-B pathway, which is one of the major signaling pathways that is activated in 

response to proinflammatory cytokines and Toll-like receptors (TLRs), is shared between 

CVD and AD networks. The control of the induction of proinflammatory cytokines and 

chemokines is carried out through the Toll–like receptor pathway.  Seven Toll-like 

receptors (TLRs) and large number of cytokines including TNF, IRAK2, IRAK4, TRAF6 

and MYD88 are present in the modular structure of CFN. The presence of NF-B cluster 

in ADFN map suggests the involvement of inflammatory events in neurodegeneration in 

AD. Recent studies showed that Toll-like receptors (TLRs), having central roles in innate 

immune system, have also been linked to the pathogenesis of AD [114, 115]. The relation 

of NF-B signaling is observed through TRAF6 interaction with PSEN and NGFR linkage 

with TLR7. Experimental studies investigating inflammation as a marker of these two 

diseases revealed the role of LPL and A peptide plaque formation mediating 

inflammation in CVD and AD, respectively. In fact, the accumulation of macrophages in 

the brain due to impaired blood brain barrier [113] is similar to those found in intima [41], 

as well as, both processes share the same cytokines. The initial inflammatory responses, 

such as removal of LDL and A-peptide, can be protective against the diseases. However, 

the initiation stimulus of inflammation is yet to be discovered.  

 

The presence of prostaglandins in T2D and AD networks suggest the possible role of 

inflammation in these diseases. PTGES, PTGDS, PTGIS, PTGS1 are members of 

prostaglandins, which are generally considered to be potent pro-inflammatory mediators. 

PTGD2 and prostacyclin (PTGIS) mediate a number of other effects including inhibition of 

platelet aggregation, smooth muscle relaxation and contraction, vasodilation and 

vasoconstriction. Prostaglandin E2 synthases (PGES and PTGES2) are a group enzymes 

that are engaged in paracrine signaling system. Recent studies reported PTGES1 

involvement in inflammatory pain and ischemic brain injury, and suggested as potential 

pharmacological targets for stress-related disorders [309, 310]. The modulating role of 

prostaglandins in AD can be expected due to their effects in platelet aggregation, 

vasodilation and vasoconstriction; however to confirm the direct relation between 
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prostaglandins and Type 2 diabetes, experimental studies should be substantiated regarding 

the supplementary role of prostaglandins in muscle and adipose glucose transport.  

 

The presence of inflammatory cytokines and prostaglandins in these disease 

networks highlights the importance of inflammation in the pathophysiology of these 

diseases. Considering the fact that, inflammatory response generally is not tissue specific, 

inflammation can be regarded as the major association between these diseases. This result 

indicating the obvious contribution of inflammation to CVD, T2D and AD is in 

concordance with a recent report investigating the accelerative effect of T2D in AD [379].  

 

Another biological process that is shared between T2D and AD is the ubiquitin-

proteasome system (UPS), which is an essential process responsible for the degradation of 

the majority of intracellular proteins and plays a pivotal role in the regulation of many 

cellular processes, particularly in the activation of nuclear factor B (NF-κB) and the 

transcription factors, which induces the production of proinflammatory cytokines. In AD, 

the accumulation of aggregates and inclusions of aberrant proteins imply an impaired UPS. 

The finding that UPS is up-regulated in T2D in animal models supported the finding that 

the defective UPS leading to inflammation might provide a link between AD and T2D that 

has not been revealed yet.  

 

7.3. Complex Disease Interventions 

 

Within the framework of this study, the complex disorders are linked to each other 

through shared proteins present in the disease networks, CVD, T2D and AD. Since the 

connection between the diseases is established through the proteins involved in the 

individual functional linkage networks, the relations gathered herein are more likely to be 

local. However, the connections between some disorders are ―conserved‖ in each network, 

as well as some clusters formed in the disease networks. For instance, the strong link 

between myocardial infarction and atherosclerosis is conserved in all three disease 

networks, while shared proteins are changed. The disease associations conserved in CVD, 

T2D and AD networks are listed in Table 7.2. As expected, majority of the linkages 

contain the generalized form and specific forms of the diseases.   
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The links between muscular atrophy, spinal muscular atrophy (SMA) and 

amyotrophic lateral sclerosis (ALS) and obesity observed in disease associations derived 

from TDFN were also detected in the disease linkages based on ADFN, suggesting the 

consistent links between these disorders. ALS is a neurodegenerative and SMA is a 

muscular disease that both are characterized by marked weight loss. The proteins ciliary 

neurotrophic factor (CNTF) and cardiotrophin 1 (CTF1) are common in both of these 

disorders, suggesting a potential implication in obesity.  
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Table 7.2. Disease pairs conserved in three disease networks 

  
CVD T2D AD 

  
DOCVD iCVD* p-val DOT2D iCVD p-val DOAD iCVD p-val 

Hyperglycemia Obesity 0.316 6 4.28E-07 0.417 5 5.12E-13 0.154 2 3.29E-03 

Myocardial Infarction Atherosclerosis 0.353 12 7.90E-06 0.300 3 4.73E-07 0.250 4 2.07E-04 

