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ÖZET 

Tez Başlığı: Meme kanseri ve ilişkili hastalıkların transkriptom verileri ve 

interaktom ağları kullanılarak sistematik ve bütüncül analizi 

Hastalıklar nadiren tek bir gendeki anormallikler sonucunda oluşurlar, genellikle 

karmaşik hücresel ağlardaki (protein-protein etkileşim, transkripsyonel düzenleyici ve 

metabolik ağlar gibi) bozulmalar sonucunda meydana gelirler. İnsan protein 

interaktomunun kalite ve kapsamının tıbbi biyoloji gibi çeşitli disiplinlerde 

kullanılabilmesi için geliştirilmesi gerekmektedir. Bu nedenle, yüksek güvenilirlikli 

protein etkileşim ağı kurmak için yeni bir skorlama yöntemi geliştirilmiştir. Metotun 

uygulanabilirliği mayada, Saccharomyces cerevisiae, gösterilmiştir ve sonrasinda 

yüksek güvenilirlikli ve tamamlanmış bir insan interaktomu kurulmuştur. 

Bu çalışmada meme kanseri, üçlü negatif meme kanseri ve yemek borusu kanserlerinin 

moleküler mekanizmaları hakkında detaylı bilgi sunan çoklu omik analizleri 

kullanılmıştır. Bütüncül analizler sonucu ise her hastalığın mekanizmasına ait önemli ve 

hedef olabilecek yolaklar belirlenmiş, potansiyel ilaç hedefleri ve biyo-işaretçiler tayin 

edilmiştir. RHOB, ARGHDIB, GSTM3, MLPH, ATF5, CSF2RA, ve CXCL10 

genlerinin üçlü negatif meme kanseriyle, ACPP, C2orf54, DYNLT3, KANK1, 

ENDOU, FMO2, HOMER3, RFC4, COL10A1, FNDC3B ve MARCKSL1 genlerinin 

de yemek borusu kanserleriyle ilişkili oldukları ilk  olarak bu çalışmayla sunulmuştur.  

Hastalığa özel yeni ilaç hedefleri ve biyo-işaretçilerin belirlenmesini sağlayan 

önerdiğimiz çoklu-omik yaklaşımı meme kanseri, üçlü negatif meme kanseri ve yemek 

borusu kanserlerine yönelik yeni tanı ve kişiselleştirilmiş tıp tedavi yöntemlerinin 

tasarlanmasına olanak sağlayacaktır. 
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ABSTRACT 

Thesis Title: Systematic and Integrative Analysis of Breast Cancer and Other 

Associated Diseases Using Transcriptome Data and Interactome Networks  

The diseases are rarely the outcomes of aberrance in a single gene but they are 

consequents of the disruptions of the complex cellular networks including protein-

protein interaction (PPI), transcriptional regulatory and metabolic networks. The quality 

and coverage of human protein interactome needs to be improved to be used in various 

disciplines, especially in biomedicine. Therefore, novel scoring methodology was 

developed for reconstruction of highly reliable protein-protein interaction network. The 

applicability of method was shown in yeast, Saccharomyces cerevisiae, and then a 

consensus – highly reliable, almost complete – interactome of Homo sapiens was 

reconstructed. 

A multi-omic discovery approach was developed which could offer detailed information 

about the molecular mechanisms of breast cancer, triple negative breast cancer (TNBC), 

and esophageal squamous cell carcinoma (ESCC). As a result of a comprehensive data 

assessment and processing, we identified disease specific signaling and metabolic 

pathways together with candidate novel drug targets and biomarkers. The associations 

of RHOB, ARGHDIB, GSTM3, MLPH, ATF5, CSF2RA, and CXCL10 with TNBC 

were reported for the first time. Moreover, ACPP, C2orf54, DYNLT3, KANK1, 

ENDOU, FMO2, HOMER3, RFC4, COL10A1, FNDC3B and MARCKSL1 were 

reported for the first time in ESCC.   

The multi-omics molecular target and biomarker discovery approach presented here can 

offer ways forward on novel diagnostics and potentially help to design personalized 

therapeutics for breast cancer, triple negative breast cancer and esophageal squamous 

cell carcinoma in the future. 
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CLAIM OF ORGINALITY 

Breast cancer is the most common malignancy among women with an estimated 1.38 

million new cases and 458000 deaths worldwide every year, and identifying reliable 

molecular biomarkers and drug targets of breast cancer is the major challenge for 

successful treatment. Moreover, triple negative breast cancer (TNBC), which constitutes 

approximately 15% of breast cancer cases, is typically distinguished by high metastatic 

and mortality rate among other types. The limited treatment options are available for 

patients with TNBC. Another cancer type focused on this study is esophageal squamous 

cell carcinoma (ESCC) with poor survival rate, i.e., fourth worst among all cancers. The 

proper biomarkers for clinical diagnosis and prognosis have yet not been defined for 

ESCC yet. 

The aim of this thesis was to elucidate the molecular mechanisms of breast cancer, 

TNBC and ESCC through a network based approach. In this context, a novel scoring 

methodology was presented for reconstruction of highly reliable protein-protein 

interaction networks. We developed multi-omic discovery approach that offer detailed 

information about the molecular mechanisms of the diseases. This research as a 

significant intervention proposed novel candidate biomarkers as well as potential drug 

targets for further experimental analysis. The associations of RHOB, ARGHDIB, 

GSTM3, MLPH, ATF5, CSF2RA, and CXCL10 with TNBC were reported for the first 

time. Moreover, the down-regulated ACPP, C2orf54, DYNLT3, KANK1, ENDOU, 

FMO2 and up-regulated HOMER3, RFC4, COL10A1, FNDC3B and MARCKSL1 

were reported for the first time in ESCC.   

This study enables other researchers the standard multi-omic pipeline for data 

assessment and processing to enlighten the driving mechanisms of other complex 

diseases. 

 

September, 2015       Assoc. Prof. Kazım Yalçın ARĞA               Kübra KARAGÖZ 
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1 INTRODUCTION 

The diseases are rarely the outcomes of aberrance in a single gene, yet they are 

consequents of the disruptions of the complex cellular networks. The network medicine 

as a systems biology platform provides to discover the molecular mechanisms of 

diseases and the molecular relationships among different phenotypes that offer to 

identify the disease specific molecules, modules and pathways. Therefore, 

improvements in the network medicine are vital to determine novel biomarkers as well 

as drug targets (Barabási et al., 2011). 

Cancer, as a complex and heterogeneous disease, occurs as results of abnormalities in 

different cellular events.  It was suggested that tumor phenotypes arised from particular 

interactions and subsequent activation of distinct subnetworks (Miller-Jensen et al., 

2007). Therefore, targeted single gene/gene products therapies in which highly specific 

compounds were used and proposed to fail in case of not to perturb the associated 

network. The network-based approaches have arised in order to get through this 

difficulty (Pawson and Linding, 2008). The interaction of cellular molecules with each 

other is required to carry out their biological functions and complex networks are 

formed by these dynamic intracellular and intercellular interactions. The tumor 

phenotypes are determined by these interactions so cancer-associated networks could be 

promising targets for therapeutic discoveries. The signaling networks are dynamically 

altered in cancer cells with radio- and chemotherapies to protect themselves against 

external stimuli which induce resistance to therapeutics. Therefore, it is extremely 

important to identify which components have vital role in network and which 

subnetworks are activated or inactivated upon therapies to improve better strategies for 

cancer treatment (Seo et al., 2013). 

In the next part, network based approaches which targets cellular networks to develop 

effective anticancer therapies are described briefly. 
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1.1 Network-based Approaches  

Network-based systems biology, so called network biology, can study distinct 

biomolecular networks, and it includes multidisciplinary concepts such as mathematics, 

computer science and biology.  The aim of the network biology is to explore how 

cellular mechanisms enable biological phenotypes that are resulted by the form of 

networks among genes, proteins and metabolites. The accelerated breakthroughs in 

network biology offer valuable pipelines to analyse high-throughput data that enhances 

our understanding of cellular mechanisms so that facilitates significant interventions in 

biomedicine (Barabasi and Oltvai, 2004 and Chen et al., 2009). 

The “omics” tools including genomics, transcriptomics, proteomics and metabolomics 

and network-based approaches reforms researches in biomedicine that offer a chance to 

shift of complex diseases investigations from the traditional techniques to systems 

biology methods (Xiong et al., 2005 and Ideker and Sharan, 2008). Although the 

traditional biomedicine including experimental biology i.e. molecular biology and 

genetics has made significant advances to highlight molecular mechanisms of diseases, 

these experimental methods depend on investigating the role of individual genes and 

proteins which are not sufficient to elucidate mechanisms of complex diseases so the 

great challenges have emerged against the complex diseases for researches in 

biomedicine (Hornberg et al. 2006). 

Network-based systems biology presents novel approaches to interpret the non-linear 

interactions among several components and to distinguish the phenotypic alterations 

through the analysis of dynamic nature of cellular networks. Moreover, it enlightens the 

complex diseases through the determination of the cellular pathways and networks and 

the impacts of environmental alterations to them (Chen et al., 2009). 

Network-based approaches enable significant biological insights to multifactorial 

diseases. To understand the biological functions, the first step is the topological analysis 

of a network (Feldman et al., 2008). The topological attributes of a network including 

individual molecules (i.e. nodes), interacting pairs (i.e. edges), local structures (i.e. 

motifs and modules) and global structures of a network provide invaluable data to 

pinpoint disease associated genes/gene products and subnetworks as well as 
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dysregulated pathways. Furthermore, the network concepts also offer the candidate drug 

targets and drug combination for the treatments of complex diseases (Liu et al., 2012). 

The therapies based on network biology for treatment of human cancers have many 

promising clinical interventions. Notably, hub molecules (highly connected nodes) 

could serve as biomarkers in a disease network and it was proposed that circumstances 

of cancer cells are governed by the dysregulation of hub molecules. Analysis of cellular 

networks and hub molecules will allow identifying new drug targets and diagnostic 

biomarkers to distinguish early stages of cancer. Single molecule targeted therapies 

have several limitations because biological networks includes many disease modules 

emerged in cancer cells. Additionally, multi-targeted therapies are not optimal cancer 

treatments yet since the structure of networks are dynamic and changed by a stimulus-

dependent manner to keep homeostasis. Network-based integrative strategies could be 

the most auspicious methods for targeting particular mediators like novel hubs which 

alters the states of a network. Therefore, these methods could increase the effectiveness 

of classical therapies which particularly target hubs and perturb the main disease 

modules. A huge amount of bioinformatics data have been arised and obtained over 

time to explore the network structures and states. On the other hand, the modification of 

network state response to radio- and chemotherapies could be possible that utilize the 

discovery of novel drug combinations and personalized medicine strategies (Seo et al., 

2013). 

The molecular networks: i) regulatory networks, whose nodes represent transcriptional 

factors (TF) and genes and directed edges represent regulatory relationships between 

them. At genomic level, TFs as  products of genes, regulate the activities of gene and 

the gene expression through gene regulatory network or a transcriptional regulatory 

network (Figure 1.1 A) (Carninci et al., 2005), ii) protein interaction networks, whose 

nodes are proteins and the edges express physical interactions among protein pairs. At 

proteomic level, proteins interact with each other to constitute protein complexes and 

biological pathways to take part in distinct biological processes. These associations 

between protein pairs are named as protein–protein interactions (PPIs), which form a 

PPI network (Figure 1.1 B) (Rual et al., 2005); iii) metabolic networks, whose nodes are 

metabolites and the edges express the connection if they take part in the same 

biochemical reactions (Figure 1.1 C) (Jeong et al., 2000). The metabolic networks are 
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constituted by the biochemical reactions and enzymes which catalyse the reactions, 

regulate fluxes (Chen et al., 2009). In the next parts, more detailed information was 

given about the molecular networks which were applied to elucidate the molecular 

mechanisms of breast cancer, triple negative breast cancer and esophageal squamous 

cell carcinoma. 

 

 

Figure 1.1 Graphical representations of biological networks, (A) Protein-protein 

interaction network, (B) Transcriptional regulatory network, (C) Metabolic networks. 

1.1.1 Protein-protein interaction networks 

Protein-protein interaction networks as undirected graph includes binary interactions 

between protein pairs. Nodes represent proteins and an edge among two nodes 

represents the interaction between the corresponding proteins (Wagner, 2003), as shown 

in Figure 1A.  The analysis of PPI network offer several advantages including 

annotation of functionality since neighbor proteins in the network probably have 

common functionality and densely connected subnetworks are likely to constitute 

protein complexes as a unit of particular biological processes (Vittorio Cannistraci et 

al., 2013). The experimental techniques to identify PPIs include the in vitro and in vivo 

methods (i.e. affinity purification, yeast two hybrid, tandem affinity purification, 

coimmunoprecipitation, protein microarrays, X-ray crystallography, NMR 

spectroscopy) but these have their own disadvantages in cost and time and obtained data 



5 
 

are often noisy, incomplete and have more false positives. Therefore, in silico methods 

which include sequence-based approaches, structure-based approaches, chromosome 

proximity, gene fusion, in silico two hybrid, phylogenetic tree, phylogenetic profile, and 

gene expression-based approaches were developed to reduce false positive rates (Rao et 

al., 2014). Therefore, it is common to integrate different experimental and 

computational repositories to evaluate functional association among protein pairs. 

The most biological networks are classified into scale-free networks which include 

highly connected nodes (i.e. hubs). In these networks, hub perturbation can induce a 

major loss of connectivity that results in network disturbance (Albert, 2005). Hubs are 

key players in several biological processes because of this property. The studies 

concerned with model organisms have presented that hub proteins are more often 

associated with essential genes. The genes encoding hub proteins also tend to be more 

conserved and evolve more slowly than ones encoding non-hub proteins (Jeong et al., 

2001 and Fraser et al., 2002). Therefore, targeting hubs could result in considerable 

disturbances to an overall PPI network when it is compared to targeting non-hub 

proteins.   

Cancer is a multifactorial disease resulting from dysregulation of multiple signaling 

networks. Thus, determining the underlying signaling network changes in cancer is not 

only required to uncover the molecular mechanism of carcinogenesis but also to  

classify cancer specific signature of signaling networks that can be applied in  

diagnosis, prognosis and treatment strategies (Nemunaitis  et al., 2007 and Zhang et al., 

2009).  Cancer networks have been identified as scale-free networks and may contain a 

functionally important key player called a hub that is linked to a large number of 

interactors. The hubs of cancer-associated networks could offer the implementation to 

cancer diagnostic markers, prognostic markers as well as potential therapeutic targets. 

Thus, identifying hub proteins could be a promising strategy for drug discovery. The 

significance of hub proteins is also indicated through their potential as biomarkers so 

targeting the hub could be an effective strategy to increase the efficacy of cancer 

treatment (Seo et al., 2013). 

The first step in exploring the association between PPI networks and cancer is to assess 

comprehensive and accurate interactome map of human. Although some studies 
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increase the coverage of human PPI networks and estimate the interactome size and 

correct for known biases (Venkatesan et al., 2008, Schwartz et al., 2009 and Barabási  et 

al., 2011),  human PPI maps still remain incomplete and noisy (Barabási  et al., 2011). 

Therefore, the reconstruction of highly reliable, almost complete PPI network of Homo 

sapiens was one of the aim of this study. Hence, designed algorithm was applied firstly 

to model organism, Saccharomyces cerevisiae and then applied to Homo sapiens. 

1.1.1.1 Protein-protein interaction network of Saccharomyces cerevisiae 

The comprehensive identification and characterization of protein–protein interactions 

(PPIs) and their networks is essential in order to systematically define and understand 

the information transfer within and between biological processes. As a result of the 

accumulation of genome sequence information and development of different genomic 

and proteomic experimental technologies for identification of PPIs (Zhu and Snyder, 

2003), enormous amounts of data have been generated and databases storing the 

experimentally achieved protein–protein interactions (Aranda et al., 2010; Ceol et al., 

2010; Güldener et al., 2006; Salwinski et al., 2004; Stark et al., 2011 and Szklarczyk et 

al., 2011) have expanded significantly during the last decade. Unfortunately, the 

accuracy of these data is often criticized, since PPI data obtained from high-throughput 

experiments is thought to have a large number of false positives, i.e. the interactions that 

are spurious and do not occur in the cell (Mrowka et al., 2001 and von Mering et al., 

2002). Especially the large amount of data produced by the high-throughput 

experimental methods need to be analyzed and verified before employment in biological 

research, otherwise these false positives will lead to spurious discoveries that can be 

potentially costly, e.g. wrong signaling routes, or wrong drug targets for diseases (Arga 

et al., 2007 and Tekir et al., 2009). Validation of PPI data is a difficult task. 

A number of approaches have been proposed to assess the probability that an interaction 

is a biologically relevant true positive (von Mering et al., 2002; Iossifov et al., 

2004; Chen et al., 2002; Deane et al., 2002; Deng et al., 2003; Edwards et al., 2002; 

Ewing et al., 2007; Giot et al., 2003; Jansen et al., 2002; Krogan et al., 2006; Kuchaiev 

et al., 2009; Parrish et al., 2007; Patil and Nakamura, 2005; Qi et al., 2005; Saito et al., 

2003; Sambourg and Mieg, 2010; Scott and Barton, 2007; Sharan et al., 2005; Sprinzak 

et al., 2003; Titz et al., 2008; von Mering et al., 2005; Yamanishi et al., 2004; Yu and 
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Finley, 2009). First attempts were on designing methods taking into account an 

individual biological feature. The expression profile reliability method was based on the 

observation that interacting proteins are co-expressed (Deane et al., 2002). Two 

distributions of expression distances were predefined for non-interacting and reliably 

interacting protein sets. The distribution of expression distances for a protein dataset of 

interest was assumed to be a linear combination of two predefined distributions and the 

linearity coefficient was used in characterization of the accuracy of a given dataset. 

However, this method was useful for only datasets of proteins and is not applicable for 

individual interactions. A paralogues verification method by use of sequence homology 

information was also proposed. An interaction was judged to be true if the concerned 

proteins had paralogues that interact as well. But their results were limited by the 

number of proteins that have known paralogues. The structural information of proteins 

was also employed to assess the quality of interactions (Edwards et al., 2002). Although 

this method has a high reliability, it is strictly limited by the number of 3-D protein 

structures available in databanks. von Mering and co-workers (2002) identified the 

interactions that are observed in more than one high-throughput experiment and used 

them to estimate the fraction of true positives in the datasets. They hypothesized that if 

an interaction is supported by several methods, it should be more likely to be true. 

However, this idea results in ignoring true interactions that are only supported by one 

technique, e.g. transient and rare interactions. In addition, the overlaps between data-

sets were surprisingly small to come with a conclusion. Protein localization method was 

also proposed (Sprinzak et al., 2003), which defined true positives as interacting 

proteins that are localized in the same cellular compartment and/or interacting proteins 

that are annotated to have a common cellular role. Their results showed that the 

accuracy of the data strongly depends on the experimental technique. In the following 

years, network topology was also used in identification of true interactions (Iossifov et 

al., 2004; Chen et al., 2002; Saito et al., 2003). Although these methods have low false 

positive rates, they also have low true positive rate, due to the scale-free topology of 

protein interaction networks, i.e. the number of proteins with more than one interaction 

partners is relatively few. Since the performance of studies integrating individual 

genomic features with protein interaction data were not satisfactory, it has been shown 

that the use of a combination of genomic features, such as sequence, structure and 
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functional annotation information, within a Bayesian network (Jansen et al., 2002; Patil 

and Nakamura, 2005) or logistic regression modeling framework (Yu and Finley, 2009) 

results in a more accurate prediction of the true interactions in high-throughput datasets. 

Moreover, MINT (Ceol et al., 2010), STRING (Szklarczyk et al., 2011), and HitPredict 

(Patil et al., 2011) databases provide scores that were calculated by using several 

biological features. 

A disadvantage of most of the reported scoring schemes is that they work within a 

dataset obtained from a single type of experimentation or database. The scores designed 

for different datasets are mostly not comparable to each other, and for the interactions 

provided at other databases, a score assignment is not possible. Another disadvantage of 

these scoring approaches is that they use training data that consists of interactions that 

are only assumed to be true. Since these datasets are constructed based on simple 

assumptions, the approaches may produce training sets that are biased. A major 

disadvantage of all reported scoring approaches is that the high confidence datasets 

resulting from these scoring schemes are poor in terms of coverage and completeness, 

i.e. these datasets do not represent an interacting network, but represent numerous 

clusters of interacting proteins. 

In spite of various studies on assessing the quality of protein–protein interaction data, a 

consensus – highly reliable, almost complete – PPI network of yeast is not presented 

yet. A dataset of high accuracy will not be very useful in biological research if its 

coverage is low. The main objective of this part of study was to fill up this gap by 

integrating multiple heterogeneous biological features and linking them onto a huge set 

of PPIs obtained from assembling of different publicly available databases. 

1.1.1.2 Protein-protein interaction network of Homo sapiens 

The biological function of a protein is usually determined by its physical interaction 

with other proteins. Understanding the disease pathogenesis of a biological system 

requires the knowledge of these proteins and their interacting partners. Even though the 

data for human protein interactions is incomplete, which presents restrictions to studies 

in research areas such as disease networks, the continuously increasing list of protein 

interactions has allowed scientists to better identify roles of these proteins and help in 

the global network analysis and identify protein biomarkers of a given disease which 
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leads us towards a better understanding of complex human diseases. Sevimoglu and 

Arga (2014) have compiled a list of studies regarding the role of protein interaction 

networks in systems biomedicine. 

There are probably about 20500 genes identified by the Human Genome Project 

(www.genome.gov). The experimental methods developed to measure physical 

interactions between these identified proteins are also increasing in number. Two major 

techniques for mapping protein interactions are: yeast two-hybrid (Y2H) and affinity 

purification technique followed by mass spectrometry. In addition to these methods 

there are other methods such as immunoprecipitation and crosslinking (Berggard et al., 

2007). There are publicly available PPI databases that collect and store interaction data 

from these experimental studies such as, HPRD (the Human Protein Reference 

Database) (Mathivanan et al., 2008), DIP (the Database of Interacting Proteins) 

(Salwinski et al., 2004) and IntAct (the IntAct molecular interaction database) 

(Hermjakob et al., 2004). 

Even though the protein interactions mapped by these and other databases are increasing 

rapidly the noisiness of the data (false positives and negatives) cannot be overlooked. 

Techniques ranking the reliability of protein interactions are needed in order to 

construct a more reliable human protein interaction network (Karagoz and Arga, 2013). 