Myocardial Infarction Stroke 0.304 7 2.00E-05 0.333 2 8.58E-09 0.300 3 3.94E-06 

Thrombocytopenia Stroke 0.235 4 3.41E-04 0.667 2 0.00E+00 0.333 2 7.33E-08 

Coronary Artery Disease Stroke 0.286 6 6.95E-05 0.500 2 2.69E-14 0.333 2 2.13E-08 

Multiple Sclerosis Encephalomyelitis 0.222 2 3.35E-04 0.429 3 4.01E-13 0.500 2 4.28E-13 

Thrombophilia Thrombosis 0.353 6 4.48E-10 1.000 3 0.00E+00 0.500 5 2.78E-15 

Autoimmune Encephalomyelitis Encephalomyelitis 0.833 5 0.00E+00 0.667 4 0.00E+00 1.000 3 0.00E+00 

Myelitis Encephalomyelitis 0.857 6 0.00E+00 0.857 6 0.00E+00 1.000 3 0.00E+00 

Systemic Lupus Erythematosus Erythema 0.857 6 0.00E+00 0.750 3 0.00E+00 1.000 8 0.00E+00 

Lymphocytic Choriomeningitis Meningitis 0.750 3 0.00E+00 1.000 3 0.00E+00 1.000 4 0.00E+00 

Anemia Aplastic Anemia 0.231 3 2.54E-06 0.300 3 1.85E-10 0.091 2 8.73E-03 

Coronary Artery Disease Myocardial Infarction 0.348 8 1.27E-06 0.600 3 0.00E+00 0.375 3 6.22E-11 

Ataxia Cerebellar Ataxia 0.400 2 8.86E-14 0.667 2 0.00E+00 0.118 2 2.29E-03 

Paralysis Amyotrophic Lateral Sclerosis 0.500 2 0.00E+00 0.667 2 0.00E+00 0.500 2 1.56E-12 

Hypertriglyceridemia Atherosclerosis 0.207 6 2.18E-05 0.333 3 1.24E-09 0.167 2 1.41E-04 

Multiple Sclerosis Autoimmune Encephalomyelitis 0.250 2 4.37E-05 0.333 2 1.99E-08 0.500 2 5.22E-13 

Myelitis Autoimmune Encephalomyelitis 0.714 5 0.00E+00 0.571 4 0.00E+00 1.000 3 0.00E+00 

Coronary Artery Disease Atherosclerosis 0.303 10 2.77E-05 0.375 3 9.20E-14 0.154 2 2.89E-03 

Cardiomyopathy Dilated Cardiomyopathy 0.400 2 1.53E-12 1.000 2 0.00E+00 0.857 6 0.00E+00 

* i indicates the number of proteins that are shared between the disease pairs 
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8. CONCLUSION AND FUTURE PROSPECTS 

 

 

8.1. Conclusion 

 

In this study, a generalized perspective to complex disease interference was 

developed by combining various levels of biological information for three prevalent 

complex diseases: cardiovascular disease, Type 2 diabetes and Alzheimer‘s disease. The 

underlying shared biological processes in these diseases were investigated using a systems 

based modular approach.  

 

One aspect of systems biology involves the integration of diverse experimental and 

biological databases using computational tools to infer new knowledge about the systems. 

Network based approaches incorporating these resources have been widely used to predict 

protein function / interactions and selection of putative target proteins within a particular 

pathway. In the last decades, systems biology approaches received considerable attention 

to understand the contribution of environmental stimuli as well as genetic factors to the 

development of complex disorders with the hope that discovering these genetic factors will 

provide fundamental insights for pathogenesis, diagnosis and treatment.  

 

The study was initiated with the construction of the cardiovascular disease functional 

linkage network (CFN), with 1536 nodes and 3345 interactions using proteins encoded by 

234 genes associated with cardiovascular disease. Following the derivation of functional 

modules in CFN, integration of CFN with bibliomics revealed that out of 566, 227 

functional modules are significantly associated with one or more diseases. Functional 

modules involved in blood coagulation, lipid metabolism and renin-angiotensin systems 

were found to be linked to cardiovascular diseases (CVD) as expected. Analysis of 

functional modules revealed possible regulatory roles of HIF1A, SP1 and CXCL12 in the 

pathogenesis of CVD and modulation of their activities may be considered as potential 

therapeutic tools.  