Chen et al. (2006) used network topological metrics to increase the confidence of 

protein interactions in yeast, fruit fly and worm. Patil et al. (2005) used a combination 

of three genomic features (domain domain ineractions, Gene Ontology annotations and 

sequence homology). Wu et al. (2010) proposed a two-step method to integrate 

biological and computational sources to achieve reliable PPIs. First they grouped PPIs 

to estimate the confidence scores for each biological or computational evidence source 

then classified these interactions to identify reliable interactions. HomoMINT is an 

online database for inferred network of protein interactions where interactions 

discovered in model organisms are mapped onto the corresponding human orthologs. 

InParanoid algorithm in conjunction with a string matching algorithm is used to 

construct the HomoMINT network and the inferred network is compared to an 

experimental interactome as well as a network formed by literature survey for validation 

(Persico et al., 2005). Another online database, HINT (High-quality INTeractomes) uses 

a filter system to eliminate the low quality interactions by considering the number of 
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experimental studies carried out to map these interactions as well as the number of 

interactions reported by each unique publication. They rank the publications in 

decreasing order of interactions reported per study (Das and Yu, 2012). BioGRID (the 

Biological General Repository for Interaction Datasets) includes interaction data from 

high-throughput experiments such as Y2H for binary interactions and MS analysis for 

purified complexes. To overcome the problem of false positives and negatives they have 

also included literature derived interactions from Pubmed called the “gold standart” 

(Stark et al., 2006). BIND (Biomolecular Interaction Network Database) stores 

information about interactions, molecular complexes and pathways and accepts 

interactions with as little as one publication reference to PubMed (Bader et al., 2001). 

HIPPIE (Human Integrated Protein-Protein Interaction Reference) is a human PPI 

dataset that uses a normalized scoring scheme integrating various experimental datasets 

(Schaefer et al., 2012). STRING is also an online database that uses confidence scores 

from three genomic associations (gene fusion, co-occurrence of proteins in a metabolic 

map and neighborhood evidence) to rank the reliability of protein interactome. This 

database maps interactions based on experimental studies as well as prediction 

algorithms.  

Not all the interactome databases use a scoring system to map their interactions. 

Moreover the amount of data and content also differs from one database to another. 

Additionally the interactome data from different sources are usually non comparable. To 

get a more comprehensive reliable interactome one should combine the available 

databases but also use a scoring scheme that includes a wide variety of biological 

features. A more reliable human protein interactome is needed for a better 

understanding of the global human PPIs as well as disease networks such as different 

types of cancer and biological processes. The aim of this study is to achieve a high 

confidence human interactome by incorporating eight biological features with an 

extensive group of PPIs obtained by compiling data from various human protein 

interaction databases.  

1.1.2 Transcriptional regulatory networks 

Transcriptional regulatory networks are represented as directed graphs which describe 

the regulations of TFs on genes' expression by binding to target gene. The nodes 
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represent genes and a directed edge from one to the other demonstrates the regulatory 

effect of the first gene on the second. The edges are expressed by the mode of regulation 

such as up-, down-, or dual-regulation (Figure 1B). Some of the methods that identify 

the regulatory relationship between TFs and genes are ChIP-chip, genome-wide RNA 

interference and DNase I footprinting assay (Blais and Dynlacht, 2005). These 

experimental systems have limitations on mass sample. Therefore, forward engineering 

approaches have been applied to search TF binding sites in target sequences but this 

method has also disadvantage that has higher false positive rates. To decrease the false 

positives, integrative method was reported which was based on gene expression 

correlation (Yu et al., 2012; Li et al., 2014). 

The research showed that human transcriptional networks are highly cell 

selective  (Neph et al., 2012) and transcriptional regulatory networks are also defined as 

a scale-free network, including a few hubs and many other nodes with few connections, 

in which hubs have a key role to control cellular response to a distinct stimulus (Blais 

and Dynlacht, 2005).  In addition, TF mutations have cascade impacts on many TF 

target genes which take roles in various biological processes (Li et al., 2014).  

A proper regulation of gene expression is required for normal cellular growth and 

abnormal expression induces aberrant cell differentiation and proliferation that leads 

diseases including initiation and progression of carcinogenesis. The improper alterations 

in transcriptional regulations arise during tumor progression and metastasis through    

gain- or loss-of-function of transcription factors (Ell and Kang, 2014). 

The dysregulation of oncogenes and tumor suppressors lead to increased cellular growth 

and survival during early stages of carcinogensis. TFs do not only play role in tumor 

formation but also regulate metastasis. For instance, MYC was reported as a 

dysregulated TF in 30% of all human cancers and MYC as an oncogene is involved in 

tumor formation and metastasis (Bernards and Weinberg, 2002; Dang, 2012). In 

contrast to oncogene TFs, there are also tumor suppressor TFs which act like metastatic 

suppressors including KLF4 as a tumor suppressor TF, inhibits cell growth (Chen et al., 

2001). Thus, it is essential to elucidate the spatial and temporal regulation of TFs during 

tumor formation and progression due to their known roles in metastasis. 
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Metastasis associated TFs have been presented to govern resistance to chemotheraphy 

and apoptosis so targeted metastatic TFs could offer potential and many anti-metastasis 

therapeutics targeted metastatic transcriptional regulatory networks are still under 

development. To control the spread of cancer to other organs, downstream effectors of 

TFs are targeted but that kind of theraphy is unefficient to treat metastatic cancer. In 

addition, the treatment strategies that perturb the transcriptional regulatory network 

during cancer progression have potential to reduce the function of several TFs and 

downstream effectors simultaneously which increase the efficiency of therapeutics (Ell 

and Kang, 2013). 

In this thesis, transcriptional control mechanisms including TFs, downstream effectors, 

upstream regulator and disease driven pathways of breast cancer, triple negative breast 

cancer and esophageal squamous cell carcinoma have been presented and further 

discussed.  

1.1.3 Metabolic networks  

Metabolic networks are represented as directed graph which presents chains of chemical 

reactions. The metabolites are represented by nodes and the connection between two 

metabolites represented by an edge. The direction of an edge shows whether the 

compound is a substrate or product of the reaction.  The metabolic networks offer an 

integrated aspect of cellular metabolism through combining the data obtained from 

literature together with genomic, proteomic, metabolomic datasets (Feist et al., 2009). 

Nuclear magnetic resonance (NMR) and mass spectrometry (MS) are experimental 

techniques which are generally performed in metabolic studies (Malet-Martino and 

Holzgrabe, 2011). 

Metabolic networks are comprised of interconnected biochemical reaction chains that 

are required to sustain the lives of organisms. These chains of reactions can synthesize 

larger compounds from simpler compounds so called anabolism or partition compounds 

into simpler ones to produce energy so called catabolism. Metabolic networks signify 

particular metabolic pathways, depending on the products of each group of reactions 

which govern a specific metabolic process.  
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Responses of cellular mechanisms to genetic and/or environmental distractions are 

generally regulated by metabolic alterations. These changes are occured through 

transcriptional changes caused by multifactorial control mechanisms regulating the 

activity of distinct metabolic pathways. Patil and Nielsen (2005) used these information 

to uncover signatures in the metabolic network and their algorithm identifed reporter 

metabolites around which the most significant transcriptional changes emerged and a 

group of connected genes that control cellular response to genetic or environmental 

disturbances. They reported that cells altered the expression patterns of many genes as 

responses to perturbations and these genes also played roles in the particular parts of 

metabolism in which a perturbation is presented. Then these alterations were spread out 

through the metabolic network due to the highly connected nature of cellular 

metabolism. 

We identified the cancer specific reporter metabolites and their associated metabolic 

pathways. 

1.2 Breast Cancer 

Breast cancer is the most common malignancy among women with an estimated 1.38 

million new cases and 458,000 deaths worldwide every year although the advances in 

our understanding of the cellular mechanisms of breast cancer and early detection 

methods together with progress in chemotherapies, surgery and radiotherapy provide 

considerably improved survival (Ferlay et al., 2010; Eccles et al., 2013). According to 

the American Cancer Society reports (2015), breast cancer is the most frequently 

diagnosed cancer and second leading cause of cancer death among women in United 

States and approximately 231,840 women will be diagnosed with BC and nearly 40,290 

will die with this malignancy in 2015 (Siegel et al., 2015). Breast cancer is determined 

as a heterogeneous disease which has many subtypes and molecular characteristics so 

that identifying reliable molecular biomarkers and drug targets is the major challenge 

for successful treatment (Curtis et al., 2012). Surgery with/without radiation is the 

common treatment choice for localized breast cancer even though chemotherapy or 

endocrine therapy are applied to control tumor growth and enhance survival (Matsen 

and Neumayer, 2013). Many clinical circumstances such as tumor size, age, lymph node 

invasion are taken into consideration to decide the best therapeutic preference for a 
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breast cancer patient (Hammond et al., 2010). This heterogeneity causes various 

problems including accurate diagnosis of patients for optimal dosage and duration of 

treatment and it also makes difficult to understand the tumor biology including the 

genetic, epigenetic and other factors aberrant signaling pathways for development of 

new therapeutic strategies (Taherian-Fard et al., 2014). 

One of the mostly applied techniques to determine novel biological markers is to 

identify alterations in gene expression levels of the diseased state that are not occured in 

healthy tissue through the analysis of high-throughput transcriptome data (Kashyap et 

al., 2009). There are several studies to investigate gene expression signatures and 

differentially expressed genes (DEGs) in breast cancer. Current gene expression 

datasets would be useful tool to elucidate the molecular mechanisms during 

tumorigenesis and to achieve hypotheses on accurate predictors. The comparison of 

gene expression profiles of stromal cells stemmed from invasive breast cancer was done 

by microarray techniques to highlight transcriptional alterations in stromal cells during 

tumor progression. The findings indicated that the tumor microenvironment showed 

particular properties according to type of tumor leading survival-predictive value.  It 

was reported that extracellular matrix (ECM) encoding genes, COL11A1, COL10A1, 

COMP, MMP11, FN1, MFAP2, TNXB and MATN2 were associated with breast cancer 

stroma and they were suggested as a potential stromal markers of tumor prognosis 

(Planche et al., 2011). Clarke and coworkers used 13 microarray gene expression 

studies and applied “weighted gene co-expression network analysis” to identify co-

expressed gene clusters from expression data sets and they demonstrated 11 co-

regulated gene clusters and correlation of these clusters to tumor grade, survival and 

breast cancer molecular subtypes. Ubiquitin-conjugating enzyme E2S (UBE2S) was 

also suggested as a prognostic candidate in their study (Clarke et al., 2013). Another 

transcriptome analysis used in that study focused on metabolic profile of human breast 

tumors and discovered 2-hydroxyglutarate as a key metabolite which was determined at 

high concentration in human breast cancer cell lines. It was reported a relation between 

high 2-hydroxyglutarate levels and MYC pathway activation in breast cancer. Their 

results pointed out 2-hydroxyglutarate as a potential breast cancer specific metabolite 

related with MYC activation and poor prognosis (Terunuma et al., 2014). 
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Gene expression signatures which were reported for predicting prognosis in breast 

cancer patients, varied substantially between different data sets (van’t Veer et al., 2002 

and Staiger et al., 2012). Several reasons caused these differences including technical 

variations in different types of microarray platforms, diversities in samples or their 

treatment procedures in laboratories, or computational reasons due to the high 

dimensionality of the data integrated with small sample size (Fröhlich, 2011). As a 

consequence, obtained gene expression profiles were unlikely to decipher from a 

biological point of view. Hence, integrating secondary information such as PPI 

networks or biological pathways repositories to gene expression profiles was suggested 

to reduce variability and enhance the efficiency of prognostic signatures. Several rearch 

groups achieved higher accuracy in prediction of outcomes together with higher 

stability of the signatures through integration of transcriptome data with PPI network 

data (Chuang et al., 2007; Taylor et al., 2009; Fröhlich, 2011; Staiger et al., 2012). 

Chuang and colleagues (2007) applied a protein network- based approach to determine 

breast cancer biomarkers which were not assumed as individual genes but as 

subnetworks gained from interactome databases. Although the known breast cancer 

genes i.e. HER-2/neu, P53 and PIK3CA were not observed via gene expression 

analysis, these genes were shown to be a key part of subnetworks in which many DEGs 

were interconnected by these genes. Moreover, the constructed subnetworks indicated 

specific pathways involved in cancer development. They proposed that the 

reproducibility and accuracy of subnetwork markers was higher to classify metastatic 

and non-metastatic tumors. Taylor and coworkers (2009) investigated the dynamic 

modularity in PPI networks to predict the outcomes of breast cancer so they identified 

and then classified hub proteins according to their co-expression with their interactors in 

a tissue-specific manner. They also proposed targeting hubs in interactome for 

anticancer therapies. Consequently, alterations in modularity of interactome could be 

useful to characterize tumor phenotype which could ascertain patient prognosis. Sanz-

Pamplona and coworkers (2012) implemented network-based approach to uncover 

organ-specific metastases of breast cancer by using transcriptome and interactome. 

They extracted most differentially expressed genes in different organs and obtained 

organ-specific functional proteins in brain (19 proteins), bone (23 proteins), liver (15 

proteins) and lung (9 proteins). Then organ-specific PPI networks were reconstructed 
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that the proteins in brain, bone and liver metastasis associated networks involved in 

signal transduction, immune response and glucose metabolism, respectively. As a 

conclusion, they proposed selected significant hub proteins as metastatic markers or 

therapeutic targets (Sanz-Pamplona et al., 2012). The most recent study searched the 

PPIs between the proteins associated with breast cancer core and candidate genes. The 

authors demonstrated 599 novel high-confidence interactions among 44 core, 54 

associated and 96 novel breast cancer proteins. The results displayed that their system-

level method was a robust interpretation to highlight novel candidate proteins as well as 

uncover the mechanisms of those proteins whose previous roles were unknown in breast 

cancer. The effectiveness of their approach was shown as a validation of two breast 

cancer associated proteins involved in DNA damage response as an outcome particular 

rewiring interactions. The presented breast cancer related PPI network could be used as 

a template to incorporate clinical and molecular data and design novel treatment 

strategies (Arroyo et al., 2015). 

Abnormalities in gene expression leads aberences in transcriptional regulatory networks 

that in turns result in human cancer including breast cancer and the studies concerned 

with transcriptional control mechanisms of breast cancer are still limited.  

Transcriptional control mechanisms lie at the center of many molecular associations 

driving the cellular pathways (Emmert-Streib et al., 2014). Transcription factors are 

crucial cellular compounds which control gene expression in turns their activities have 

impacts on cellular functions and responses to the environment. They also either 

activate or repress the activities of their targets (Venter et al., 2001). A few 

transcriptional factors form transcriptional cascades that affect several cellular 

processes. Transcriptional factors also control the entire transcriptional regulatory 

networks for particular phenotypes (Tovar et al., 2015). 

Master regulators so called transcription factors were identified to classify breast cancer 

metastasis and applied approach presented the upstream transcriptional factors of the 

signature which were relevant with the network topology (Lim et al., 2009). Another 

study revealed the role of transcription factors MEF2C and MNDA as key master 

regulators in primary breast cancer and the potential connection between malignancy 

and metabolic dysfunction (Baca-López et al., 2012). Most recently, Tovar and 

coworkers (2015) ascertained the transcription factors (i.e. AGTR2, ZNF132, TFDP3 
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and others) as master regulators in this transcriptional regulatory network in breast 

cancer (Tavor et al., 2015). 

Metabolomics allows designing novel strategies to identify predictive, diagnostic and 

prognostic markers of breast cancer. The metabolic signatures of breast tumors are 

distinct from healthy mammary epithelial tissues. The breast cancer cells which have 

resistance to therapeutics can reprogram their cellular metabolism. Higher prevalence 

and mortality rates of breast cancer indicate critical demands for biological markers 

which should be specific and sensitive as well as be measurable in high-throughput and 

also cost effective manner. In clinic, biomarkers can serve to determine individuals at 

risks, to follow disease progression and to evaluate the response to therapy (Mamas et 

al., 2011 and Vermeersch and Styczynski, 2013). 

In breast cancer studies, metabolomics is used to ascertain alterations in breast cancer 

cells and classify breast cancer into subtypes (Curtis et al., 2012 and Cadoo et al., 

2013). Moreover, several investigations have reported the importance of glycolytic flux 

in oncogenesis of breast cancer (Munoz-Pinedo et al., 2012 and Vander Heiden, 2013). 

Budczies and coworkers (2013) compared the metabolisms of estrogen receptor positive 

and negative breast cancer cells and reported changes in glutamine and beta alanine 

metabolism in estrogen receptor positive (Budczies et al., 2013). Another research 

group found a set of metabolites (i.e. acetoacetate, pyruvate, glycerol, histidine, 

glycoproteins) which could help to distinguish patients with metastatic breast cancer 

from the patients with localized breast cancer (Jobard et al., 2014). Metabolomics of 

non-invasive breast cancer was thoroughly in another study (Zhang et al., 2013). 

Moreover, Qiu and colleagues identified lipid panel to discriminate breast cancer 

patients from healthy controls (Qiu et al., 2013). The comparisons of breast cancer 

tissues to healthy ones indicated the alterations in central carbon metabolism (Budczies, 

2012).  

The identification of key metabolites offers determination of disease specific significant 

metabolic pathways. Several breast cancer studies in cells, tumors, serum or urine 

uncovered the metabolic pathways which underlied mechanisms of breast cancer 

progression under particular anti-cancer therapeutics (Asiago et al., 2010; Cao et al., 

2013; Tsai et al., 2013; Bayet-Robert and Morvan, 2013; Jager et al., 2011). All of the 
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mentioned studies strengthened that metabolomics could be used as an effective tool to 

classify breast cancer subtypes as well as to provide the information concerned with 

biological pathways in response to anti-cancer therapeutics. 

In this study, the network-based approaches were carried out to elucidate the 

mechanisms of breast cancer. Using transcriptome profiles of 428 samples from Gene 

Expression Omnibus, DEGs were obtained and common DEGs among datasets so 

called “core DEGs” among gene expression datasets were used as a template to 

reconstruct breast cancer specific PPI networks. The hub proteins were identified as 

results of topological analysis of interactome networks that resulted in 25 interactome-

based protein signature of breast cancer. Transcriptional regulatory networks were also 

reconstructed through regulatory relations of core DEGs then driving molecular 

pathways were identified. Metabolic analysis also done by using transcriptome data to 

reveal reporter metabolites and associated metabolic pathways played role in breast 

cancer mechanisms. The applied approach was used to extract relevant biological 

information about deregulated functions and the relationship between them, as well as 

to select molecules that could be potential metastatic markers or therapeutic targets. 

1.3 Triple Negative Breast Cancer 

Breast cancer is intricate and heterogeneous in terms of its cellular source, disease 

evolution, mutations, metastatic capability, response to treatment, and clinical 

consequences (Coughlin and Ekwueme, 2009). It was the most commonly diagnosed 

types of cancer among women in 2013, ranked first as the leading cause of cancer-

related deaths among women aged 20 to 59, and is alone expected to account for 29% of 

all new cancer cases among women in United States (Siegel et al., 2013). Four main 

molecular subtypes of breast cancer were characterized based upon gene expression 

analyses: luminal A, luminal B, human epidermal growth factor 2 (HER2) - enriched, 

and basal-like (Sorlie et al., 2001). The basal-like subtype has attracted more attention 

because of high frequency, and lack of effective targeted therapy. Triple negative breast 

cancer (TNBC) is more associated with basal-like breast cancer that is characterized by 

lack of expression of both estrogen receptor (ER) and progesterone receptor (PR), 

together with absence of human epidermal growth factor 2 (HER2) (Ismail-Khan and 

Bui, 2010). TNBC constitutes approximately 15% of breast cancer cases (Rastelli et al., 
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2010). It is primarily encountered in younger women of African American or Hispanic 

descent. Furthermore, the tumors tend to be high grade and when it is recurrent, it 

spreads out to other organs such as brain, liver, and lungs so that it is typically 

distinguished by high metastatic and mortality rate among other types of breast cancer 

(Griffiths et al., 2012). Although important improvements in treatment of breast cancer 

have been made, such as the targeted therapies for ER + and HER2 + breast cancers 

(Baselga et al., 2012), limited treatment options are available for patients with TNBC 

(Turner and Reis-Filho, 2013). Thus, TNBC is still linked with poor prognosis due to its 

chemosensitivity. Ongoing targeted molecular therapies for TNBC have been focused 

around three types of agents: i) antiangiogenic agents, ii) epidermal growth factor 

receptor (EGFR) inhibitors, and iii) poly (ADP) ribose polymerase (PARP) inhibitors 

(Turner and Reis-Filho, 2013). A limited number of studies report findings on gene 

expression profiling of TNBC. Yang and co-workers (2011) performed a microarray 

study comparing TNBC with nontriple negative breast cancer (non-TNBC). 

Overexpression of several wingless-type signaling (WNT) pathway genes, such as 

frizzled class receptor 7 (FZD7), low density lipoprotein receptor related protein 6 

(LRP6), and transcription factor 7 (TCF7), have been observed in TNBC. Their finding 

suggested that FZD7 involved canonical WNT signaling pathway was essential for 

tumorigenesis of TNBC, and thus, they proposed FZD7 as a promising biomarker and 

therapeutic target for TNBC. In another study, molecular markers defined by pathology 

immunohistochemical staining were assessed to identify potential therapeutic targets 

specific to the breast cancer subtypes (Abramovitz et al., 2011). A set of 30 genes were 

identified for distinguishing pathology-defined subtypes of breast cancer. Furthermore, 

to address whether gene expression in breast cancer-associated fibroblasts varies 

between breast cancer subtypes, Tchou and co-workers (2012) compared the gene 

expression profiles of early passage primary cancer-associated fibroblasts isolated from 

human breast cancer samples representing three main subtypes: ER+ , TNBC, and 

HER2 +. They observed significant expression differences between samples derived 

from HER2+ breast cancer and those from TNBC and ER+ cancers, particularly in 

pathways associated with cytoskeleton and integrin signaling. More recently, Dey and 

co-workers (2013) conducted an expression study of primary biopsies from two cohorts, 

including TNBC tumors, to identify molecular mechanisms of TNBC. They observed 
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over-representation of canonical WNT signaling components, and implicated 

transcriptional WNT signaling as a hallmark of TNBC disease associated with specific 

metastatic pathways. Though the genome expression studies represented significant 

findings in TNBC, conclusions were not sufficient to uncover the central molecular 

mechanisms behind the disease; since this requires integration of data from different 

‘omics’ levels (Sevimoglu and Arga, 2014). In the present study, we recruited the high-

throughput gene expression datasets within a holistic point of view. Statistical and 

comparative analyses of datasets led to identification and comparison of differentially 

expressed genes. Next, protein–protein interaction and transcriptional regulatory 

networks were reconstructed and analyzed to reveal TNBC-driven pathways, and 

further elucidate the molecular mechanisms in TNBC, which may identify specific 

therapeutic targets together with prognostic biomarkers that play significant roles in 

TNBC therapy. 

1.4 Esophageal Squamous Cell Carcinoma 

Esophageal cancer arises from the epithelial surface of the esophagus and comprises of 

two major histologic types: esophageal squamous cell carcinoma (ESCC) and 

esophageal adenocarcinoma (EAC) (Enzinger and Mayer, 2003). ESCC stems from the 

squamous cells that cover the esophagus whereas EAC originates in granular cells 

found at the junction of esophagus and stomach, and involves gastro-esophageal reflux 

(Holmes and Vaughan, 2007). ESCC is the most common subtype of esophageal cancer, 

which is the sixth leading cause of cancer death worldwide (Kamangar et al., 2006). 

Moreover, ESCC is directly linked with the ethnicity and geography, and occurs at very 

high frequencies in China, Japan, Singapore and Puerto Rico (Ke, 2002). Low socio-

economic and poor nutritional status, drinking beverages at high temperatures, eating 

pickled vegetables or mycotoxin-contaminated foods are reported factors leading to 

ESCC in China and Africa (Yang et al., 2005). On the other hand, heavy smoking and 

excessive alcohol consumption are the major predispositions to cause ESCC in North 

America and Europe (Morita et al., 2010). Taken together, ESCC is defined as a 

multifactorial disease since risks are related to both genetic and environmental factors 

(Abbaszadegan et al., 2005). 
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Although many significant advances are made in detection methods, prevention 

strategies, surgical techniques and chemotherapy, the survival rate is still poor, i.e., five-

year survival rate of 19% is fourth worst among all cancers in USA (Siegel et al., 2013).  

The identification of efficient biomarkers for early detection and better understanding of 

the molecular mechanisms of ESCC may offer reduced mortality. Furthermore, the 

proper biomarkers for clinical diagnosis and prognosis have yet not been defined (Qi et 

al., 2012). Thus, it is imperative to investigate effective biomarkers for early diagnosis 

of ESCC. 

One of the commonly used methods to identify new biomarkers is to find molecular 

changes of the diseased state that are not observed in normal tissue by analysis of high-

throughput profiling data (Kashyap et al., 2009). Several efforts have been made to 

study gene expression profiles and differentially expressed genes (DEGs) in ESCC and 

presented gene expression datasets that would be useful to understand the molecular 

alterations during carcinogenesis and to generate hypotheses on accurate predictors. Hu 

and coworkers (2010) focused on DNA copy number neutral loss of heterozygosity 

(CNNLOH) and its relation to gene expression in ESCC (Hu et al., 2010). They 

observed that ninety percent of ESCCs showed CNNLOH, and expression of 168 genes 

(containing 1976 SNPs) differed significantly in tumors with loss of heterozygosity 

(LOH) versus tumors without LOH. As a result, they concluded that CNNLOH might 

have a profound impact on gene expression in ESCC, which in turn may affect tumor 

development (Hu et al., 2010). In another study, 159 dysregulated highly statistically 

significant genes were proposed as potential new targets for early detection and 

treatment of ESCC (Su et al., 2011). Recently, this group examined the deregulated 

PLCE1 mRNA expression in ESCC and validated its potential role in early detection 

and therapy (Li et al., 2014). Yan and coworkers (2012) used a tissue microdissection 

strategy and microarrays to measure gene expression profiles associated with cell 

differentiation versus tumorigenesis in twelve cases of patient-matched normal basal 

squamous (NB) epithelial cells, normal differentiated (ND) squamous epithelium, and 

ESCC. They identified 12 individual genes unique to the tumor/NB comparison as 

therapeutic targets, and 10 associated ESCC gene-drug pairs. More recently, a genome-

wide screen of long noncoding RNAs (lncRNAs) and coding RNA from ESCC and 

matched adjacent non-neoplastic normal tissues was conducted (Cao et al., 2014). They 
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identified differentially expressed lncRNAs that are co-located and co-expressed with 

differentially expressed coding RNAs in ESCC, and demonstrated that lncRNAs may be 

involved in lipid metabolism in ESCC.  

The information through transcriptome analyses may not be sufficient alone to figure 

out a complete understanding of the molecular mechanisms involved in the diseases. 

Nevertheless, proteins control main cellular behaviors and protein-protein interactions 

(PPI) take a central and crucial role in many biological processes (Sevimoglu and Arga, 

2014). Therefore, a multi-omics discovery approach, in which transcriptome data is 

integrated with proteome and interactome data via reconstructed biological networks, 

provides the opportunity to highlight the molecular description of the mechanisms 

underlying diseases and to discover consistent biomarkers of the functional state of a 

cell. Recently, two independent groups analyzed a previously published transcriptome 

dataset (Hu et al., 2010) using this strategy. Yuan and coworkers (2014) reported a total 

of 538 DEGs, and constructed an interaction network around these DEGs. Via 

topological analysis of the constructed network, they identified highly-connected 

components (hubs) and proposed that the TPSO gene and its interactors may affect the 

cancer-specific gene expression by participating in the toll-like receptor signaling 

pathway in ESCC. In another study using the same experimental data, a total of 1063 

DEGs were identified, a co-expression network around DEGs was constructed and 

topological properties were utilized to identify the candidate genes of ESCC (Shen et 

al., 2014). The top 24 genes, which were significantly enriched in bio-functions 

regarding cell differentiation, glucan biosynthetic process and immune response, were 

proposed as candidate genes of ESCC.  

Though the genome expression studies represented significant findings in ESCC, 

conclusions were not sufficient to uncover the central molecular mechanisms involved 

in the disease due to (i) sampling from a narrow population, (ii) identification of 

divergent sets of genes associated with ESCC in each study, and (iii) lack of holistic 

point of view which requires integration of data from different ‘omics’ levels. 

Considering these drawbacks, we designed a comprehensive methodology in the present 

investigation that takes into account the gene expression datasets from five different 

studies to evaluate the molecular changes of the diseased state, which are not observed 

in normal tissue. Statistical and comparative analyses of datasets led to identification 
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and comparison of DEGs. To highlight the complex molecular mechanisms of ESCC, 

we focused on the receptors, transcription factors and tumor suppressor genes (TSGs) 

among the DEGs. Moreover, through the enrichment analysis based on DEGs, the major 

biological pathways and processes were delineated in order to determine novel factors 

contributing to onset and progression of ESCC. Next, we employed the common DEGs 

of ESCC as a template to construct PPI and transcriptional regulatory subnetworks. 

Topological analysis of the reconstructed networks revealed central proteins, ESCC-

driven pathways and molecular mechanisms, which may provide specific therapeutic 

targets together with prognostic biomarkers that play significant roles in response to 

ESCC therapy. Finally, we also examined the metabolic alterations in ESCC, which 

often occur through transcriptional changes caused by complex regulatory mechanisms 

adjusting the activity of various metabolic pathways (Patil and Nielsen, 2005) and 

identified reporter metabolites around which the most significant transcriptional 

changes were exerted. Therefore, a comparative analysis between the active metabolic 

networks of diseased and healthy cases allowed the identification of ESCC-specific 

metabolic features that may constitute generic potential drug targets for cancer 

treatment.  

1.5 Aim of the Study 

The effectiveness of bioinformatics tools for gene prioritization, network analysis, gene 

ontology, pathway and disease enrichment analysis as well as all available data on gene 

expression during carcinogenesis bring a novel and worthful opportunity for an in-silico 

study of the diseases. 

The proposed network based approach statistically analyses transcriptome data and 

integrates with protein-protein interaction, transcriptional regulatory and metabolic 

networks to elucidate the underlying molecular mechanisms of breast cancer, triple 

negative breast cancer and esophageal squamaous cell carcinoma. The objective of this 

study is to enlighten the driving mechanism of these diseases together with figuring out 

the possible novel biomarkers that can be considered in drug design and cancer therapy 

in future studies. 
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2 MATERIALS AND METHODS 

2.1 Collection of Saccharomyces cerevisiae and Homo sapiens Protein-Protein 

Interaction Data 

Five public databases, IntAct (Aranda et al., 2010), MINT (Ceol et al., 2010), MIPS 

(Güldener et al., 2006), DIP (Salwinski et al., 2004), and BioGRID (Stark et al., 2011), 

use the results of high-throughput experiments, and collect experimentally or 

computationally determined PPIs from the literature as well. We have assembled 

databases of physically interacting protein pairs for Saccharomyces cerevisiae from 

these public databases as available on April 5, 2011. To eliminate the uncertainties 

originated from the use of different identifiers in databases, yeast systematic names 

were used as reference. Totally 135 154 pairwise interactions between 6 191 proteins 

were acquired after elimination of the overlaps and self-interactions. 

Interaction data of Homo sapiens were collected and assembled from six publicly 

available databases, BioGRID (Chatr-aryamontri et al., 2014), DIP (Salwinski et al., 

2004), IntAct (Orchard et al., 2014), HIPPIE (Schaefer et al., 2012), HomoMINT 

(Persico et al., 2005) and HPRD (Mathivanan et al., 2008), which store data from 

several experimental systems. All the protein identifiers were converted to UniProt 

symbols to exclude the uncertainties arising from the use of distinct identifiers in 

different databases. After the removal of self-interactions and overlaps between 

datasets, a total of 295288 pairwise interactions between 15950 proteins were obtained 

for further analysis. 

2.2 Biological Features 

A total of eight heterogeneous genomic and proteomic features were used to quantify 

the probability that an interaction is a biologically relevant true positive: (1) The 

number of databases reporting the interaction, (2) The frequency of detection by 

different experimental systems, (3) The number of published papers reporting the 

interaction, (4) Functional coherence, (5) Biological process coherence, (6) Co-

localization, (7) Structural conformity, and (8) Gene expression correlation between 

interacting proteins. 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0020
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0070
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0160
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0195
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The information on experimental system used in the detection of PPIs and the 

publication data (i.e. the PubMed identifiers) were taken directly from its source, i.e. the 

databases (Aranda et al., 2010; Ceol et al., 2010; Güldener et al., 2006; Salwinski et al., 

2004; Stark et al., 2011). Totally 6 230 PubMed identifiers and 75 different 

experimental systems were employed for S. cerevisiae. In case of uncertainty, the 

experimental technique used in detection of the PPI was manually checked from their 

publications by use of PubMed identifiers. 

Functional coherence, biological process coherence and co-localization analyses were 

determined based on Gene Ontology (GO) terminology. The GO terms of yeast proteins 

were obtained from the consortium website as available on April 5, 2011. 

To analyze structural conformity of interacting pairs, the protein–domain relationship 

for yeast proteins were obtained from PFAM (Bateman et al., 2000) and the domain–

domain interaction data was directly taken from a previous study (Deng et al., 2002). 

In determination of the correlation between the gene expression levels of interacting 

proteins, a large gene expression dataset was obtained from the SPELL tool (Hibbs et 

al., 2007) of Saccharomyces Genome Database (Cherry et al., 2012). The Pearson 

correlation coefficient for each protein pair, which ranges from −1.0 to 1.0, was used to 

enumerate the correlation. 

Additionally, a total of 78 different experimental systems as well as 39460 PubMed 

identifiers were acquired for Homo sapiens. In order to avoid any possible uncertainty, 

unclear statements about the experimental methods were eliminated by manual check of 

related publications and the technique employed to detect the binary interactions was 

confirmed.  

The Gene Ontology (GO) terms of human proteins were taken from the consortium 

website (as available on January 15, 2015) to analyze the functional and biological 

process coherence as well as co-localization. The protein–domain relationship for 

human proteins were obtained from UniProt (Uniprot Consortium, 2014) and the 

domain–domain interaction data was directly taken from Integrated Domain-Domain 

Interaction (IDDI) database (Kim et al., 2012) to evaluate structural conformity.  

The correlations between the gene expression levels of pairwise human proteins were 

identified through gene expression datasets from the Gene Expression Omnibus (Barrett 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0020
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0070
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0160
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0160
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0195
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0015
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0045
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0080
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0080
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0030
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et al., 2013). The expression values of healthy individuals from five datasets 

(GSE13355, GSE43346, GSE21510, GSE22255, and GSE21935) were normalized and 

the Pearson correlation coefficient for each protein pair (range between −1.0 to 1.0) was 

used to enumerate the co-expression level. 

2.3 Statistical Analyses 

To statistically describe and analyze confidence score distributions within biological 

features used in yeast, box-plot representation was employed. Each box represents the 

25–75% range of the confidence score distribution. The medians are demonstrated by 

horizontal lines in the boxes. The lowest and highest data without outliers are shown by 

“Whiskers” and the stars express mild and extreme outliers. Since the score 

distributions do not follow the normality assumption, statistical analyses for the 

differences between the medians were performed by the Wilcoxon–Mann–Whitney test 

for pairwise comparisons and the Kruskal–Wallis ANOVA test for multiple 

comparisons. 

2.4 Functional Enrichment Analyses 

The functional enrichment analyses of the protein encoding gene sets were achieved 

through The Database for Annotation, Visualization and Integrated Discovery (DAVID) 

bioinformatics tool (Huang et al., 2009), which presents the enrichment results for 

molecular pathways, human diseases and Gene Ontology (GO) terms through 

investigating the well-known publicly available databases including pathway-related 

databases: KEGG (Kanehisa et al., 2012), Reactome (Croft et al., 2011), and disease 

related databases: Genetic Association Database (Becker et al., 2004) and Online 

Mendelian Inheritance in Man (OMIM). The outcomes with p-value < 0.05 were 

considered as statistically significant. 

2.5 Reconstruction and Analysis of Protein-protein Interaction Subnetworks 

The interactions associated with proteins corresponding to differentially expressed 

genes were identified and PPI subnetworks consisting of down- and upregulated genes 

were reconstructed by using high confidence PPI network of Homo sapiens. The PPI 

networks were converted into undirected graphs G= (V, E), where V is the collection of 
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nodes representing proteins and E is the edge set representing binary interactions 

between protein pairs. The topological analysis of the networks was performed via 

CytoHubba plugin of Cytoscape (Smoot et al., 2011). Two different topological metrics, 

degree and betweenness centrality were simultaneously employed to define hub nodes. 

‘Degree’ of a protein is determined by the number of its adjacent proteins in network. In 

biological context, the degree indicates the regulatory relevance of the node that highly 

connected proteins in signaling network interact with many other signaling proteins. 

Moreover, shortest path indicates the efficiency of information flow in a network that 

plays a vital role in communication and transport. ‘Betweenness centrality’ 

distinguishes nodes by how often they exist on the shortest path between two other 

nodes in the network (Girvan et al., 2002). Therefore, nodes with highest betweenness 

centrality are key nodes which govern the flow of information in PPI network. The top 

10 proteins with highest degree and betweenness centrality values were defined as hubs. 

2.6 Transcriptome Datasets of Investigated Diseases 

To characterize gene expression in breast cancer (GSE9574, GSE15852, GSE26910, 

GSE39004 and GSE42564), TNBC (GSE17650, GSE18539, GSE27447, and 

GSE37614) and ESCC (GSE17351, GSE29347, GSE23400, GSE29001 and 

GSE45350) independent high-throughput screening datasets were downloaded from the 

Gene Expression Omnibus (GEO) database (Barrett et al., 2013). A total of 428, 358 

and 182 samples were investigated in breast cancer, TNBC and ESCC studies, 

respectively; including 138 normal and 290 breast tumors, 201 non-TNBC and 157 

TNBC tumors, and 91 normal and 91 ESCC tumors (Table 2.1). 

2.7 Identification of Differentially Expressed Genes 

Each dataset was statistically analyzed independently to identify differentially expressed 

genes (DEGs). Raw data were normalized via quantile normalization using RMA 

(Bolstad et al., 2003) as implemented in the affy package (Gautier et al., 2004) of 

R/Bioconductor software (v.2.12) (Gentleman et al., 2004). DEGs were identified from 

the normalized log expression values using the multiple testing options of linear models 

for microarray data (LIMMA) method (Smyth, 2004). Benjamini Hochberg’s (BH) 

method was used to control the false discovery rate (FDR) and the disease specific p-
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value threshold was maintained to identify significantly expressed genes. The gene–

protein associations were obtained from UniProt ID Mapping tool (Uniprot Consortium, 

2014) and bioDBnet platform (Mudunuri et al., 2009). 

Table 2.1 Microarray datasets employed in the present study. 

GEO Series  # of Samples Platform Reference 

GSE9574 15 Normal,  Affymetrix Human Genome 

U133A Array 

Tripathi et al., 

2008 14 Breast Tumors 

GSE15852 43 Normal,   Affymetrix Human Genome 

U133A Array 

Pau et al., 2010 

43 Breast Tumors 

GSE26910 6 Normal,  Affymetrix Human Genome 

U133 Plus 2.0 Array 

Planche et al., 

2011 6 Breast Tumors 

GSE39004 57 Normal,  Affymetrix Human Gene 1.0 

ST Array 

Terunuma et al., 

2014 123 Breast Tumors  

GSE42568 17 Normal,  Affymetrix Human Genome 

U133 Plus 2.0 Array 

Clarke et al., 2013 

104 Breast Tumors 

GSE17650 132 non-TNBC, Emory Univ. Custom BC 

DASL Panel 

Abramovitz et al., 

2011 45 TNBC 

GSE27447 14 non-TNBC,  Affymetrix Human Gene 1.0 

ST Array  

Yang et al., 2011 

5 TNBC 

GSE37614 13 non-TNBC, Illumina Human HT-12 v4.0 

BeadChip 

Tchou et al., 2012 

6 TNBC 

GSE18539 42 non-TNBC,  Emory Univ. Custom BC 

DASL Panel 

Dey et al., 2013 

101 TNBC 

GSE17351 5 Normal, Affymetrix U133 Plus 2.0 

Array 

Unpublished data 

5 ESCC 

GSE20347 17 Normal,  Affymetrix U133A 2.0 Array Hu et al., 2010 

17 ESCC 

GSE23400 53 Normal, Affymetrix U133B Array Su et al., 2011 

53 ESCC 

GSE29001 12 Normal, Affymetrix U133A 2.0 Array Yan et al., 2012 

12 ESCC  

GSE45350 4 Normal, Agilent-SurePrint G3 Human 

GE 8x60K Microarray 

Cao et al., 2014 

4 ESCC 

 

2.8 Transcriptional Regulatory Networks 

Transcriptional interactions between transcription factors (TFs) and their downstream 

effectors in the regulatory network were gained from three different resources: TRED 

(Transcriptional Regulatory Element Database) (Jiang et al., 2007), GENOMATIX 
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(Genomatix Software Inc, Ann Arbor, MI, USA), and HTRIdb (Human Transcriptional 

Regulation Interaction Database) (Bovolenta et al., 2012). Moreover, upstream 

regulators of hub TFs were identified and their networks were constructed via IPA 

Bioinformatics tool (Ingenuity System Inc, USA) (Kramer et al., 2014). 

2.9  Reporter Metabolites Analysis 

The latest version of the genome-scale metabolic model (HMR2) of the generic human 

cell, composed of 3,765 genes associated with over 8,000 biochemical reactions and 

3,000 unique metabolites (Mardinoglu et al., 2013), was integrated with transcriptomics 

datasets. The statistically significant metabolic alterations were identified using the 

reporter metabolites algorithm (Patil and Nielsen, 2005) implemented under the BioMet 

Toolbox (Cvijovic et al., 2010). The metabolites with p–value <0.05 were handled for 

further analyses. The resultant reporter metabolites from each dataset were compared 

and common metabolites and their metabolic pathways were investigated through 

MBROLE (Chagoyen and Pazos, 2011). 

3 RESULTS AND DISCUSSION 

3.1 A Novel Scoring Methodology for Reconstruction of Highly Reliable Protein-

protein Interaction Networks 

Considering the assembled dataset of PPIs, the association scores, Si, of four features, 

i.e. the number of databases reporting the interaction, the frequency of detection by 

different experimental systems, the number of published papers reporting the 

interaction, and structural conformity, were calculated independently using a 4-step 

methodology. In Figure 2, this methodology is illustrated by calculation of the 

association scores for one of the biological features (i.e. the number of databases 

reporting the interaction) as an example. Initially, the frequency distribution that 

represents the number of feature value associated with the full set of interaction pairs 

was obtained (Figure 2.1A). For example, 95261 PPIs (70.48%) were reported in a 

single database, whereas 544 PPIs (0.40%) were reported in all of the databases 

considered in the study. In the next step, via nonlinear regression, an exponential model 

was fitted, which represent the probability that a randomly chosen interaction pair has 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#fig0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#fig0005
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the corresponding feature value, i.e. the probability that a randomly chosen protein–

protein interaction is reported in a certain number of databases (Figure 2.1B). Since the 

reliability increases with increasing feature value, the preliminary score distribution was 

considered as the complement of the probability distribution (Figure 2.1C), and the 

score distribution was normalized to ensure that the minimal value of the feature gives a 

zero score, i.e. no contribution to confidence (Figure 2.1D). 

 

 

Figure 2.1 The illustration of the 4-step methodology used in the calculation of the 

association scores of the biological feature: the number of databases reporting the 

interaction. (A) The histogram representing the frequency (N) distribution of binary 

protein–protein interactions according to the number of databases reporting the 

interaction (k). (B) The exponential fit (straight line) to the data values (dashed line) 

representing the distribution of probabilities of a randomly chosen interaction pair being 

reported in a certain number of databases (k). (C) The preliminary score distribution 

obtained from the complement of the probability distribution. (D) The final association 

score (SD) distribution. 

The association scores for three yeast biological features, i.e. functional coherence, 

biological process coherence and co-localization, were determined based on GO 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#fig0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#gr1
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semantic similarity analysis (Yu et al., 2010) which computes the similarity of the GO 

terms annotated to interacting genes/proteins. This method takes into account the 

overall structure of the GO graph to assess the specificity of shared annotations and 

computes scores between 0 and 1. In addition, the absolute value of Pearson correlation 

coefficient was directly used as the score of gene expression correlation. 