 

A more comprehensive perspective to CVD was accomplished through incorporation 

of diverse levels of omics and semantics information with the CFN. Following the 
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subsequent scoring of the functional modules in terms of shared pathways, co-localization, 

co-expression and associations with diseases, the members of the top scoring functional 

modules were assembled in a condensed network indicating that, the biological processes 

involved in the pathogenesis of the disease are not restricted to blood coagulation, lipid 

metabolism and vascular homeostasis, but the inflammatory mechanisms also play pivotal 

role in these processes. The proteins, VTN, OSM, EPHX1 and FURIN, although not 

reported to have pronounced roles in cardiovascular diseases, were found to play important 

functions in this network. The proteins assembled in this condensed network were also 

associated with other complex disorders, albeit the interference of the complex diseases 

can be inferred through shared partners. Along with the well documented associations of 

obesity, significant linkages between CVD with proteinuria and rheumatoid arthritis were 

deciphered through shared proteins among these diseases.  

 

The approach was later applied to two other prevalent complex disorders: Type 2 

diabetes and Alzheimer‘s disease. The functional linkage networks include 2734 proteins / 

14823 linkages (TDFN) and 1587 proteins / 7785 linkages (ADFN) for Type 2 diabetes 

and Alzheimer‘s disease, respectively. The subsequent scoring and evaluation of the 

functional modules enumerated from TDFN revealed not only the well documented 

fundamental biological processes, but also featured processes including ubiquitin 

proteasome system, sonic hedhehog signalling and prostaglandin mechanism. In TDFN, 

the proteins CNTF, IFNGR1, NRIP1, and CT1 were proposed to play regulatory roles in 

the pathogenesis of the disease. The linkages between the complex diseases derived from 

TDFN suggested the conjunction of the disease with various types of muscoskeletal and 

neurological diseases, including spinal muscular atrophy, Duchenne Muscular Dystrophy 

and amyotrophic lateral sclerosis.  

 

The functional modules enumerated from ADFN were also evaluated by using the 

same scoring system. Along with the prominent biological processes, the involvement of 

ubiquitin-proteasome system, apoptosis and inflammatory mechanisms in the condensed 

map of ADFN suggested that the well-documented biological events might be insufficient 

to explain the progression of the disease. In addition, the links established between the 

presenilins, which are regarded as the mediators of A-plaque formation in brain, and 

TRAF6 may suggest that presenilins not only involved in plaque formation but also act as 
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mediators of the inflammatory responses. CXCL12 was proposed to play a modulating role 

in initiating the inflammatory response and linking AD with CVD. The complex disorders 

associated with the proteins included in the condensed map of ADFN supported the 

possible links between the disease with several skin, renal and cardiovascular diseases.  

 

The individual fundamental processes and signalling cascades observed in each of 

these diseases were converged at blood coagulation, glucose homeostasis, lipid 

metabolism, oxidative stress and inflammation. These biological processes were suggested 

as the underlying links between CVD, T2D and AD.  

 

Blood coagulation and impaired homeostatic balance resulting in endothelial 

vascular damage and uncontrolled fibrinolysis was a common shared mechanism between 

these diseases. An impaired insulin action and imbalance in cholesterol homeostasis were 

appeared to affect the pathogenesis of all of the diseases. The presence of proteins related 

with oxidative stress in the disease networks indicated that oxidative stress is one of the 

underlying links connecting these diseases. One of the significant findings of this study 

was that inflammation is the missing link between CVD, T2D and AD. The proteins 

generating inflammatory response, including various proinflammatory cytokines and 

chemokines were present and play central roles in all disease networks. Considering the 

fact that inflammatory responses were not restricted to tissues, inflammation can be 

regarded as the major association between these diseases.  

 

8.2. Future Prospects 

 

This study focused on gaining new information on underlying shared biological 

pathways between complex disorders through systems based modular approach. The 

results provide further understanding for the biological pathways that contribute to the 

diseases investigated and point out putative proteins for their roles in the pathobiological 

processes. The underlying biological conditions of CVD, T2D and AD were observed to 

converge at blood coagulation, oxidative stress, glucose homeostasis, lipid metabolism and 

inflammation.  
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The disease specific networks constructed in this study are function based, albeit the 

proteins are linked to each other through functional associations. Another valuable 

resource of linkage is the direct protein interactions; indeed these disease-related linkage 

networks can be constructed via protein-protein interactions from high throughput 

experiments. A comparative analysis between these networks may shed light to novel 

protein function annotations.   

 

These results in this study were elucidated by incorporating data from various 

resources that provides a deliberate and consistent evaluation method. However, the results 

obtained herein reflect a general understanding to the complicated events underneath 

complex diseases. Thereby, to ameliorate these findings and to get a full perspective, the 

differential gene expression analysis may provide more insight to understand the 

contribution of suggested biological processes to the diseases. 

 

The linkages between the complex diseases derived from this study suggested the 

conjunction of Type 2 diabetes with various muscoskeletal and neurological diseases, 

including spinal muscular atrophy, Duchenne Muscular Dystrophy and amyotrophic lateral 

sclerosis, as well as the possible links between Alzheimer‘s disease and several skin, renal 

and cardiovascular diseases. Thereby, the application of this approach to these diseases 

could be beneficial to reveal unspecified biological pathways and novel proteins.  
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