Naïve Bayesian approach is employed to calculate confidence score, CS, for any 

interacting pair of proteins so it is a function of the individual association scores: 

CS=1−∏(1−Si)                                                                           (1)  

Note that, the confidence scores obtained by Eq. (1) are always greater than the 

corresponding association scores, which signify increased confidence when an 

interaction is supported by various types of evidence. 

3.1.1 Applicability of the method via Saccharomyces cerevisiae as a model system 

The budding yeast, S. cerevisiae, is probably the most intensely studied model organism 

for functional interactions in eukaryotes, and therefore a huge number of experimental 

and computational studies have been conducted to detect PPIs in yeast. Five public 

databases, IntAct (Aranda et al., 2010), MINT (Ceol et al., 2010), MIPS (Güldener et 

al., 2006), DIP (Salwinski et al., 2004), and BioGRID (Stark et al., 2011), use the 

results of high-throughput experiments and collect experimentally/computationally 

determined PPIs from the literature as well. Since the entire PPI data reported in 

literature is not covered by a single database, in order to achieve the largest possible 

coverage, we have assembled databases of interacting protein pairs for S. 

cerevisiae from these public databases (as available on April 5, 2011) and obtained an 

extremely large PPI dataset which comprises of 135154 non-redundant physical 

interactions between 6191 yeast proteins. 

The analysis of the sources of the PPIs in the dataset showed that less than 0.40% of all 

interactions (544 interactions) were reported in all of the databases considered. On the 

other hand, the majority of PPIs (70.5% of all) were stored by only one of these 

databases. These findings indicated a significant difference between the PPI databases, 

which arise mostly from the use of different resources, confidence sets and threshold 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0230
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#eq0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0005
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0020
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0070
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0070
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0160
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0195
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values (Reguly et al., 2006), and confirmed the need for integration of different 

repositories to increase the coverage. 

Generally, it is assumed that the interactions that have been validated by multiple 

experimental techniques and/or more than one research groups have a reasonable 

confidence (Reguly et al., 2006). However, majority of the interactions (77%) in the 

dataset were explored by a single experimental system. In addition, 37 interactions 

(0.03% of all) were reported in 10 or more articles in literature, whereas the majority of 

the interactions (86.5%) were reported in a single publication. Analysis of the similarity 

between interacting protein pairs in terms of GO terms indicated significantly low 

semantic scores; for example, zero-scores were obtained for almost 66% of PPIs when 

GO molecular function terms were considered. Similarly, the semantic scores of 18.5% 

of all interactions were calculated as zero in terms of GO biological process and 12.3% 

of all interactions displayed a zero semantic score when GO cellular component terms 

were considered. Since proteins interact with each other through their specific domains, 

domain–domain interaction information also gives clues on the reliability of the PPIs 

(Chen et al., 2002; Edwards et al., 2002; Deng et al., 2002; Rain et al., 2001). 

Considering the 516 domains and 891 domain–domain interactions identified for S. 

cerevisiae, only 2.3% of all interactions were assigned by at least one domain–domain 

interaction. In terms of the correlation between gene expression profiles of interacting 

proteins, 4446 interacting pairs (3.3% of all) indicated a correlation coefficient higher 

than 0.60. All these preliminary analysis results on heterogeneous biological features 

indicated that each biological feature has its own pros and cons, but none of them is 

sufficient to define the accuracy of the PPI alone. Thus, the predictive power of the 

scoring system came from the integration of the multiple features. 

Previous experiences on testing the quality of protein–protein interaction data indicated 

that as a result of the hidden physiochemical constraints inherent to each experimental 

method, conceptually different methods identify different type of interactions (Yu et al., 

2008; Harrington et al., 2008). For example, interaction assays such as yeast two-hybrid 

system are better at identifying binary interactions; however, purification assays such as 

tandem affinity purification are better at identifying co-complex interactions, i.e. all 

proteins that are part of the same complex. Therefore, these experimental methods 

should not be compared, but should be considered as complementary (Harrington et al., 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0150
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0150
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0025
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0055
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0045
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0145
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0235
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0235
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0075
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0075
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2008). In addition, PPI data acquired from high-throughput approaches are reported to 

include large number of false positives (von Mering et al., 2002; Li et al., 2008). Thus, 

the interactions that were validated by multiple experimental methods are believed to 

have a reasonable confidence. Moreover, it is assumed that the interactions published in 

the literature are reliable since many of them have been validated by multiple 

experimental techniques and/or more than one research groups (Reguly et al., 2006). 

However, Cusick and co-workers (2009) suggested that the quality of literature-curated 

datasets may not be as high as commonly noticed. The extraction of correct information 

out of long publications is extremely hard and structured vocabularies have not been 

applied in publications. 

The domain–domain interaction data provide significant information to predict 

unknown PPIs (Deng et al., 2002; Rain et al., 2001). Nevertheless, two proteins may not 

interact with each other although they have potentially interacting domains because 

their localization in the cell may be different or the expression of them during cell cycle 

may be different. Moreover, the incompleteness of current domain–domain interaction 

data also makes it difficult to predict PPI (Edwards et al., 2002; Deng et al., 2002). 

Considering the assembled dataset of PPIs, the association scores, Si, of eight biological 

features (Figure 3.1) were calculated independently, and integrated in a Bayesian 

approach to calculate confidence scores, CS, of all PPIs. The confidence scores 

indicated a broad distribution (Figure 3.2). Due to the nature of the scoring function, the 

range of the scores was varying between zero (non-significant interaction indicator) and 

1 (interaction with high-confidence), and the confidence scores were always equal or 

greater than the corresponding association scores, which indicates increased confidence 

when an interaction is supported by various types of evidence. The confidence scores of 

631 interactions (0.47% of all) were almost 1. These include binary interactions which 

were supported by almost all of the biological features. 29046 (21.50% of all) 

interactions were greater than 0.85, whereas scores of 86118 (63.72% of all) 

interactions were greater than 0.50. 

 

 

 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0075
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0220
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0110
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0150
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0035
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0045
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0145
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0055
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0045
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#fig0010
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Figure 3.1 The score distributions of association scores for each heterogeneous feature. The association score (Si) distributions, which were 

calculated using a 4-step methodology, for: (A) the number of databases reporting the interaction (SD), (B) the frequency of detection by 

different experimental systems (SES), (C) the number of published papers reporting the interaction (SPM), and (D) structural conformity 

(SDDI). The association score distributions, which were determined based on GO semantic similarity analysis, are represented by cumulative 

frequencies for: (E) functional coherence (SF), (F) biological process coherence (SP), and (G) co-localization (SC). (H) The association score 

distribution for gene expression correlation (SEXP) as a linear function of Pearson correlation coefficients. 



 

 
 

To assess the efficiency of our methodology in score calculation and to identify a high-

confidence interaction dataset through the large PPI dataset, the resultant confidence 

scores were assessed in terms of a trade-off between the sensitivity (i.e. the ability to 

identify true-positives), the specificity (i.e. the ability to identify true-negatives) and the 

coverage (i.e. the fraction of all proteins covered by the dataset). The traditional method 

for determination of sensitivity and specificity is the employment of training data, i.e. 

the gold standard datasets, which consists of interactions that are only assumed to be 

true or false. 

 

 

 

Figure 3.2 Cumulative distribution of confidence scores. Interactions with scores above 

0.85 constitute only 21.5% of all and could be considered high-confidence interactions. 

According to the design of the scoring function, such score implies that the interaction 

is supported by multiple evidence. 

On the other hand, construction of these datasets is a difficult task and requires 

attention. Since these datasets are constructed based on simple assumptions, the 

approaches may produce training sets that are biased toward particular type of 

interaction or highly conserved interactions or particularly well-studied pathways. 

Previously, the gold standard datasets of PPI were constructed to test the efficiency of 
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the signaling pathway reconstruction schemes (Arga et al., 2007). To determine 

sensitivity and specificity, the datasets of the previous study were updated and 

employed: The gold standard positive dataset consists of 2530 interactions and the gold 

standard negative dataset includes 2994 PPIs. The gold standard negative dataset 

consisted of interactions obtained from protein co-localization data in yeast (Jansen and 

Gerstein, 2004) under the assumption that if the proteins do not exist in the same sub-

cellular compartment, they cannot be interacting (Arga et al., 2007; Jansen and Gerstein, 

2004). The gold standard positive dataset was composed of physical interactions with 

very high confidence score (>0.999) in STRING (Szklarczyk et al., 2011), a set of 

interactions obtained by small-scale experimentation (Güldener et al., 2006), and 

interactions from the core network of DIP (Salwinski et al., 2004). Although each of the 

three subsets incorporated in construction of the positive dataset were considered as 

highly confident in literature, the intersection of all datasets constitute only 7.5% of all 

(Figure 3.3). 

 

 

Figure 3.3 The distribution scheme of the interactions in the gold standard positive 

dataset to their sources. Although each of the three datasets incorporated in construction 

of the positive set were considered as highly confident in literature, the intersection of 

all datasets constitute only 7.5% of all. 

As a result of the trade-off analysis for different score thresholds (Table 3.1), we 

determined the confidence score of 0.85 as an optimum threshold for identifying a high 

confidence dataset (HCS) of PPIs in yeast. This dataset, consisting of 29 046 binary 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0010
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0090
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0090
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0010
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0090
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0090
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0200
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0070
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0160
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#tbl0005
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PPIs, constitute only 21.50% of all interactions in the large PPI dataset and indicates 

equilibrium between sensitivity, specificity and coverage (86%, 68% and 72%, 

respectively). When the association scores of these interactions in the HCS dataset was 

analyzed, it was found that these interactions were supported by multiple evidences, i.e. 

supported by at least five of the eight heterogeneous features considered in scoring 

scheme. In addition, a low confidence dataset (LCS) consisting of 49 036 (36.28%) 

binary interactions with confidence scores lower than 0.50 was also determined. These 

interactions were supported by weakly at most three of the eight biological features 

considered in the study.  

Table 3.1. Trade-off analysis for different score thresholds. 

Confidence score 

threshold 

# of interactions in 

the network 

Sensitivity 

(%) 

Specificity 

(%) 

Coverage 

(%) 

0.99 2310 19.4 97.5 24.0 

0.95 8928 45.4 90.3 47.0 

0.90 19087 77.2 79.0 62.0 

0.85 29046 86.7 67.8 72.1 

0.80 38559 91.1 59.2 80.0 

0.70 54049 94.5 46.5 89.9 

 

To illustrate the predictive power of the scoring scheme, the Receiver Operating 

Characteristic (ROC) curve analysis was employed to give a more complete picture of 

the performance of the present scoring scheme when compared to some previous 

schemes (Figure 3.4). 
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Figure 3.4 ROC curve analysis for comparison of the performance of the PPI scoring 

schemes under tradeoffs between sensitivity and specificity. The predictive power of the 

scoring methods was quantified by calculation of the area under curve (AUC) metric. 

The present scoring scheme indicates an excellent discrimination in terms of the AUC 

value of 0.84 according to general rules used in interpretation of AUC values (Lin et al., 

2004). The IntScore scoring scheme also indicates excellent discrimination with an 

AUC value of 0.84; other scoring schemes represents acceptable discrimination with 

AUC values between 0.59 (HitPredict) and 0.67 (Mint). 

The extreme AUC value of the present scoring scheme is a result of many advantages of 

the present scoring scheme with respect to the reported scoring systems. First of all, it is 

more comprehensive than the others since an extremely large dataset of PPIs, which is 

the combination of widely used five PPI repertoires, was employed in the present 

scoring methodology. The other scoring schemes were based on a single dataset 

achieved from a single type of experimentation or database. Thus, the designed score 

for PPIs are mostly not analogous to each other, and for the interactions provided at 

other databases, a score assignment is not possible. 

A major problem with most of the published scoring procedures was the use of training 

sets, which include only the interactions supposed to be true/false. For instance, Yu and 

Finley (Yu and Finley, 2009) synthesized four different gold positive training sets based 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0115
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0115
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0240
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on interactions that (i) are associated with at least 10 PubMed identifiers in the 

interaction databases; (ii) are putative conserved interactions, which are those found in 

common between interaction sets for any two species (fly, human, worm and yeast); 

(iii) are high-throughput interactions reported to have high confidence by the original 

publications; and (iv) have expression correlation higher than 0.6. For each training set, 

a negative set of equal size was synthesized by drawing random samples from the list of 

all interactions, excluding those in that positive set. On the other hand, these training 

sets were doubtful since they might be biased toward highly conserved interactions or 

interactions from particularly well-known pathway or due to random sampling. In this 

point of view, a major advantage of the present scoring system is that the association 

scores were calculated considering the full set of PPIs in the large dataset, instead of 

reconstructing training sets. 

Another major problem with other scoring schemes taking into account different types 

of biological features is the determination of weights assigned to the association scores 

of each feature in the calculation of the overall confidence score. However, in the 

present scoring system no artificial weights were assigned, i.e. weights were intrinsic to 

the scoring function. Application of the methodologies used in the calculation of 

association score of each feature resulted with different maxima for association scores 

of each feature (Figure 3.1), which can be considered as weights for each feature. 

The present scoring scheme also allowed us to discuss the reliability of experimental 

systems used in detection of PPIs. Previously, it was claimed that the high-throughput 

methods, such as protein arrays and yeast-two-hybrid screens require the assessment of 

the reliability since 30–50% of the high-throughput interactions were known to be 

biologically relevant (Iossifov et al., 2004). On the other hand, low-throughput methods, 

such as X-ray crystallography and nuclear magnetic resonance, were believed to give 

the most detailed information about protein–protein interactions (Shoemaker and 

Panchenko, 2007). Schaefer and co-workers (Schaefer et al., 2012) assigned scores to 

various PPI detection methods via manual curation, and in vitro techniques like X-ray 

crystallography were assigned to the highest score that is 10. Complementation based 

assays and affinity based technologies were roughly equally scored with an average 

value of 5. The scores were slightly increased for those methods, such as FRET, that are 

used generally in homologous, more physiological setups. Methodologies that do not 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0085
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0185
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0185
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0170
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directly provide evidence for interaction, such as co-localization or co-sedimentation, 

are scored with lower scores. These reliability scores assigned by manual curation 

necessarily reflect the individual opinion of researchers to these experimental 

techniques, therefore we evaluated our resultant confidence scores from this perspective 

and constructed a box-plot representing the distribution of confidence scores of all 

interactions characterized by the corresponding experimental system (Figure 3.5). 

 

 

Figure 3.5 Box plot representing the confidence score distribution of experimental 

systems. The distribution for the high-throughput experimental systems, such as yeast-

two-hybrid screen, tandem affinity purification and protein arrays, tend to possess lower 

median score values and broad score distribution when compared to those obtained by 

small-scale experimentation (i.e. low-throughput techniques) such as nuclear magnetic 

resonance, co-crystal structure, X-ray crystallography and surface plasmon resonance.

The score distributions of small-scale experimental systems (i.e. nuclear magnetic 

resonance, co-crystal structure, X-ray crystallography and surface plasmon resonance) 

possessed narrow distributions with significantly higher median values (p-value <10
−4

), 

when compared to the score distributions of high-throughput experimentations (i.e. 

yeast-two-hybrid screen, tandem affinity purification and protein array), which 

possessed broad score distributions with significantly lower median scores with respect 

to the threshold score (p-value <0.01). These results were consistent with the previous 

discussions (Iossifov et al., 2004; Shoemaker and Panchenko, 2007) and with the 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1476927113000212#bib0085
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reliability scores of Schaefer and co-workers (2012), where nuclear magnetic resonance, 

co-crystal structure, X-ray crystallography and surface plasmon resonance methods 

were assigned to the highest score of 10; on the other hand, complementation-based 

assays and affinity based technologies, such as yeast-two-hybrid screen, tandem affinity 

purification and protein array, were roughly equally scored with an average value of 5. 

3.2 Reconstruction of a Highly-Reliable Protein-Protein Interaction Network of 

Homo sapiens 

Elucidating and analyzing the interacting partners of a protein highlights functional 

activity of proteins that is required to understand different biological processes ranging 

from cell cycle to apoptosis. Even though various experimentally and computationally 

derived protein interaction data of Homo sapiens databases exist, the coverage of a 

single database is not sufficient to demonstrate all reported PPI data in literature. We 

assembled physical interactions from 6 public databases including BioGRID (Chatr-

aryamontri et al., 2014), DIP (Salwinski et al., 2004), IntAct (Orchard et al., 2013), 

HIPPIE (Schaefer et al., 2012), HomoMINT (Persico et al., 2005) and HPRD 

(Mathivanan et al., 2008) to investigate and to achieve a more reliable human 

interactome. 295 288 non-redundant physical interactions between 15 950 proteins were 

obtained that the majority of PPIs (83.13% of all) were covered by only one of these 

databases. This result confirmed the necessity to assemble repositories to enhance data 

coverage. The difference of each database comes from the use of different resources, 

confidence sets and threshold values (Reguly et al., 2006). 

PPIs can be identified by numerous experimental techniques; therefore the reliability of 

the methods becomes crucial. In this regard, we used experimental scores which were 

assigned by HIPPIE database which presented the quality of the experimental systems 

(Schaefer et al., 2012). Reguly and coworkers (2006) reported that PPIs which have 

been confirmed by more than one research group and/or multiple experimental 

approaches have higher reliability. 78 different experimental systems with their 

individual scores were included in this study. Nevertheless, 245 585 (83.1%) PPI were 

examined by only a single experimental system and/or multiple lower confidence 

experimental techniques. On the other hand, 1 359 interactions (0.5%) were published 

in 10 or more articles in terms of literature search. 
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3 558 molecular function terms, 10 101 biological process terms and 1 256 cellular 

component terms were collected to analyze similarity between interacting protein pairs. 

The protein pairs of 60 273 (20.4%) PPI, 55 425 (18.8%) PPI and 73 148 (24.8%) had 

more than one common functional coherence, biological process coherence and co-

localization terms, respectively. The PPIs occur through specific protein domains so 

domain–domain interaction data also enhances the confidence of the PPIs (Chen et al., 

2002; Edwards et al., 2002; Deng et al., 2002; Rain et al., 2001). Domain-domain 

interaction database presented 7351 domains and 204 715 domain–domain interactions 

for Homo sapiens (Kim et al., 2012) that 94 520 (32.0%) interactions were reported by 

at least one domain–domain interaction in this research. With regards to the gene 

expression correlation of interacting proteins, 16 718 interacting pairs (5.7% of all) 

indicated a correlation coefficient higher than 0.80. These preliminary results of each 

heterogeneous attributes pinpointed pros and cons of each feature. Nevertheless, the 

accuracy of PPIs cannot be defined by only one of these features which reveal the 

importance of the predictive power of our scoring scheme which originated from the 

assembly of various attributes. 

3.2.1 Evaluation of confidence scores 

Each of the eight biological features has their own association scores, Si, which was 

computed independently in consideration of the combined data sources (Figure 3.6). 

The confidence scores, CS, of all PPIs which was computed by a Bayesian approach, 

displayed a wide range distribution (Figure 3.7). The scoring range varied between zero 

(non-significant interaction indicator) and 1 (interaction with high-confidence) by 

reason of characteristic of scoring function. The confidence scores were always greater 

than the corresponding association scores, which signified the increased confidence 

when an interaction is supported by different types of features. The CS of 2 440 

interactions (0.82% of all) were almost 1 and 147 923 (50.09% of all) interactions were 

greater than 0.80, whereas CS of 220 281 (74.60% of all) interactions were greater than 

0.50. 

The confidence scores were evaluated with regards to a trade-off between the 

sensitivity, the specificity and the coverage to assess the reliability of our approach in 

scoring and to define a high-confidence PPI set through the PPI pool. The established 
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method for calculation of sensitivity (i.e. the ability to identify true-positives) and 

specificity (i.e. the ability to identify true-negatives) is the utilization of training data 

through the gold standard sets. The construction of these gold sets is a challenging task 

and required added attention. The gold standard positive dataset consists of 7 373 

interactions and the gold standard negative dataset includes 14 479 PPIs. The gold 

standard negative dataset was constituted by applying the notion that protein which do 

not exist in the same sub-cellular compartment, cannot interact (Arga et al., 2007 and 

Jansen and Gerstein, 2004). The gold standard positive dataset was constituted by 

gathering physical interaction data of STRING with very high confidence PPI with 

score (>0.999) (Szklarczyk et al., 2011), co-complex interactomes of HINT database 

(Das et al., 2012), and high-quality binary human PPIs (Rolland et al., 2014). Although 

each of the three subsets incorporated in construction of the positive dataset were 

considered as highly confident in literature, the intersections of these datasets constitute 

only 14.95% of the whole data. 

The trade analysis presented the confidence score of 0.80 as an optimum cut off to 

determine a high confidence dataset (HCS) in human (Table 3.2). This dataset, 

including 147 923 binary interactions, comprise only 59.09% of all in the pool of PPIs 

and revealed the equilibrium between sensitivity, specificity and coverage (94.5%, 

80.9% and 82.8%, respectively). Furthermore, a low confidence dataset (LCS) including 

75 007 (25.40%) binary PPIs with confidence scores lower than 0.50 was also 

determined. 



 

 
 

 

Figure 3.6 Distributions of association scores (Si) for heterogeneous attributes. Scores are based on (A) the number of databases reporting 

the interaction (SD), (B) the frequency of detection by different experimental systems (SES), (C) the number of published papers reporting 

the interaction (SPM), and (D) structural conformity (SDDI). The association score distributions, which were determined based on GO 

semantic similarity analysis, are represented by cumulative frequencies for: (E) functional coherence (SF), (F) biological process coherence 

(SP), and (G) co-localization (SC). (H) The association score distribution for gene expression correlation (SEXP) as a linear function of 

Pearson correlation coefficients. 



 

 
 

 

 

Figure 3.7. Cumulative distributions of confidence scores. Interactions with scores 

above 0.80 constitute only 21.5% of all and were considered as highly confident 

interactions. According to the design of the scoring function, such score implies that the 

interaction is supported significantly by multiple evidences. 

 

Table 3.2 Trade off analysis of different confidence score cut offs. 
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0.99 33475 6562 67.9 96.7 41.1 

0.95 71920 9974 85.2 91.9 62.5 

0.90 103437 11295 90.8 87.2 70.8 

0.85 127272 12380 92.8 84.1 77.6 

0.80 147923 13213 94.5 80.9 82.8 

0.70 181839 14212 96.4 74.9 89.1 

0.60 203787 14482 97.3 71.8 90.8 

0.50 220281 14756 97.7 69.5 92.5 
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The power of the scoring methodology was assessed by the Receiver Operating 

Characteristic (ROC) curve analysis which provides the performance comparison of the 

presented scoring scheme with four previous schemes (Schaefer et al., 2012; Aranda et 

al., 2010; Persico et al., 2005; Kamburov et al., 2012). (Figure 3.8). Considering the 

general rules of AUC values analysis (Lin et al., 2004), the present scoring scheme 

expressed an excellent discrimination with regards to the AUC value (0.949), although 

scoring schemes of other databases indicated acceptable discrimination with AUC 

values which varied between 0.897 (HIPPIE) and 0.759 (INTSCORE). The highest 

AUC value belonged to the presented method and highlighted advantages of our scheme 

with respect to the reported scoring systems. 

3.2.2 Characteristics of highly confident protein-protein interactome 

Functional enrichment analysis of highly reliable human PPI network was done to 

define and analyze cancer and process subnetworks (Figure 3.9). 

Disease enrichment analyses of this PPI network pinpointed various types of cancers 

and achieved cancer specific proteins which were used to reconstruct highly reliable 

cancer specific subnetworks. The power of PPI network in elucidating the cancer 

mechanism was appreciated through the identification of interacting partners that were 

dysregulated in tumorigenic cells. Dysregulated subnetworks enhanced diagnosis and 

prognosis of cancer over single-gene markers (Chowdhury et al., 2011). These highly 

informative subnetworks were explored in detail to evaluate their potential in 

highlighting the common and specific biological mechanisms. Sixteen cancer types 

(Bladder, breast, colorectal, ovarian, cervical, endometrial, esophageal, head and neck, 

lung, pancreatic, prostate and stomach cancers, leukemia and melanoma) were included 

in the subnetwork topological features and functional enrichment analysis, individually. 

Cell cycle, DNA repair and p53 signaling pathways were enriched in almost all cancer 

subnetworks. Furthermore, pathway enrichment analysis pinpointed significant 

signaling pathways including ErbB, FAS, insulin, MAPK, Neurotrophin and PI3 

signaling pathways together with apoptosis, endocytosis, adherens junction and oocyte 

meiosis (Table 3.3). 

 



 

 
 

 

 

 

Figure 3.8 Performance analysis of the PPI scoring schemes via ROC curves. The predictive power of the scoring method was quantified 

by the area under curve (AUC) metric. The presented scoring scheme indicates an excellent discrimination (with AUC value of 0.949) 

whether other scoring schemes represents acceptable discrimination with AUC values between 0.897 (HIPPIE) and 0.759 (INTSCORE).



 

 
 

 

 

 

Figure 3.9 Highly reliable PPI network comprised of interactions with confidence score 

> 0.999 and its topological properties. (A) Graph representation of the network. (B) 

Values of selected topological metrics.  

Topological analysis was also done for each subnetwork and hubs were identified. P53 

appeared as a hub in almost all PPI network except cervical cancer. CCND1, CDN1A, 

EGFR, PARP1 were also the most common hubs among subnetworks. CDNA1 

(bladder), EP300, SHC1 (breast), 1A01, 1B07, 1B08, 1B15, 1B44 (cervical), BLM, 

IRS1 (colorectal), PRGR (endometrial), DNLI3 (esophageal), ERCC2 (head and neck), 

STAT3 (kidney), ABL1, CDN1B, JAK2, PML, VDR, BCL2 (leukemia), XPF, MLH1 

(melanoma), CDK4, RAD51 (ovarian), TSP1 (prostate), CCDN1, FBW1A, GSK3B, 

TGFR2 (stomach) were found as cancer specific hubs in this study (Figure 3.10). 
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Table 3.3 Molecular pathways enriched in cancer specific subnetworks (p-value < 

0.05). 
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Prostate Cancer + + + + +   +   +     + + 
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+ +   + +           +     

Esophageal Cancer + +   +                   

Cervical Cancer +     +                   

Pancreatic Cancer +     +                   

Bladder Cancer + +   +                   
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 Figure 3.10 Cancer specific subnetworks comprising of highly reliable interactions 

(confidence score > 0.999) among proteins associated with the concerned disease 

according to Genetic Association Database (GAD).   

The process enrichment analysis of the highest reliable network was done to examine 

the major biological processes related to this network. A total of twelve processes were 

selected for analysis. The genes involved in these processes have been extracted from 

DAVID and a PPI subnetwork was constructed for each biological process (Figure 

3.11). The largest PPI subnetwork was of transcription process with 1318 binary 

interactions among 600 proteins and the smallest subnetwork was for nervous system 

development which included 147 binary interactions among 125 proteins. The hubs of 

these individual subnetworks were also identified. P53 was the mutual hub in ten of the 

sixteen processes (cell death, cell communication, cell cycle, cell differentiation, 

immune response, immune system process, localization, nervous system development, 

signal transduction and response to stress).  LYN was the mutual hub in localization, 

nervous system development, phosphorylation, response to stress and signal 
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transduction. IKKB was specific to cell death, CDN1A, MDM2, MPIP1, PLK1, PRS8, 

PSA2, PSA3, PSA4, PSA5, PSB5, PSB7 were cell cycle specific hubs. STAT3 was cell 

differentiation specific and hubs specific to immune response were B2MG, VAV, 

TBK1, UBE2N. The hubs specific to immune system process were KPCT and TGFR1. 

Phosphorylation specific hubs were SHC1, JAK2, STAT1, ABL1 and MK03. Hubs 

specific to localization were CBL, A4, IMB1 and STXB1. Nervous system development 

specific hubs were ERBB2, PRKDC, NOTC1 and NCOA6. FAK2 was a specific hub 

for response to stress. The hubs specific to signal transduction were NCOR1, TRAF3, 

M3K7, VDR and RIPK2 and transcription specific hubs were EP300, HDAC2 and 

SIN3A. 

 

Figure 3.11 Process specific subnetworks comprising of highly reliable interactions 

(confidence score > 0.999) among proteins associated with the concerned biological 

process according to Gene Ontology (GO) annotations.  

The signaling pathways related to each individual process specific subnetworks were 

also identified with neutrophin, TGF-beta, MAPK and NGF signaling pathways 

enriched in all of the twelve (Table 3.4). The diseases enriched in these subnetworks 
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include breast cancer, inflammatory bowel disease, leukemia, and type 1 diabetes (Table 

3.5). For breast cancer subnetwork, the highest number of interaction for a given protein 

was 22, while there were 36 proteins that interact with only one protein.  

Table 3.4 Signaling pathways enriched in process specific subnetworks (p-value < 0.05) 
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Cell Cycle + + + +       +     

Cell Differentiation + + + + + + + + + + + + + + + 

Response to Stress + + + + + + + + + + + + + + + 

Phosphorylation + + + + + + + + + + + + + + + 

Signal Transduction + + + + + + + + + + + + + + + 

Nervous System 

development 

+ + + + +      +     

Immune System 

Process 

+ + + +  + + + + +  + + + + 

Cell Communication + + + + + + + + + + + + + + + 

Immune Response + + + +  + + + + +  + + + + 

Localization + + + + + + + + + + + + + + + 

Transcription + + + +  + + +    + + + + 
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Table 3.5 Diseases enriched in process specific subnetworks (p-value < 0.05) 
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Programmed Cell 

Death/Apoptosis 

+ + + + + + + + + + + + + +     

Cell Cycle + + + + +     + + +   + + +     

Cell Differentiation + + + + + + + + + +   + + + +   

Response to Stress + + + + + + +       + + + +     

Phosphorylation + + + + + + + +                 

Signal Transduction + + + + + + + +     +       +   

Nervous System 

Development 

+ + + + +     + +     +   + + + 

Immune System 

Process 

+ + + + + + + + + + + + + + + + 

Cell Communication + + + + + + + + + +     + + +   

Immune Response + + + + + + +     + + + + + + + 

Localization + + + + + + + +       +     +   

Transcription + + + + +               +   + + 

 

3.3 Systematic Analysis for Integration of Transcriptome Data with Biological 

Networks 

High-throughput gene expression data from GEO was collected and analyzed to obtain 

differentially expressed genes which were used to reconstruct PPI, transcriptional 

regulatory and metabolic networks. Reconstructed biological networks were applied to 

identify potential biomarkers and therapeutic targets as well as to elucidate the 

underlying molecular mechanisms of breast cancer, triple negative breast cancer and 

esophageal squamous cell carcinoma. 
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3.3.1 Integrative analysis of breast cancer  

The highly reliable protein-protein interaction network of Homo sapiens was 

reconstructed through previous analyses and this high confidence network was used to 

define the molecular mechanisms of breast cancer and other associated diseases. 

3.3.1.1 Differentially expressed genes 

In the present study, we utilized four publicly available gene expression datasets for 

breast cancer which included samples of healthy control and breast tumors. Statistical 

analyses of datasets led to identification of differentially expressed genes (DEGs) 

(Table 3.6). A total of 5993 and 7348 genes were identified as down- and upregulated, 

respectively. 

Table 3.6 Numbers of differentially expressed genes in breast cancer datasets. 

NCBI-GEO 

ID 

# of Down-regulated 

Genes 

# of Up-regulated 

Genes 

Total # of  

DEGs 

GSE9574 1148 1321 2469 

GSE15852 1823 3089 4912 

GSE26910 1971 2219 4190 

GSE39004* 1938 1826 3764 

GSE42568* 2821 2892 5713 

Total 5993 7348 11690 

P-value<0.05 except * p-value<0.0001 

Among the DEGs, 41 genes were down-regulated and 17 genes were commonly up-

regulated in all datasets. These genes are called ‘‘core DEGs’’ throughout the study. 

Through functional enrichment analysis, proteins associated with the down-regulated 

core genes were categorized into seven main groups: i) transcription factors (ATF3, 

CEBPD, EGR1, JUN, TCF7L2, KLF2, KLF4, KLF11, MAFF, NFIL3), ii) actin 

cytoskeleton organization related proteins (EPB41L2, EHBP1), iii) enzymes 

(ADAMTS1, DUSP1, FLT1, NLGN1, PPP2R1B), iv) signaling proteins (ADM, ANK2, 

ANXA1, CFLAR, EPS8, FOS, FOSB, GCOM1, IL6, ITSN1, SPRY1, TMEM100), v) 

nervous system related proteins (AHNAK, SEMA3A, SLIT3), vi) RNA processing 

related proteins (CELF2, EIF1, ZFP36), vii) extracellular matrix organization related 

proteins (FBLN5, ITIH5) as well as a receptor (THBD), sodium bicarbonate co-

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE9574


55 
 

transporter (SLC4A4), cell adhesion related protein (MPDZ) and epidermis 

development protein (EMP1). Furthermore, proteins of 17 upregulated core DEGs were 

classified into four groups: (i) actin cytoskeleton related proteins (EVL, PLEK2), ii) 

enzymes (AHCY, CANT1, PDIA4, SHMT2, SORD, SULF1, TRIM27), iii) protein 

transporters (NUP210, TMED3), and iv) signaling proteins (RAB15, STAT1) together 

with protease inhibitor (SPINT2), transmembrane protein (TMEM132A) and  collagen 

related protein (COL11A1). Through the investigation of these core DEGs and their 

association with breast cancer, there is very limited number of studies on down-

regulated (EHBP1, FBLN5, GCOM1, NLGN1 and TMEM100) and up-regulated 

(PDIA4, PLEK2, RAB15, SORD, TMED3, TMEM132A) core DEGs. 

3.3.1.2 Reconstruction and analysis of active PPI subnetworks  

Reconstructions of active PPI subnetworks in breast cancer were based upon proteins 

associated with 58 core DEGs and their physical interactors. As a result, the down-

regulated interaction subnetwork consisted of 1477 binary interactions between 1228 

proteins (Figure 3.12A), and the up-regulated interaction subnetwork included 473 

interactions between 446 proteins (Figure 3.12D). Analyses of reconstructed networks 

identified a set of proteins as hubs (i.e., nodes exhibiting high topological centrality in 

the graph) (Figure 3.12B and 3.12C). These hub proteins deserve attention for further 

experimental studies, since they indicate significant potential for being candidate 

biomarkers for breast cancer. Down-regulated hub proteins were classified into four 

groups: i) transcription factors (ATF3, CEBPD, EGR1, FOS), ii) enzyme (PPP2R1B), 

iii) signaling proteins (ANXA1, CFLAR, EPS8, ITSN1), iv) RNA processing protein 

(ZFP36) (Table 3.7). 
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Table 3.7 Hub proteins of the reconstructed PPI networks in breast cancer.  

Protein 

Symbol 

Molecular Function Direction of 

regulation 

Novelty References 

EGR1 Transcriptional factor Down Known Liu et al., 2000 

FOS Transcriptional factor Down Known Milde-Langosch 

et al., 2004 

CEBPD Transcriptional factor Down Known Palmiere et al., 

2012 

2AAB Enzyme Down Known Esplin et al., 

2006 

ITSN1 Signaling protein Down Known Eom et al., 2008 

CFLAR Signaling protein Down Known Day et al., 2008 

EPS8 Signaling protein Down Known Chen et al., 2007 

ANXA1 Signaling protein Down Known Cao et al., 2008 

ATF3 Transcriptional factor Down Known Wolford et al., 

2013 

TTP RNA processing protein Up Known Brennan et al., 

2009 

1B07 Immune system related 

protein  

Up Known Torigoe et al., 

2012 

CANT1 Enzyme Up Known Simpson et al., 

2008 

DHSO Enzyme Up Known Tarnow et al., 

2013 

EVL Cytoskeletal protein Up Known Hu et al., 2008 

GLYM Enzyme Up Known Lee et al., 2014 

HDAC1 Enzyme Up Known Krusche et al., 

2005 

IMA7 Tranporter Up Known Dahl et al., 2006 

P53 Tumor suppressor Up Known Dumay et al., 

2012 

P73 Tumor suppressor Up Known Dominguez et al., 

2001 

PIAS1 Enzyme Up Known Liu et al., 2014 

PO210 Tranporter Up Known Barros et al., 

2010 

SAHH Enzyme Up Known Cimino et al., 

2008 

SPIT2 Protease inhibitor Up Known Jonsson et al., 

2010 

STAT1 Signaling protein Up Known Soond et al.,2008 

TRI27 Enzyme Up Known Tezel et al., 2009 
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ATF3 (Activating transcription factor 3) is a basic leucine zipper transcription factor 

that involves in cell division, apoptosis, inflammation and homeostasis (Gilchrist et al., 

2010; Hai et al., 2010). It was reported that ATF3 regulated the effect of TGF-β in turns 

increased cell motility (Yin et al., 2010). ATF3 was proposed as a regulator in myeloid 

cells and reported to be related with breast cancer metastasis (Wolford et al., 2013). The 

controversial functions of ATF3 as both oncogene and tumor suppressor was also 

investigated. As an oncogene, ATF3 overexpression was presented to be enhanced in 

patients with breast cancer (Yin et al., 2008). ATF3 expression has the potential to 

promote cancer progression, but the mechanisms and transcriptional targets are still 

largely undefined (Thompson et al., 2009). Other studies suggested that ATF3 could 

inhibit carcinogenesis by promoting apoptosis and decreasing the metastatic potential in 

cell lines. Moreover, ATF3 was proposed as a potential tumor suppressor through its 

role in TGFβ signaling pathway (Kang et al., 2003; Yan and Boyd et al., 2006).  

CEBPD (CCAAT/Enhancer Binding Proteins) are classified in a family of leucine 

zipper (bZip) proteins that play role cell growth and differentiation (Ramji et al., 2002; 

Vinson et al., 2002). Several studies reported down-regulation of CEBPD in 

carcinogen-induced mammary tumors and primary breast cancer (Kuramoto et al., 2002, 

Tang et al., 2006; Palmieri et al., 2012). CEBPD was included in 70-gene signature, 

which predicted better survival of patients with breast cancer (Naderi et al, 2007). 

Furthermore, it was proposed as a tumor suppressor gene of breast cancer (Tang et al., 

2006, Thangaraju et al, 2005; Stein et al, 2009) as well as an epigenetic biomarker of 

primary breast cancer at enhanced risk of relapse and metastasis (Palmieri et al., 2012). 

EGR1 (Early growth response 1) is found in a group of proteins that are a family of 

zinc-finger transcription factors with various roles in proliferation, apoptosis and stress 

responses. EGR1 plays a key role in growth control and functions in many signaling 

cascades. EGR1 directly mediates several tumor breast suppressor genes including 

NDRG1, PTEN and P53 (de Belle et al., 1999; Redmond et al., 2010). EGR1 protein 

levels were reduced in a variety of human tumor cell lines including breast cancer (Liu 

et al., 2000; Huang et al., 1997). EGR1 was proposed as a tumor suppressor gene in 

breast cancer (Huang et al., 1997; Wenzel et al., 2007). PPP2R1B (Protein Phosphatase 

2, Regulatory Subunit A, Beta), is a trimeric holoenzyme that has a key role in the 

regulation of many signaling pathways whose dysregulation can lead to cancer 

http://www.nature.com.ezaccess.libraries.psu.edu/onc/journal/v29/n22/full/onc201084a.html#bib5
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(Eichhorn et al., 2008). Inactivating somatic alterations in PPP2R1B was determined in 

breast cancer (Esplin et al., 2006; Westermarck and Hahn, 2008). Its function was also 

described as a tumor suppressor (Janssens et al., 2005). Wang and coworkers (2006) 

identified down-regulation of PP2R1B in breast cancer. CFLAR (CASP8 and FADD-

like Apoptosis Regulator) is a member of the same family of CASP8 and CASP10, and 

serves as a negative regulator of apoptosis. CFLAR is taken a part in proliferation, cell 

cycle progression, and carcinogenesis. The knockdown of CFLAR initiated apoptosis 

and reduced the proliferation of breast cancer cells. Thus, CFLAR was proposed as a 

potential therapeutic target for breast cancer (Day et al., 2008; Bijangi-Vishehsaraei et 

al., 2010). ITSN1 (Adaptor/scaffold proteins of the intersectin) is involved in a family 

that forms important compounds of endocytic and signaling complexes. ITSN1 

regulates cellular trafficking through actin cytoskeleton rearrangements and regulates 

the activity of several signaling pathways (Tsyba et al., 2013). There is a limited 

research on ITSN1 effects in breast cancer. Eom and coworkers expressed the reduced 

level of ITSN1 in fibroadenoma compared to ductal carcinoma (Eom et al., 2008). The 

recent study focused on the gene expression levels in response to efavirenz and reported 

that ITSN1 was involved in up-regulated cluster (Patnala et al., 2014). EPS8 (Epidermal 

growth factor pathway substrate 8) was determined as a substrate of EGF receptor that 

provides mitogenic signaling from receptor tyrosine kinases (Fazioli et al., 1993 and 

Gallo et al., 1997) and tyrosine phosphorylation of EPS8 was reported in several cancer 

cell lines (Matoskova et al., 1995). EPS8 was shown differentially expressed during 

breast cancer progression (Chen et al., 2007). The overexpression of EPS8 was reported 

in breast cancer cells and it was proposed among potential candidate breast cancer 

oncogenes (Yao et al., 2006; Li et al., 2013; Chen et al., 2015). ANXA1 (Annexin A1), so 

called lipocortin, is involved in an annexin superfamily of calcium- and phospholipid-

binding proteins (Raynal and Pollard, 1994). ANXA1 plays role in hormone secretion, 

inflammatory response, EGFR degradation, apoptosis, membrane transport and cell 

differentiation (Sobral-Leite et al., 2015). The expression of ANXA1 was found to be 

concerned with the carcinogenesis process as well as metastasis (Yi et al., 2009; Guo et 

al., 2013; Boudhraa et al., 2014) including breast tumors (Cao et al., 2008; Bist et al., 

2011; Swa et al., 2012). ANXA1 takes part in the initiation of breast cancer (Swa et al., 

2012). Furthermore, the alteration of ANXA1 expression differs in subtypes of breast 
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cancer. For instance, overexpression of ANXA1 is related to the basal-like phenotype 

(Cao et al., 2008; de Graauw et al., 2010; Yom et al., 2011; Sobral-Leite et al., 2015) 

while the loss of ANXA1 expression is associated with invasive carcinoma (Shen et al., 

2005; Yom et al., 2011). ZFP36 (Zinc Finger Protein 36) has a key role in the control 

of immune responses (Milke et al., 2013). It was shown to be involved in the regulation 

of proteins in invasion and metastasis (Al-Souhibani et al., 2010). Brennan and 

coworkers identified the reduced expression of ZFP36 as a negative prognostic marker 

in breast cancer (Brennan et al., 2009; Gebeshuber et al., 2009). Moreover, it was 

reported that knockdown of ZFP36 in breast cancer cell lines increased tumor growth 

(Milke et al., 2013). FOS (BJ Murine Osteosarcoma Viral Oncogene Homolog) 

involved in the processes of normal cell growth, cellular transformation and 

differentiation (Curran and Franza, 1988). It was shown that FOS was partly involved in 

tumor growth and progression and it was proposed as a possible tumor-suppressor 

(Durchdewald et al, 2009). The reduced expression level of c-FOS was reported in 

cancer studies (Jin et al, 2007). Moreover, FOS could have role in invasion of breast 

cancer cells (Milde-Langosch et al., 2004). 

Up-regulated hub proteins were classified into three groups: (i) enzymes (CANT, 

SORD, SHMT2, HDAC1, PIAS1, AHCY, TRIM27), (ii) transporters (KPNA6, 

NUP210), (iii) tumor proteins (TP53, TP73) together with signaling protein (STAT1), 

protease inhibitor (SPINT2), immune system related protein (HLA-B), and cytoskeleton 

remodeling related protein (EVL). 

AHCY (S-Adenosylhomocysteine hydrolase) is essential enzyme for cell growth and 

controlling gene expression. It was defined as a potential drug target for the design of 

antiviral and antiparasitic agents (Wang et al., 2014). AHCY was pinpointed as a direct 

c-MYC target and had roles in the tumorigenic activity of MYC (Fernandez-Sanchez et 

al., 2009). The up-regulation of AHCY was also reported in a previous breast cancer 

study (Cimino et al., 2008). CANT1 (Calcium-activated nucleotidase) is androgen 

mediated protein that commonly overexpressed in primary prostate cancer, and  

decreased CANT1 expression in prostate cancer cell lines lead to decrease in cell 

proliferation and migration (Gerhardt et al., 2011).  The overexpression of CANT1 was 

identified in previous breast cancer researches (Tripathi et al., 2008; Simpson et al., 

2008). EVL (Ena/Vasodilator-Stimulated Phosphoprotein-Like protein) plays role in 

http://www.nature.com/bjc/journal/v110/n3/full/bjc2013774a.html#bib5
http://www.nature.com/bjc/journal/v110/n3/full/bjc2013774a.html#bib13
http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1357272512002038#bib0050
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regulating the actin cytoskeleton. Higher EVL expression levels were determined in 

breast tumors and it was highlighted that overexpression of EVL was related to the 

clinical stages of breast cancer. Moreover, EVL was proposed to be associated with 

invasion and metastasis of human breast tumor (Hu et al., 2008). Another breast cancer 

investigation showed up-regulation of EVL which was linked to disease-related 

mortality (Andres et al., 2013). 

 

 

Figure 3.12 Reconstructed PPI networks of breast cancer (A) Downregulated core 

network; (B) Topological properties of downregulated hubs; (C) Topological properties 

of upregulated hubs; (D) Upregulated core network. 

 

HDAC1 (Histone deacetylases 1) ais associated with the development and progression 

of cancer. Substantial positive correlation between HDAC1 and hormone receptor 

expression was identified and this study propsoed a prognostic role of HDAC1 for 

breast cancer patients (Krusche et al., 2005).  Several studies found overexpression of 

HDAC1 in hormone receptor positive tumors (Zhang et al., 2005; Muller et al., 2013). 

Moreover, Park and colleagues revealed the overexpression of HDAC1 and suggested 
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HDAC isoforms as potential biomarkers for breast cancer metastasis (Park et al., 2011). 

The results of another study demonstrated the cancer-promoting activity of HDAC1 in 

breast cancer, and they suggested HDAC1 as candidate targets of anti-cancer therapies 

(Wu et al., 2014). HLA-B (HLA Class I Histocompatibility Antigen, B Alpha Chain) is 

involved in the cell-mediated immune system, especially as antigen-presenting 

molecules for cytotoxic T lymphocytes (Torigoe et al., 2012). HLA-B was up-regulated 

in relapse-free patients compared to relapsed patients with breast cancer (Ascierto et al., 

2011). HLA-B was proposed as one of the promising oncogenes for breast cancer 

(Xiang et al., 2014). KNPA6 (Karyopherin α6) took roles in the antioxidant response 

together with the cell redox homeostasis (Sánchez-Peña
 
et al., 2013). KPNA6 was 

among the gene set that was predicted clinical response of stage IIB/III breast cancer 

patients (Dahl et al., 2006). NUP210 (Nuclear pore complex glycoprotein Nucleoporin 

210) is an integral lipid-anchored membrane protein and is known to be involved in 

structural organization of the nuclear pore complex; in addition, it is directly related to 

gene regulation and mRNA transport into the cell cytoplasm (Prokhortchouk and 

Defossez, 2008). NUCP210 was defined as a predictive marker for breast cancer 

(Barros et al., 2010). PIAS1 (Nuclear SUMO E3 ligase) is a transcriptional repressor of 

STAT1 and NF-kappaB (Tahk et al., 2007), and PIAS1 is involved in T cell 

differentiation (Liu et al., 2014). Increased PIAS1 expression was reported in breast 

cancer that targeting the signaling pathway of PIAS1 was suggested as a novel 

therapeutic strategy to treat breast cancer (Liu et al., 2014). Deregulation of ER post-

translational modifications by PIAS1 was involved in early stages of breast 

carcinogenesis (Karamouzis
 

et al., 2007). SHMT2 (hydroxymethyltransferase) is 

required for cancer cell survival and it was overexpressed in breast cancer (Rhee et al., 

2008; Lee et al., 2014). STAT1 (Signal transducer and activator of transcription-1) was 

involved in various cellular processes such as DNA damage, and activation of B and T 

cell immune responses. A tumor suppressor role of STAT1 was reported (Calo et al., 

2003) as well as the loss of STAT1 expression have impact on the response to treatment 

of breast cancers (Bailey et al., 2012). Several groups showed the influence of STAT1 

activity on the development of breast cancers (Soond et al., 2008; Klover et al., 2010; 

Khodarev et al., 2010; Bailey et al., 2012; Chan et al., 2012). Recently, Huang and 

coworkers presented that elevated expression and activation of STAT1 was increased in 

http://www.sciencedirect.com/science/article/pii/S0888754308001894
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endocrine-resistant breast cancer and they suggested that STAT1 inhibitors may be 

effective targets in resistant cells (Huang et al., 2014). TRIM27 (Tripartite Motif-

Containing Protein 27) is a nuclear protein acting as a transcriptional repressor. The 

elevated expression level of TRIM27 was displayed in breast cancer cells (Cao et al., 

1996; Tezel et al., 2009; Kato et al., 2009). Furthermore, TRIM27 was proposed as an 

oncogene (Hatakeyama, 2011). SPINT2 (Serine Peptidase Inhibitor, Kunitz Type, 2) is a 

transmembrane protein which was considered to take critical role in embryogenesis 

(Szabo et al., 2009). The lower expression level of SPINT2 was presented to be 

epigenetically silenced in cancer via DNA hypermethylation (Bergum and List, 

2010; Dong et al., 2010; Nakamura et al., 2011). SPINT2 was considered as candidate 

biomarkers of breast cancer metastasis together with specific biomarkers for African 

American women (Yancy et al., 2007). Jonsson and coworkers demonstrated also the 

amplification of SPINT2 in breast cancer (Jonsson et al., 2010). TP53 (Tumor Protein 

P53), as a tumor suppressor, is mutated or inactivated in various types of cancers 

(Soussi and Lozano, 2005). TP53 plays role in cell-cycle arrest, senescence, and 

apoptosis (Riley et al., 2008). Approximately, 30% of breast cancer patients have 

TP53 mutation, but this frequency differs among breast cancer subgroups (Sorlie et al., 

2001; Dumay et al., 2012; Walerych et al., 2012). TP73 (Tumor Protein P73) involved 

in the p53 family which had several p53-like characteristics including binding to p53 

DNA target sites and induction of cell cycle arrest or apoptosis (Kaghad et al., 1997). 

p73 was activated like p53 by DNA damage and oncogenes (Zaika et al., 2001; Stiewe 

et al., 2004) .The elevated expression level of p73 was associated with an advanced 

tumor stage or poor prognostic parameters (Yang et al., 2000; Novak et al., 2001). 

Additionally, the results of breast cancer study suggested the up-regulation of that p73 

which caused the tumorigenesis and poor clinical outcomes (Dominguez et al., 2001). 

3.3.1.3 Functional enrichment analysis 

According to pathway enrichment analyses of PPI networks, signaling pathways 

including JAK-STAT and Toll like receptor signaling were significantly up-regulated 

(p-value<10
-10

), whereas Neurotrophin, T cell receptor, MAPK, apoptosis, FGF, EGFR, 

WNT, ERBB signaling pathways were significantly down-regulated (p-value<10
-10

)  in 

http://www.sciencedirect.com.ezaccess.libraries.psu.edu/science/article/pii/S1357272511002573#bib0080
http://www.nature.com.ezaccess.libraries.psu.edu/jid/journal/vaop/ncurrent/full/jid2015160a.html#bib46
http://www.nature.com.ezaccess.libraries.psu.edu/jid/journal/vaop/ncurrent/full/jid2015160a.html#bib3
http://www.nature.com.ezaccess.libraries.psu.edu/jid/journal/vaop/ncurrent/full/jid2015160a.html#bib3
http://www.nature.com.ezaccess.libraries.psu.edu/jid/journal/vaop/ncurrent/full/jid2015160a.html#bib10
http://www.nature.com.ezaccess.libraries.psu.edu/jid/journal/vaop/ncurrent/full/jid2015160a.html#bib34
http://www.sciencedirect.com/science/article/pii/S1535610812001705#bib50
http://www.sciencedirect.com/science/article/pii/S1535610812001705#bib48
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breast cancer. On the other hand, chronic and acute myeloid leukemia, prostate and 

pancreatic cancer pathways were also significantly down-regulated (p-value<10
-10

). 

3.3.1.4 Transcriptional regulatory subnetworks  

Transcriptional regulation data for twelve down-regulated (ATF3, CEPBD, EGR1, 

FOS, FOSB, JUN, NFIL3, TCF7L2, KLF2, KLF4, KLF11, MAFF) and one up-

regulated (STAT1) TFs within the core DEGs were assembled from the literature and 

transcriptional regulatory subnetworks were reconstructed around these core-TFs and 

targeted core DEGs. The transcriptional regulatory subnetwork around down-regulated 

core-TFs consisted of 187 regulatory relations between these 12 down-regulated TFs 

and 25 down-regulated core DEGs (Figure 3.13A). Moreover, we explored upstream 

regulators of TFs into the pool of downregulated genes and identified 111 relations 

between 11 TFs (except CEPBD) and 82 genes (Figure 3.13B). Down-regulated TFs 

were involved in mainly MAPK (ATF3, FOS, FOSB, JUN), TNF (ATF3, FOS, JUN), 

TGFβ (ATF3, FOS, FOSB, JUN) and WNT (JUN, KLF4, TCF7L2) signaling pathways. 

We also explored the associated signaling pathways of the transcriptional regulatory 

networks as a whole, considering both downstream effectors and upstream regulators. 

The results of down-regulated genes associated regulatory networks also pointed out 

significant roles of MAPK (p-value: 1.7·10
-11

), apoptosis (4.0·10
-7

), TGFβ (0.0011) and 

T cell receptor (0.015) signaling pathways. 

The transcriptional regulatory subnetwork around the up-regulated core-TF, STAT1, 

consisted of five transcriptional regulatory relations between the TF and five core up-

regulated DEGs (Figure 3.13C). STAT1 plays role in JAK-STAT, toll like receptor, 

chemokine, MAPK, and EGFR signaling pathways. Moreover, the upstream regulators 

of TFs were also explored into the pool of up-regulated genes and identified 14 relations 

between STAT1 and 14 up-regulated genes (Figure 3.13D). The signaling pathways 

associated with these transcriptional regulatory networks were toll receptor signaling 

pathway (p-value: 0.0096), Ras pathway (p-value: 0.019) and EGFR signaling pathway 

(p-value: 0.043). 

The regulation of gene expression is required for normal cellular processes and the 

aberrant expression causes the abnormal cell growth as well as differentiation that lead 

to the development of cancer. The alteration of transcriptional regulation appeared 
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during tumor progression which has also impact on metastasis. Therefore, to maximize 

therapeutic efficiency, therapeutics which disturb the regulatory network of metastasis, 

can be chosen since they have potential to reduce the function of multiple effector genes 

simultaneously. Our approach allows identifying functional TFs that could be 

considered as potential therapeutic targets with promising effect on targeting the entire 

breast cancer gene network. 

The transcriptional regulatory network around down-regulated core DEGs including 12 

TFs and their upstream regulators together with downstream effectors was enriched 

with TGFB, MAPK and T cell receptor signaling pathways. 

TGFB signaling pathway is involved in processes of immunity, inflammation, cancer, 

fibrosis and homeostasis (Massague, 2012). In the normal mammary gland, TGFB 

controls tissue homeostasis by inhibiting cell cycle progression, inducing differentiation 

and apoptosis, and maintaining genomic integrity (Barcellos-Hoff and Akhurst, 2009). 

TGFB signaling has a critical and dual role in breast tumorigenesis. In normal 

epithelium as well as in early tumorigenic lesions, TGFB has a tumor suppressive role 

through its ability to induce growth inhibition. As cancer progresses, however, tumor 

cells become resistant to TGFB-mediated growth inhibition, and instead TGFB 

promotes tumor progression and metastasis (Inman, 2011; Massague, 2012).  The 

mechanism of this phenomenon is not well understood, but remains an important area of 

research (Smith et al., 2012). Several researchers proposed that the TGFB signaling 

pathway plays a critical role in progression of human breast cancer (Ivanovic et al., 

2006; Grau et al., 2008). Moreover, genetic manipulation of the intrinsic TGFB 

signaling pathway in mammary cancer cells has provided direct evidence for its 

importance in driving the metastatic process (Tan et al., 2009). These studies have 

generated considerable enthusiasm for exploiting the TGFB pathway as a novel 

therapeutic target in breast cancer research (Tan et al., 2009; Ganapathy et al., 2010).



 

 
 

 

 

Figure 3.13. (A) Transcriptional regulatory subnetwork of downregulated core TFs. (B) Upstream regulators of downregulated core TFs. 

(C) Transcriptional regulatory subnetwork of upregulated core TF. (D) Upregulated upstream regulators of upregulated core TF.



 

 
 

MAPK signaling pathway is activated in cancer progression to promote cell 

proliferation, inhibit apoptosis, and regulate cell adhesion, migration and invasion 

capabilities (Reddy et al., 2003). It is also involved in progression of breast cancer, such 

as control of adhesion and migration (Zhu et al., 2011). MAPK (including P38, ERK1/2 

and JNK1/2 members) signaling pathways play crucial roles in tumor cell proliferation, 

adhension and migration in breast cancer (Rosenthal et al., 2011; Meng et al., 2011). T 

cell receptor signaling pathway governs the maturation of T cells together with 

activation and proliferation of them. Activation of this pathway leads to activation of 

other signaling pathways that carry out cellular processes including mobilization of 

intracellular calcium stores, cytoskeletal reorganization and activation of transcription 

factors (Huang and Wange, 2004; Samelson, 2002). Moreover, T cell receptor signaling 

pathway is central to cell-mediated immunity, which is invariably activated by tumor 

associated antigens (Heemskerk, 2010). Bertucci and coworkers (2013) analyzed 

pathological response to primary chemotheraphy in patients with inflammatory breast 

cancer and they showed that various processes related to T-cell-dependent immunology 

were strongly enriched in their gene list, including the T-cell receptor signaling 

canonical pathway. 

The only up-regulated TF was STAT1 involved in the STAT family of proteins that 

regulates cytokine and growth factor receptor signaling so they govern cell growth, 

survival, and differentiation (Yu and Jove, 2004; Stark and Darnell, 2012). STAT1 was 

reported to have a tumor suppressor role (Calo et al., 2003). Several research groups 

presented that STAT1 took significant role in the development of breast cancers (Klover 

et al., 2010; Raven et al., 2011; Chan et al., 2012; Bailey et al., 2012). The loss of 

STAT1 from tumor and surrounding mammary epithelium had impact on the 

progression and response to treatment of breast cancers (Bailey et al., 2012). Chan and 

colleagues (2012) also identified up-regulation of STAT1 expression is in ER-negative, 

stromal tissue than in ER-positive stromal tissue, and they also proposed that loss of 

STAT1 was important in the development of ER-positive breast tumors. Furthermore, 

another study showed that the overexpression of STAT1 was observed in endocrine-

resistant breast cancer and STAT1 inhibitors were suggested to be effective in resistant 

cells (Huang et al., 2014). STAT1 dependent transcription regulation was suggested to 
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lead to therapeutic responses by regulating the efficacy of therapeutics and the progress 

of drug resistance (Koromilas and Sexl, 2013). 

The transcriptional regulatory network around up-regulated core DEGs including  

STAT1 as a TF and its upstream regulators together with downstream effectors was 

enriched with Tool like receptor (TLR) signaling pathway, RAS pathway, and EGFR 

signaling pathway. 

TLR binding activates several signaling pathways including nuclear factor κB (NFκB), 

mitogen-activated protein kinases (MAPKs) and IFN-regulatory factor 3, 5 and 7 (IRF3, 

IRF5 and IRF7) that are vital for innate and adaptive immune responses (Lee and Kim, 

2007). Chronic inflammation was reported to have linked with tumor progression. In 

chronic inflammation, the TLRs activated NF-jB that caused proliferation of cancer 

cells out of control (Chen et al., 2007). Therefore, TLR signaling pathway in cancer 

progression was proposed as target for cancer therapy and prevention (Chen et al., 

2006). The overexpression of TLRs was identified in breast cancer cell lines so it was 

suggested that TLR expression could be decreased to inhibit cell proliferation in breast 

cancer (Yang et al., 2010; Xie et al., 2009). Another study also reported the role of 

TLR4 in breast cancer progression and metastasis, i.e., the reduced metastasis was 

observed when TLR4 was targeted in breast cancer cell (Ahmed et al., 2013). Resler 

and coworkers also suggested strong the association between genetic variants in TLR 

pathway and breast cancer risk (Resler et al., 2013). RAS pathway is known to be one of 

the dysregulated pathways in cancer (Downward, 2003). It has role on transmitting the 

extracellular signals to intracellular targets that mediate cell metabolism, cell survival, 

cell cycle progression, and cell growth (Hollestelle et al., 2007). Clark and Der (1995) 

discovered the significance of down- and upstream regulators of RAS that was proposed 

to serve as drug targets to block the aberrant function of RAS signaling pathway in 

cancer. The hyperactivation of RAS/ERK pathway in 50% of breast cancers was 

ascertained and reported to be involved in tumor progression and recurrence of breast 

cancer (Sivaraman et al., 1997; von Lintig et al., 2000; Mueller et al., 2000).  

Furthermore, RAS signaling pathway was also reported in tumor formation that 

Hollestelle and coworkers identified mutations in RAS pathway genes in 40 human 

breast cancer cell lines (Hollestelle et al., 2007). A recent study also uncovered the 

activated RAS pathway in breast tumors (McLaughlin et al., 2013). EGFR signaling 
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pathway is associated with several cellular processes including apoptosis, cell 

proliferation, angiogenesis, and metastasis (Zhang et al., 2007). EGFR was reported to 

be up-regulated in almost 30% of tumors and associations with the stages of disease, 

prognosis and survival (Capdevila et al., 2009). The expression of EGFR was reported 

to be associated with BRCA1 status in breast cancer patients (van Diest et al., 2006). 

Pitteri and colleagues also demonstrated overexpression of EGFR in patients with breast 

cancer and proposed EGFR levels as an early biomarker (Pitteri et al., 2010). The 

EGFR-targeted therapies were also known in breast cancer treatments (Jonston et al., 

2006). EGFR-Ras-ERK pathway was identified to govern the invasive characteristics of 

breast epithelial cells (Grass et al., 2013). 

3.3.1.5 Reporter metabolic features 

Reporter metabolite analyses highlighted three metabolites, chloral hydrate, EPA and 

NADPH, which were common metabolites of all datasets. In addition, 126 metabolites 

were shared at least by four datasets and 87 of them were lipid compounds. 

Furthermore, 21 reporter metabolites were having roles in biosynthesis of unsaturated 

fatty acids and 12 reporter metabolites were taking parts in fatty acid biosynthesis 

(Table 3.8). 

Table 3.8 Metabolic pathway enrichment analysis of common reporter metabolites. 

Metabolic Pathway P-value in background in set 

Biosynthesis of unsaturated fatty acids 8.25·10
-12

 54 21 

Fatty acid biosynthesis 3.65·10
-10

 49 12 

Pyruvate metabolism 4.93·10
-6

 32 7 

Primary bile acid biosynthesis 5.65·10
-4

 47 6 

Oxidative phosphorylation 1.87·10
-5

 16 5 

Methane metabolism 8.64·10
-4

 34 5 

Glycerolipid metabolism 6.48·10
-4

 32 5 

 

Furthermore, we performed functional enrichment analysis on reporter metabolites of 

each dataset. These metabolic data indicated oxidative phosphorylation that was the 

only common term of each individual dataset. Other significant metabolic pathways 
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were lipid metabolic pathways including biosynthesis of unsaturated fatty acids, fatty 

acid biosynthesis, linoleic acid metabolism, glycerolipid and glycerophospholipid 

metabolism, amino acid metabolic pathways including beta-alanine and tyrosine 

metabolism, and carbohydrate metabolism including pyruvate metabolism (Figure 

3.14). 

 

Figure 3.14. Metabolic pathways enrichment analysis through reporter metabolites of 

each dataset. 

The results of reporter metabolite analysis indicated the importance of oxidative 

phosphorylation and lipid metabolism in breast cancer. Pyruvate, fatty acids and amino 

acids are consumed to generate energy in form of ATP through oxidative 

phosphorylation in normally differentiated cells (Hinkle et al., 1991). The oxidative 

phosphorylation is also required for apoptosis (Dey and Moraes, 2000). It was reported 

that mitochondria controlled tumor growth through regulation of the TCA cycle and 

oxidative phosphorylation (Solaini et al., 2011). Thus, understanding the mitochondrial 

metabolic changes will provide new therapeutic approaches. The molecular mechanisms 

for the oxidative phosphorylation proteome network were dysregulated in breast cancer 

cell mitochondria leading mitochondria cytopathy (Putignani et al., 2008). Singh and 

coworkers (2009) examined the breast tumors and reported the mutations in the 

polymerase γ gene that caused serious mitochondrial DNA deficiency and oxidative 

phosphorylation disturbance (Singh et al., 2009). Mitochondrial DNA mutations were 
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suggested to activate the PI3K/AKT pathway leading to enhanced metastasis in breast 

cancer cells (Kulawiec et al., 2009). Another study of breast cancer by Sastre-Serra et 

al. (2010) showed that increased reactive oxygen species enhanced tumorigenicity. 

Therefore, a novel approaches in cancer treatment could target the energetic metabolism 

of the tumors. From this point of view, the bioenergetic signature of the breast tumor 

may provide to design future therapeutics that target the energy provision pathway. 

The alterations in lipid metabolism have been defined as a common characteristic of 

tumor cells (Menendez and Lupu, 2007; Cairns et al., 2011). Lipid metabolism is also 

controlled by oncogenic signaling pathways in cancer cells, and was reported to be 

significant for the initiation and progression of tumorigenesis (Menendez and Lupu, 

2007; Tennant et al., 2010). Cancer cells achieved membrane building blocks, signaling 

molecules, and energy supply to enhance cell proliferation via lipogenesis (Zhang and 

Du, 2012). Fatty acids are esterified to phospholipids that are required for signal 

transduction, intracellular trafficking, polarization, and migration in cancer cells 

(Menendez and Lupu, 2007; Swinnen et al., 2006). Fatty acid can be consumed through 

β-oxidation in response to glucose limitation to provide key substitute energy for cancer 

cell survival (Zhang and Du, 2012). Moreover, other lipids molecules including 

diacylglycerol, phosphatidic acid, and lysophosphatidic acid also regulate signaling 

pathways in cancer cells (Menendez and Lupu, 2007; Swinnen et al., 2006). The 

increased lipogenesis is an indicator of many cancers including breast cancer (Chajes et 

al., 1995). Hilvo and coworkers (2011) demonstrated that the regulation of lipid 

metabolism in breast cancer differed from that of normal physiology. Furthermore, they 

determined phospholipids that were diagnostic potential and the regulation of their 

metabolisms, and suggested to provide therapeutic opportunities in breast cancer 

treatment. Their results showed that lipid metabolism in tumor cells could be exploited 

as therapeutic targets. Thus, further understanding of dysregulated lipid metabolism and 

related signaling pathways is required to design efficient cancer therapeutics. 
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3.3.2 Integrative analysis of triple negative breast cancer  

3.3.2.1  Differentially expressed genes  

In the present study, we utilized four publicly available gene expression datasets for 

TNBC, which included samples of non-TNBC and TNBC tissues. Statistical analyses of 

datasets led to identification of DEGs (Table 3.9). A total of 1337 and 2088 genes were 

identified as down- and upregulated, respectively. 

Table 3.9 The number of differentially expressed genes in TNBC datasets. 

Dataset # of down-regulated  

DEGs 

# of up-regulated  

DEGs 

Total # of  

DEGs 

GSE17650 164 224 338 

GSE18539 221 250 471 

GSE27447 684 1245 1929 

GSE37614 441 602 1043 

 

Among the DEGs, only two genes, GATA3 and MLPH, were downregulated and a 

single gene, CHI3L2, was upregulated in all datasets (Figure 3.15). GATA3 gene 

encodes the GATA binding protein 3, which is a member of the GATA family of zinc-

finger binding transcription factors. It plays a role in human growth and differentiation 

of breast tissues (Zheng and Blobel, 2010). The MLPH gene encodes a member of the 

exophilin subfamily of RAB effector proteins, and downregulation of MLPH genes in 

TNBC was reported by Fountzilas and co-workers (2008). In addition, the 

downregulation of MLPH gene expression was observed in lymph node positive breast 

cancer patients (Abba et al., 2007), and Thakkar and co-workers (2010) confirmed the 

lower expression levels of MLPH in ERa(-) breast cancer patients. The upregulated 

gene CHI3L2 encodes a kind of lectin that binds chito-oligosaccharides and other 

glycans with high affinity, and it was reported as one of the methylated genes in luminal 

B type breast cancer (Holm et al., 2010). GATA3 was recently reported as a biomarker 

for TNBC (Cimino-Mathews et al., 2013); however, the associations of MLPH and 

CHI3L2 genes with TNBC have not been studied yet. 
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Twenty-three downregulated (Figure 3.15A) and 17 upregulated (Figure 3.15B) genes 

were identified as common in at least three datasets. These genes were called ‘‘core 

DEGs’’ throughout the study. Through functional enrichment analysis, proteins 

associated with the downregulated core DEGs were categorized into six groups: i) 

transcription factors (GATA3, FOXA1, MYB), ii) receptors (ERBB4 and ESR1), iii) 

enzymes (GSTM3, ALDH6A1, ATP8B1, DUSP4), iv) signaling proteins (CACNG4, 

IL20, IGFBP2, RHOJ, STC2, ARGHDIB, RHOB, SEMA3F, TSPAN1, TSPAN13, 

HDGFRP3), v) transporters (MLPH, SLC39A6), and vi) keratin (KRT19). Furthermore, 

proteins of 17 upregulated core DEGs were classified into five groups: (i) transcription 

factors (ATF5, FOXC1, MYC and STAT5A), ii) receptors (CSF2RA, FZD7, CD274), 

iii) enzymes (CHEK2, PTGS2, CHI3L2, UHRF1), iv) metabolism-associated proteins 

(CRABP1, SLC2A3, SLC14A1), and v) signaling proteins (CXCL10, IL1b, SFRP1). 

 

 

Figure 3.15 Comparison of the DEG sets in TNBC datasets (A) Downregulated DEGs, 

(B) Upregulated DEGs. Core DEGs are shown in boxes. 
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3.3.2.2 Reconstruction and analysis of active PPI subnetworks 

Reconstructions of active PPI subnetworks in TNBC were based upon proteins 

associated with 40 core DEGs and their physical interactors. As a result, the 

downregulated interaction subnetwork consisted of 672 binary interactions between 615 

proteins (Figure 3.16A), and the upregulated interaction subnetwork included 837 

interactions between 755 proteins (Figure 3.16D). Analyses of reconstructed networks 

identified a set of proteins as hubs (i.e., nodes exhibiting high topological centrality in 

the graph (Figure 3.16B and 3.16C). These hub proteins deserve attention for further 

experimental studies, since they indicate significant potential for being candidate 

biomarkers for TNBC. 

Downregulated hub proteins were classified into six groups: i) receptors (ESR1, 

ERBB4), (ii) transcription factors (MYB, GATA3, FOXA1), (iii) Rho related proteins 

(RHOB, GDIR2), (iv) enzymes (GSTM3), (v) cytokeratin (K1C19), and (vi) 

stanniocalcin (STC2). Upregulated hub proteins were classified into four groups: (i) 

receptors (CSF2RA, FZD7), (ii) transcription factors (MYC, CEBPB, TF65, ATF5, 

STAT5A), (iii) cytokines (IL1b, CXC10), and (iv) enzymes (CHIK2, UHRF1, PGH2) 

(Table 3.10). UBC was included in both lists since it has more than 10,000 interactions 

in protein interaction databases; since it came out in all hub lists, we excluded UBC in 

further analyses.  

In the present study, we proposed 40 genes (23 downregulated, and 17 upregulated), 

which encode proteins with heterogeneous functionality, as core-DEGs, since these 

genes were commonly identified in at least three datasets (Figure 3.15). Furthermore, 

active PPI networks were reconstructed around core-DEGs, and via topological analyses 

22 hub proteins were identified (Figure 3.16). These proteins mainly consisted of 

receptors, transcription factors, enzymes, and cytokines (Table 3.9). Seven 

downregulated hub proteins were previously reported with TNBC: ESR1, MYB, 

ERBB4, K1C19 (KRT19), GATA3, STC2, and FOXA1. 
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Figure 3.16 Reconstruction of PPI network of TNBC. (A) Downregulated core 

network; (B) Topological properties of downregulated hubs; (C) Topological properties 

of upregulated hubs; (D) Upregulated core network. 

 

In addition, nine upregulated hub proteins were also previously associated with TNBC 

tumors: CHEK2, IL1b, MYC, STAT5A, UHRF1, TF65 (RELA), CEBPB, FZD7, and 

PGH2 (PTGS2). The present analyses proposed six novel proteins, which have not been 

reported in TNBC patients previously. These include three downregulated hub proteins, 

RHOB, GDIR2 (ARHGDIB), and GSTM3, and three upregulated hub proteins, ATF5, 

CSF2RA, and CXCL10. Among those, two downregulated proteins ESR1 (estrogen 

receptor 1) and ERBB4 (receptor tyrosine-protein kinase erbB-4) and two upregulated 

proteins, FZD7 (frizzled homolog 7) and CSF2RA (granulocyte-macrophage colony-

stimulating factor receptor subunit alpha) were receptors that play a role in mainly four 

signaling pathways: estrogen, ERBB, WNT, and JAK-STAT signaling pathways. 
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Table 3.10 Hub proteins of the reconstructed PPI networks in TNBC. 

Protein 

Symbol 

Molecular 

Function 

Direction of 

regulation 

Novelty References 

ESR1 Receptor Down Known Bender and Gabhann, 

2013; Yu et al., 2013; 

Idowu et al., 2012 

MYB  Transcription 

Factor 

Down Known Bender and Gabhann, 

2013 

ERBB4 Enzyme Down Known Hicks et al., 2013 

K1C19 Keratin Down Known Lehmann et al., 2011; 

Sparano et al., 2011 

GATA3 Transcription 

Factor 

Down Known Lee et al., 2013; Chu et 

al., 2012 

STC2 Glycoprotein Down Known Tate et al., 2012 

FOXA1 Transcription 

Factor 

Down Known Bender and Gabhann, 

2013; Lee et al., 2013 

CHEK2  Enzyme Up Known Hicks et al., 2013 

IL1β Chemokine Up Known Kuo et al., 2012 

MYC Transcription 

Factor 

Up Known Lehmann et al., 2011; 

Liu et al., 2012; Horiuchi 

et al., 2012 

STAT5A Transcription 

Factor 

Up Known Liu et al., 2012; 

Britschgi et al., 2012 

UHRF1  Enzyme Up Known Szarc vel Szic et al., 

2014 

TF65, 

RELA 

Transcription 

Factor 

Up Known Howe et al., 2012; Zhu 

et al., 2013 

CEBPB  Transcription 

Factor 

Up Known De Santi et al., 2011; 

Galluzzi et al., 2012 

FZD7 Receptor Up Known Yang et al., 2011; Dey et 

al., 2013 

PGH2 Enzyme Up Known Zhou et al., 2013; Hsia et 

al., 2013 

RHOB Signaling protein  Down Novel - 

ARHGDIB Signaling protein  Down Novel - 

GSTM3 Enzyme Down Novel - 

ATF5 Transcription 

Factor 

Up Novel - 

CSF2RA Receptor Up Novel - 

CXCL10 Chemokine Up Novel - 
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ESR1 protein is an estrogen hormone receptor that affects cellular proliferation and 

differentiation in target tissues. Reduced level of ESR1 expression was observed in 

TNBC tumors (Bender and Gabhann, 2013; Idowu et al., 2012; Yu et al., 2013). ERBB4 

(also named as HER4) is classified as a family member of the epidermal growth factor 

(EGF/ERBB) of receptor tyrosine kinases, which have significant roles in signaling 

pathways that are parts of cell division, migration, adhesion, differentiation, and 

apoptosis (Yarden and Sliwkowski, 2001). The ERBB family was proposed as a 

candidate for therapeutic studies (Saxena and Dwivedi, 2012). Downregulation of 

ERBB4 expression was reported in TNBC (Cascione et al., 2013; Hicks et al., 2013). 

FZD7 is a family member of the ‘frizzled’ gene family and encodes 7-transmembrane 

domain proteins that are receptors for WNT signaling proteins. Overexpression of 

several WNT pathway genes, including FZD7, was observed in TNBC patients (Dey et 

al., 2013; Yang et al., 2011). Moreover, FZD7 was reported as a crucial receptor for 

tumorigenesis of TNBC and it was proposed as a biomarker and a potential therapeutic 

target for TNBC (Yang et al., 2011). CSF2RA is a low affinity receptor that transduces 

signal resulting in proliferation, differentiation, and functional activation of 

hematopoietic cells. It further promotes JAK-STAT signaling pathway leading to 

activation of JAKs, and thereby regulating cell proliferation. Bailey and co-workers 

(2005) reported that CSF2RA was downregulated in MDA-MB-231 human breast 

cancer cells transfected with maspin. When genomic reprogramming in breast cancer 

tissues following treatment with 5-aza-2¢- deoxycytidine was analyzed, upregulation of 

CSF2RA expression was observed (El Baroudi et al., 2013). On the other hand, the 

association between CSF2RA receptor and TNBC is being reported for the first time in 

the present study. Three downregulated TFs, GATA3 (trans-acting T-cellspecific 

transcription factor GATA-3), MYB (transcriptional activator Myb), and FOXA1 

(forkhead box protein A1), and five upregulated TFs, MYC (myc proto-oncogene 

protein), STAT5A (signal transducer and activator of transcription 5A), ATF5 

(activating transcription factor 5), RELA (transcription factor p65), and CEBPB 

(CCAAT/enhancer-binding protein beta) were also reported as hub proteins. GATA3, a 

family member of zinc finger transcription factors, plays a role in human growth and 

differentiation. Dydensborg and colleagues (2009) addressed potential roles for GATA3 

in breast tumor lung metastasis and progression using an aggressive breast cancer cell 
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line and concluded that GATA3 inhibits primary breast tumor outgrowth and reduces 

lung metastatic burden by regulating key genes involved in metastatic breast tumor 

progression. The expression of GATA3 in breast cancer is correlated with the ER status, 

and loss of GATA3 causes tumorigenesis in ER + breast cancers (Mehra et al., 2005; 

Voduc et al., 2008). GATA3 is involved in differentiation of breast luminal cell and 

progression of breast cancer (Cimino-Mathews et al., 2013; Voduc et al., 2008). 

Additionally, GATA3 was proposed as an effective biomarker for metastatic breast 

carcinoma, especially triplenegative and metaplastic carcinomas (Chu et al., 2012; 

Cimino-Mathews et al., 2013). MYB is a DNA-binding transcription factor involved in 

cell proliferation, differentiation, and apoptosis (Drabsch et al., 2010). MYB acts as an 

oncogene that suppresses the differentiation and apoptosis of human breast cancer cells 

(Drabsch et al., 2010; Thorner et al., 2010). MYB is a target of estrogen signaling and 

known to be associated with ER positivity (Drabsch et al., 2007). However, there is 

limited research on the control mechanism of breast carcinoma progression and 

dissemination by MYB (Knopfova et al., 2012). FOXA1, also known as hepatocyte 

nuclear factor 3-alpha (HNF-3A), is a member of the forkhead class of DNA binding 

proteins, and plays a role in apoptosis, establishment of tissue-specific gene expression, 

and regulation of gene expression in differentiated tissues. FOXA1 is required for 

estrogen-induced ER transcriptional activation and repression, and FOXA1 also 

regulates ER expression in breast cancer cells, especially luminal A type (Nakshatri and 

Badve, 2009; Perou et al., 2010). It was also confirmed that FOXA1 is a TNBC-related 

gene (Bender and Gabhann, 2013; Prat et al., 2013). In TNBC patients, the low 

expression levels of the ESR1 and PR, which were targets of these downregulated hub-

TFs (GATA3, MYB, and FOXA1), were reported (Bender and Gabhann, 2013; Roll et 

al., 2013). MYC, one of the upregulated hub-TFs, is a proto-oncogene and plays roles in 

multiple signaling pathways, including those involved in cell growth, cell proliferation, 

metabolism, microRNA regulation, cell death, and cell survival (Dang, 1999; Eilers and 

Eisenman, 2008; Meyer and Penn, 2008). Furthermore, MYC signaling has been shown 

to be upregulated in high-grade mammary tumors with presumptive cancer stem cell 

properties (Ben-Porath et al., 2008; Wong et al., 2008). Several studies have identified a 

MYC transcriptional gene signature associated with the basal molecular subtype (Alles 

et al., 2009; Chandriani et al., 2009; Gatza et al., 2010). In addition, the upregulation of 
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MYC in TNBC and changing expression of MYC regulatory genes as a result of 

increasing activity of the MYC pathway were also reported (Horiuchi et al., 2012; 

Lehman et al., 2011; Liu et al., 2012b). STAT5A, a member of the STAT family of 

transcription factors, is also reported to be activated in breast cancer, though it is often 

associated with different tumor subtypes (Walker et al., 2009). STAT5A expression was 

upregulated by MYC, and altered MYC expression elevated antiapoptotic survival 

pathway in vivo involving STAT5A. It was suggested that MYC needed the activation 

of STAT5 as a mechanism to avoid apoptosis in the processes of tumor initiation and 

progression (Blakely et al., 2005). In addition, the upregulation of STAT5A by MYC 

was also reported in a subset of TNBC patients, indicating the promotion of metastasis 

(Liu et al., 2012a). RELA is classified in the NF-jB family that is involved in 

inflammation, immunity, differentiation, cell growth, tumorigenesis, and apoptosis. 

Howe and co-workers (2012) demonstrated that NF-jB activity was increased 6-fold in 

suspended TNBC cells, and identified RELA and NF-jB1 as the transcription factors 

responsible for suspension-induced upregulation of TRKB and NTF3 in anoikis-

resistant breast cancer cells. In another report, upregulation ofRELAwas demonstrated 

in TNBC (Zhu et al., 2013). CEBPB is an important transcriptional activator in the 

regulation of genes, playing a role in immune and inflammatory responses (Hasko et al., 

2008). Dysregulation of CEBPB was associated with the development and metastatic 

progression of breast cancer (Gomis et al., 2006) and upregulation of CEBPB in TNBC 

cell lines were reported (De Santi et al., 2011; Galluzzi et al., 2012). ATF5 is a member 

of the ATF/cAMP response element binding protein (CREB) family of basic zipper 

proteins that binds to several transcription regulatory DNA elements. Although several 

studies reported ATF5-induced promotion of gene regulation and cancer-specific cell 

survival in breast cancer cells (Dluzen et al., 2011; Li et al., 2009), its role in TNBC has 

not yet been investigated. Among the hub proteins, GSTM3 (glutathione S-transferase 

Mu 3) enzyme was downregulated, and CHEK2 (checkpoint kinase 2), UHRF1 (E3 

ubiquitin-protein ligase), and PTGS2 (prostaglandin G/H synthase 2) enzymes were 

upregulated. GSTM3 functions by binding glutathione to electrophilic xenobiotics to 

make them more water soluble and easier to excrete. Previously, Bieche and co-workers 

(2004) displayed higher mRNA levels of GSTM3 in ERa-positive breast tumors than in 

normal breast tissue, and higher mRNA levels of GSTM3 in ERa-positive breast tumors 
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than in ERa-negative breast tumors. Li et al. (2009) listed GSTM3 among 24 genes that 

represent signature of breast cancer. In addition, Yu and co-workers (2010) indicated 

that the catalyzing ability of GSTM3 in normal breast tissue contribute to protect 

against breast cancer. More recently, GSTM3 was reported as a novel marker in colon 

cancer (Meding et al., 2012). However, the possible role of GSTM3 in TNBC has not 

yet been investigated. CHEK2 is serine/threonine-protein kinase that is involved in 

checkpoint-mediated cell cycle arrest, activation of DNA repair, and apoptosis. It was 

also defined as a candidate tumor suppressor in breast cancer (Bartek and Lucas, 2003; 

Bosch et al., 2010) and was recently proposed as a potential biomarker for TNBC 

(Hicks et al., 2013). CHEK2 directly modulates the activities of TP53 and BRCA1 

through phosphorylation. Thus, targeting these pathways was proposed for therapeutics 

in TNBC (Tommiska et al., 2008). UHRF1 is a member of a subfamily of RING-finger 

type E3 ubiquitin ligases and is a key epigenetic regulator that impacts DNA 

methylation and chromatin modification. Previously, UHRF1 increased the proliferation 

of breast cancer cells by apoptosis inhibition, and therefore it was suggested that 

UHRF1 could be a new therapy target for breast cancer (Li et al., 2012). Komatsu and 

co-workers (2013) documented upregulation of UHRF1 in TNBC. Treatment of TNBC 

cells with withaferin A, which is an attractive phytochemical under investigation in 

various preclinical studies for treatment of different cancer types, lowered the 

expression of UHRF1 (Szarc vel Szic et al., 2014). PGH2 (PTGS2) encodes 

prostaglandin-endoperoxide synthase protein, also known as cyclooxygenase (COX), 

which is the crucial enzyme in prostaglandin biosynthesis, and acts both as a 

dioxygenase and as a peroxidase. Alteration of COX-2 expression was related with 

aggressive pathologic parameters and poor prognosis in many different carcinomas such 

as head and neck, colorectal, ovarian, and breast cancers (Ferrandina et al., 2002). It was 

also reported that COX-2 expression was positively correlated with poor prognosis in 

patients with TNBC, but not in patients with breast cancer and non-TNBC so it was 

proposed that COX-2 could be a useful prognostic factor of TNBC (Zhou et al., 2013). 

Another study demonstrated that the metastasis of TNBCs was promoted through the 

upregulation of EGFR and COX2 (Hsia et al., 2013). The chemokines IL1b (interleukin 

1, beta) and CXCL10 (C-X-C motif chemokine 10) were upregulated hubs. IL1b is a 

family member of the interleukin 1 cytokine that is involved in various cellular 
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processes including proliferation, differentiation, and cell survival/apoptosis. IL1b was 

reported among 45-gene signature of TNBC, and was shown to regulate TGFb, which 

plays a role in cellular proliferation network (Kuo et al., 2012). IL1b is known to be 

expressed in 90% of invasive breast carcinomas, and high IL1b content in tumors 

correlated well with tumors aggressiveness. Previously, IL1b was suggested as an 

effective target for cancer therapy of TNBC (Roberti et al., 2012). CXCL10 is involved 

in a chemokine CXC subfamily and is the ligand for the receptor CXCR3. CXCL10 

plays role in stimulation of monocytes, natural killer, and T-cell migration, and 

modulation of adhesion molecule expression. Datta and coworkers (2006) proposed that 

the Ras-induced regulation of CXCL10 and its receptor might be significantly involved 

in the development of human breast cancer through cancer cell proliferation. Mulligan 

et al. (2013) reported that CXCL10 affects the tumor microenvironment, and is involved 

in tumor invasiveness and progression as well. They proposed that the CXCL10–

CXCR3 axis can be as a potential target in BRCA1 and basal breast cancers. On the 

other hand, there is TNBC. The other hub proteins include KRT19, STC2, ARHGDIB, 

and RHOB. Downregulated KRT19 is a member of the keratin family. It was previously 

reported that TNBC tumor subtypes present differential expression of both basal-like 

cytokeratins (KRT5, KRT6A, KRT6B, KRT14, KRT16, KRT17, KRT23, KRT81) and 

luminal cytokeratins (KRT7, KRT8, KRT18, KRT19) (Lehmann et al., 2011). 

Moreover, the low expression level of KRT19 was confirmed in some other TNBC 

studies (Lehmann et al., 2011; Sparano et al., 2011). STC2 (stanniocalcin 2), a secreted 

homodimeric glycoprotein, is expressed in a wide variety of tissues, and may have 

autocrine or paracrine functions. Charpentier and coworkers (2000) confirmed that 

STC2 expression was positively associated with the ER status of breast carcinomas. The 

association between STC2 expression with longer disease free survival was also 

reported (Esseghir et al., 2007). Additionally, the relation of STC2 with cell invasion 

and metastasis in cells was documented (Tate et al., 2012). Two Rho related genes, 

ARHGDIB (rho GDP dissociation inhibitor (GDI) beta) and RHOB (ras homolog 

family member B), were downregulated and their association with TNBC was reported 

for the first time in the present study. ARHGDIB, also known as D4-GDI, was 

originally identified in T- and B- cells (Scherle et al., 1993), but it was later documented 

as being expressed in nonhematopoietic neoplasms cells as well, including ovarian 
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(Tapper et al., 2001), colon (Ota et al., 2004), and gastric (Cho et al., 2009) carcinoma. 

Zhang and Zhang (2006) presented that D4-GDI is selectively expressed in invasive 

breast cancer cell lines as compared to normal mammary epithelial cells. Then they 

identified that D4-GDI protein is upregulated in the early stages of cancer progression 

(hyperplasia and benign), followed by a decrease in malignant tumors and metastatic 

lymph nodes compared with normal breast tissues, suggesting the dual roles of D4-GDI 

in regulation of breast cancer progression (Rivera Rosado et al., 2011). RhoB is a family 

member of small GTPases, which are significant compounds involved in growth factor 

signal transduction pathways (Guilluy et al., 2011). RhoB is assumed as a modulator of 

growth factor signals since RhoB maintains the cellular trafficking of some key 

signaling elements such as EGF receptor (EGFR), platelet-derived growth factor 

receptor (PDGFR), and functions as sensor of cellular stress to provide an early 

response to EGF, TGF-b, and Src activation (Huang et al., 2008; Liu et al., 2001). The 

expression level of RhoB is altered in various human cancers such as ovarian (Couderc 

et al., 2008), lung (Mazieres et al., 2004), and head and neck squamous cell carcinoma 

(Adnane et al., 2002). Moreover, RhoB acts as a tumor suppressor in cancer that restrain 

EGF receptor (EGFR) to bind the cell surface, as well as inhibit Akt signaling 

(Kazerounian et al., 2013; Prendergast et al., 2001). Although there has been no 

investigation on TNBC cells, RhoB functions to promote expression of ERa and PR in a 

manner correlated with cell proliferation in human breast cancer (Medale-Giamarchi et 

al., 2013). 

3.3.2.3 Functional enrichment analyses 

According to pathway enrichment analyses of DEG sets, signaling pathways including 

B-cell receptor signaling, NK signaling, T-cell receptor signaling, chemokine signaling, 

JAK-STAT signaling, and apoptosis were significantly upregulated, whereas adherens, 

tight and gap junction pathways, regulation of actin cytoskeletal, complement and 

coagulation cascades, TGF-beta signaling and endocytosis pathways were 

downregulated in TNBC (Figure 3.17A). On the other hand, DEG sets included both 

upregulated and downregulated members of MAPK signaling, ErbB signaling, p53 

signaling, VEGF signaling, and mTOR signaling pathways (Figure 3.17B). 
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Figure 3.17. Enrichment results of molecular pathways. (A) Pathways either 

upregulated or downregulated. (B) Pathways including downregulated and upregulated 

members. Red: upregulation; green: downregulation. 

3.3.2.4 Transcriptional regulatory subnetworks 

Transcriptional regulation data for three downregulated (GATA3, FOXA1, MYB) and 

six upregulated (ATF5, CEBPB, FOXC1, MYC, STAT5A, RELA) hub TFs were 

assembled from the literature, and transcriptional regulatory subnetworks were 

reconstructed around these hub-TFs and their targeted DEGs. The transcriptional 

regulatory subnetwork around three downregulated hub-TFs consisted of 261 

transcriptional regulatory relations between these TFs and 161 downregulated DEGs 

(Figure 3.18A). Proteins associated with the targeted genes were mainly playing a role 

in response to hormone stimulus (p-value: 2.6 · 10
- 12

), cell differentiation (p-value: 1.3 

· 10
- 8

), response to estrogen stimulus (p-value: 1.4 · 10 
- 6

), and apoptosis (p-value: 5.1 · 

10
- 3

). Among the targets, four genes (ERBB2, RARA, BCL2L1, and BTG2) that 

participate in response to hormone stimulus (p-value: 6.5 · 10 
- 6

) and regulation of anti-

apoptosis (p-value: 1.1 · 10 
- 4

) were regulated by all three TFs (Figure 3.18B). Another 
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remarkable result is that three genes (SEMA3F, KRT19, and STC2) among core DEGs 

were co-expressed (with Pearson correlation coefficients of 0.98 and higher) and 

coregulated by these downregulated hub-TFs (Figure 3.18C). The upstream regulators 

of hub-TFs, GATA3, MYB, and FOXA1, were also explored (Figure 3.19). ESR1, 

CTNNB1, CD28, TLR2, and EP300 were the only upstream regulators, which were 

differentially expressed in the TNBC datasets. These proteins play roles in various 

signaling pathways including glucocorticoid receptor, RhoGDI, p53, Wnt/b, 

ERK/MAPK, estrogen receptor, and NF-jB signaling. The transcriptional regulatory 

subnetwork around six upregulated hub-TFs consisted of 278 transcriptional regulatory 

relations between 5 TFs and 217 upregulated DEGs (Figure 3.20A). Proteins associated 

with the targeted genes were mainly involved in cell proliferation (p value: 1.3·10
-27

) 

and regulation of apoptosis (p value: 5.4·10
-23

) processes, and have a role in cell cycle 

(p value: 1.5·10
-8

), p53 signaling (p value: 5.4·10
-8

), and JAK-STAT signaling (p value: 

4.4·10
-7

) pathways. The highly connected module of the subnetwork consisted of 33 

regulatory interactions between four upregulated hub-TFs and ten target genes regulated 

by more than three hub TFs (Figure 3.20B). The target genes, IFNG, IL6, and TNF, 

were regulated by all four TFs (RELA, CEBPB, STAT5A, and MYC). The module was 

enriched with the members of the JAK-STAT pathway (Gira et al., 2009; Vaclavicek et 

al., 2007). The transcriptional regulatory module including core-TFs and their targets 

among upregulated core DEGs (Figure 3.20C) included genes which were mainly 

involved in cell proliferation, immune system, apoptosis, and cell cycle. The roles of 

TFs, RELA, and CEBPB, and the targeted core DEGs, CXCL10, IL1b, and PTGS2, in 

TNF signaling were previously reported in several studies (Pan et al., 2010; Qi et al., 

2009; Wang et al., 2011). 
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Figure 3.18 (A) Transcriptional regulatory subnetwork of downregulated hub-TFs. (B) 

Highly connected module in the regulatory subnetwork. (C) A transcriptional regulatory 

module including downregulated core-TFs and their targets among core DEGs. 

 

Thirty-nine upstream regulators of MYC, RELA, and CEBPB were differentially 

expressed in TNBC datasets (Figure 3.21A). The pathway enrichment analysis of these 

genes indicated that 10 of these proteins were involved in MAPK signaling pathway (p-

value: 1.9×10
-5

). EGFR and TNF were the only regulators, which affect more than one 

TF. EGFR regulates CEBPB and MYC, and TNF regulates MYC and RELA. These 

regulations highlighted MAPK signaling, glucocorticoid receptor, colorectal cancer 

metastasis, IL6, ILK, and NF-jB signaling pathways (Figure 3.21B). Among these 

proteins, MYC, TNF, EGFR, and RELA were identified as biomarkers in a wide range 

of cancer types (Figure 3.21C). CEBPB was not defined as a specific biomarker 

previously but our analyses indicated CEBPB as a candidate biomarker for TNBC. 
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Figure 3.19 Upstream regulators of downregulated hub TFs. 

 

The core down- and upregulated transcriptional regulatory networks (core TFs and their 

core targets) in which all genes were differentially expressed in at least three microarray 

datasets and more than 150 TNBC samples (Figure 2.18C and Figure 3.20C) were 

constructed individually. These networks specified the major regulatory mechanism of 

TNBC. The downstream targets, SEMA3F, KRT19, STC2, and ESR1, which were also 

‘‘core DEGs,’’ and the upstream regulators CTNNB1, EP300, CD28, and TLR2 

constructed the downregulated transcriptional regulatory network of TNBC. Although 

the role of SEMA3F was not completely enlightened in TNBC, Bender and Gabhann 

(2013) reported reduced expression level of SEMA3F in TNBC. SEMA3F was also 

explored as an inhibitor of tumor angiogenesis (Kessler et al., 2004) and characterized 

as a tumor suppressor gene (Xiang et al., 2002). Our study highlighted SEMA3F as a 

potential effective anti-angiogenic therapeutic target in TNBC. 
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Figure 3.20 (A) Transcriptional regulatory subnetwork of upregulated hub-TFs. (B) 

The highly connected module in the regulatory subnetwork. (C) The transcriptional 

regulatory module including core-TFs and their targets among upregulated core DEGs. 

Cytokeratins represent one of the most important elements of cytoskeleton in epithelial 

cells of humans and animals (Moll et al., 1982). Cytokeratins undergo the process of 

ubiquitination (taking place during proteasome-mediated protein degradation), which 

results in modification of structure and, indirectly, function of various proteins. 

Deformed cytokeratins disrupt shape of cytokeratin network in the cytoplasm, and 

destroy the natural cytoskeleton structure. Accumulation of the altered proteins 

increases aggressiveness and invasiveness character of the cells. Furthermore, processes 

of mitosis and apoptosis become disturbed, which promotes immortality of the altered 

cells (Iwaya and Mukai, 2005). Moreover, cytokeratins were applied in evaluation of 

the degree to which a tissue is abnormally differentiated (Galus and Wlodarski, 2007). 

Patients with CK-19 mRNA positive cells in their peripheral blood have a significantly 

increased probability for distant relapse and decreased overall survival (Stathopoulou et 

al., 2002). 
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Figure 3.21 (A) Upregulated upstream regulators and their hub TFs network. (B) 

Upstream regulators which affect more than one TFs. (C) Biomarkers in different 

cancer types. 

The cytokeratins are proteins expressed in a majority of epithelial tumors and in most of 

the cells of these tumors (Pantel et al., 1999). While the administration of cytotoxic 

chemotherapy does not completely eliminate CK-positive tumor cells (Braun et al., 

2000), possibly because of the dormant and noncycling nature of these cells, other 

treatments, such as monoclonal antibodies, may prove to be more effective (Braun et al., 

1999). The upregulated transcriptional regulatory network included transcriptional 

factors, MYC, RELA, and CEBPB and the downstream targets, CXCL10, IL1b, and 

PTGS2, which were also ‘‘core DEGs’’ (Figure 22C). IL1b and CXCL10 are 

chemokines that play roles as regulators of cell proliferation, differentiation, migration, 

and invasion. IL1b were reported to be related with tumor aggressiveness and was 

proposed to be an effective target for TNBC therapy (Roberti et al., 2012). Furthermore, 

although another upstream regulator, CXCL10, was suggested as a potential target for 
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basal breast cancers (Mulligan et al., 2013), the role of CXCL10 in TNBC has not been 

investigated yet. PTGS2 is the crucial enzyme in prostaglandin biosynthesis. It was 

demonstrated that the metastasis of TNBCs was promoted through the upregulation of 

EGFR and COX-2 (Hsia et al., 2013). IL1b (as an inflammatory cytokine), PTGS2 (as a 

mediator of synthesis of inflammatory), and CXCL10 (as leukocyte recruitment), 

together with transcription factors RELA and CEBPB, indicated the significance of 

TNF signaling pathway. The role of TNF signaling pathway in TNBC has not been 

explored yet, although the roles of WNT signaling pathway and JAK-STAT signaling 

pathways in TNBC were investigated previously. Regulatory network analysis 

highlighted the importance of JAK-STAT and TNF signaling pathways and pinpoint 

specific targets (MYC, CEBPB, IL1b, CXCL10, and PTGS2) for therapeutic targeting 

since they were identified in more than 150 TNBC samples. The present study for the 

first time demonstrated an extensive characterization of the transcriptional regulatory 

network with both down- and upstream regulators of the TNBC that elucidate the 

candidate therapeutic targets. The effective therapeutics that disturb the transcriptional 

regulatory network of TNBC may also affect the function of multiple downstream genes 

and their associated pathways simultaneously so the efficiency of therapeutics increases 

within the treatment period. 

3.3.3 Integrative analysis of esophageal squamous cell carcinoma  

3.3.3.1 Differentially expressed genes  

We obtained publicly available microarray datasets (Table 1) from the NCBI-GEO for 

esophageal squamous cell carcinoma (ESCC), which includes normal and ESCC tissue 

samples consisting of 182 paired-tissues from 91 patients.  

As a result of statistical analyses of 5 datasets, a total of 1582 and 1078 genes were 

identified as down and up-regulated, respectively (Table 3.11), and analyzed further. 

Although difference between the number of down- and up-regulated genes were not 

significant in Affymetrix platforms, the difference was considerable in Agilent Platform 

which may indicate a possible effect of platform choice in detection of DEGs. 
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Table 3.11 Statistical results for differentially expressed genes of ESCC. 

NCBI-GEO ID # of down-regulated genes # of up-regulated genes Total # of genes 

GSE17351 228 307 535 

GSE20347 738 625 1363 

GSE23400 283 271 554 

GSE29001 321 312 633 

GSE45350 1005 363 1368 

Total (unique) 1582 1078 2660 

 

30 down-regulated and 21 up-regulated genes, so-called core DEGs, were differentially 

expressed in all of the 91 ESCC patients (Figure 3.22).  

 

 

 

Figure 3.22 Comparison of the DEGs. (A) Down-regulated genes, (B) Up-regulated 

genes. Core DEGs are represented below the Venn schemes.  

Among down-regulated core DEGs, 9 genes (ACPP, ADH1B, CYP3A5, CYP4B1, 

ENDOU, FMO2, GPX3, HPGD, and MGLL) encode enzymes, 6 DEGs (ABLIM1, 

AHNAK, KANK1, MAL, RAB11A and SIM2) were playing role in nervous system, 4 
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DEGs (CAST, CLCA4, CRNN and NUCB2) were related to calcium metabolism, 

SCNNB1 was related to sodium metabolism, 4 DEGs (KANK1, MGLL, RRAGD and 

SASH1) were signaling proteins, 2 DEGs (CRISP3 and SPINK5) were involved in 

immune response, UPK1A and SPINK5 were playing role in cell differentiation, 

CREB3,  DYNLT3 and EMP1 were involved in cell proliferation, cell cycle and 

translation, respectively. Additionally, the biological processes of C2orf54 and UBL3 

were unknown. 8 (CRNN, EMP1, GPX3, HPGD, KANK1, MAL, SASH1 and UPK1A) 

of 30 down-regulated genes were identified as TSGs in TSGene Database. 

Among up-regulated core DEGs, 7 DEGs (BUB1, MMP11, MMP13, MCM2, NEK2, 

PLAU, and UBE2C) were enzymes, 5 DEGs (BGN, COL1A1, COL10A1, MMP13 and 

SERPINH1) were related with collagen, 9 DEGs (BUB1, CENPA, FOXM1, LAMC2, 

MCM2, NEK2, UBE2C, ECT2, RFC4) were associated with cell cycle, cell division 

and mitosis, 2 DEGs (HOMER3 and KIF4) were signaling proteins, FNDC3B and 

MARCKSL1 were involved in fat cell differentiation and cell proliferation, respectively 

and TRIP13 was a hormone dependent transcription factor. Furthermore, MMP11 was 

identified as TSG in the TSGene Database. 

The associations of 6 down-regulated core DEGs (ACPP, C2orf54, DYNLT3, ENDOU, 

FMO2, and KANK1) and 5 up-regulated core genes (COL10A1, FNDC3B, HOMER3, 

MARCKSL1, and RFC4) with ESCC were reported for the first time in the present 

study. 

The key molecules involved in ESCC: Receptors, Transcriptional Factors and Tumor 

Suppressor Genes: We explored down- and up-regulated receptors by curating DEGs to 

highlight the signaling mechanisms associated with ESCC. 61 and 56 receptors were 

down and up-regulated, respectively. Interleukin receptors, lysophosphatidic acid 

receptors, nuclear receptors and olfactory receptors were mainly down-regulated. 

Whereas up-regulated receptors included high affinity immunoglobin epsilon receptors, 

low density lipoprotein receptors and tumor necrosis factor receptors. Several members 

of the G-protein coupled receptors were either down- or up-regulated. Four down-

regulated (CXCR2, EPHA1, EPHA2, and TLR3) and seven up-regulated receptors 

(F2R, HMMR, IGF1R, MET, PLAUR, TFRC, and TNFRSF10B) have previously been 

reported to be associated with ESCC. 
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In addition, 15 and 17 transcriptional factors (TFs) were down- and up-regulated, 

respectively. Three main families were remarkable in up-regulated TFs; basic leucine 

zipper family, E2F family and runt-related TFs, whereas down-regulated TFs were not 

enriched in any superfamily. Two down-regulated (CLOCK and SSBP2) and six up-

regulated TFs (E2F1, HLTF, RUNX3, STAT1, TCF3 and TWIST) were previously 

shown to be associated with ESCC. 

Tumor suppressor genes (TSGs) are a group of guardian genes that play critical roles in 

controlling cell proliferation processes such as cell cycle checkpoints and apoptosis. 

They may influence cancer development by loss-of-function. Identification of these 

genes and understanding their function is critical for further investigation of 

tumorigenesis. TSGs were explored through TSGene Database (Zhao et al., 2013) and 

manual curation in PubMed.  

Among the 716 TSGs present in TSGene Database, 68 and 58 TSGs were down and 

upregulated, respectively. In addition, manual curation of literature (for >300 

publications) resulted in 78 TSGs associated with ESCC. Among those 12 TSGs 

CACNA2D3, CDKN2A, CRNN, EMP1, FBXW7, KLF5, PLCD1, PTK6, RAB25, 

RBMS3, S100A14, UPK1A) were down-regulated and 4 TSGs (COL4A1, IGFBP3, 

RUNX3, TP63) were up-regulated, in the present study.  

3.3.3.2 Reconstruction and analysis of active PPI subnetworks 

The interactions associated with proteins corresponding to core 30 down-regulated and 

21 up-regulated genes were collected that the networks related with down-regulated and 

up-regulated genes comprised of 243 interactions among 245 proteins and 775 

interactions among 728 proteins, respectively (Figure 3.23). Analyses of reconstructed 

networks identified a set of proteins as hubs which deserve attention for further 

experimental studies, since they indicate significant potential for being candidate 

biomarkers for ESCC.   
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Figure 3.23 Reconstructed protein interaction networks around core DEGs (hubs are 

emphasized). (A) PPI network of down-regulated genes, (B) Topological properties of 

down-regulated hubs, (C) Topological properties of up-regulated hubs, (D) PPI network 

of up-regulated genes. 

Down-regulated hub proteins were clustered into 4 groups: i) enzyme (ADH1B), ii) 

calcium-sodium associated proteins (AHNAK, CAST, NUCB2 and SCNNB1), iii) 

proteins in signaling pathways (SASH1, RRAGD), and iv) proteins in nervous system 

(ABLIM1, AHNAK, CAST, NUCB2, SIM2, RAB11A). On the other hand, up-

regulated hubs were classified into 4 groups:  i) enzymes (MCM2, NEK2 and UBE2C), 

ii) collagen related proteins (COL1A1 and SERPINH1), iii) proteins in cell cycle and 

division (CENPA, FOXM1, MCM2, NEK2, RFC4, TRIP13), and iv) signaling protein 

(HOMER3) (Table 3.12). 

Most cellular components interact with each other to accomplish biological functions 

and biological processes were carried out by interacting proteins and metabolites in cells 

and tissues. Here, we presented a network reconstruction and analysis approach to 
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uncover the ESCC driven pathways and biomarkers. In this context, biological networks 

were represented by a graph theoretical modeling, and topological properties of graphs, 

such as degree and betweenness connectivity were explored to identify hub proteins.  

Table 3.12 Hub proteins of the reconstructed PPI networks in ESCC. 

Protein 

Symbol 

Molecular Function Direction of 

Regulation 

Novelty References 

ADH1B Enzyme Down Known Wu et al., 2013 

ICAL Proteins in nervous 

system 

Down Known Liu et al., 2006 

ABLM1 Proteins in nervous 

system 

Down Known Ling et al., 2010 

NUCB2 Proteins in nervous 

system 

Down Known Sato et al., 2006 

SCNNB Calcium-sodium 

associated protein 

Down Known Nakamura et al., 2011 

SIM2 Proteins in nervous 

system 

Down Known Uchikado et al., 2006 

RB11A Proteins in nervous 

system 

Down Known Kazemi-Noureini et al., 

2004 

SASH1 Signaling protein Down Known Su et al., 2011 

RRAGD Signaling protein Down Known Nakamura et al., 2011 

AHNK Calcium-sodium 

associated protein 

Down Known Fan et al., 2012 

SERPH Collagen related 

protein 

Up Known Kwon et al., 2009 

CENPA Proteins in cell cycle 

and division 

Up Known Tao et al., 2012 

CO1A1 Collagen related 

protein 

Up Known Wong et al., 2012 

FOXM1 Proteins in cell cycle 

and division 

Up Known Hui et al., 2012 

LAMC2 Heparin binding Up Known Hansen et al., 2008 

MCM2 Enzyme Up Known Kato et al., 2003 

NEK2 Proteins in cell cycle 

and division 

Up Known Li et al., 2014 

RFC4 Proteins in cell cycle 

and division 

Up Novel This study 

PCH2 Proteins in cell cycle 

and division 

Up Known Zhang et al., 2010 

HOME3 Signaling protein Up Novel This study 

UBE2C Enzyme Up Known Kashyap et al., 2009 
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Remarkably, 6 of 10 down-regulated hub proteins indicated the importance of nervous 

system in ESCC. The nervous system has a key role in cell migration so that supports 

metastasis at least two ways. Firstly, cell migration is known to be induced by 

neurotransmitters that also regulate some part of metastasic multi-step process. 

Secondly, nerve fibers can be used by tumor cells as routes for invasion and emigration 

from the primary tumors (Voss et al., 2010).  Additionally, neuropeptides were shown 

to be involved in regulation of tumor growth and differentiation that is why neural 

factors could affect the tumorgenesis and tumor development (Tallet et al., 1996; Lu et 

al., 2003). Lu and coworkers (2003) suggested that esophageal and cardiac carcinomas 

were innervated by peptidergic nerve fibers, which are important for the extention of 

neuronal processes. A few studies focused on nervous system related genes such as 

CD171 (Rawnaq et al., 2009) and NGF (Tsunoda et al., 2006) in ESCC and these were 

proposed as potential therapeutic targets. However, the connection between ESCC and 

nervous system has not been clarified yet. Another significant aspect was the calcium 

related 4 of 10 hub proteins. Calcium regulates the switch between proliferation and 

differentiation (Dotto, 1999). Intracellular calcium concentration is transduced by the 

'activation' of Ca
2+

-binding proteins and calcium- and phospholipid-binding proteins 

(Kerkhoff et al., 1999). Luo and coworkers (2004) found that expression levels of 

several calcium associated genes were reduced in ESCC. Moreover, they proposed that 

calcium was involved in esophageal epithelium proliferation and differentiation and the 

progress of ESCC but there is limited information about calcium mechanisms in ESCC 

in literature.  

ABLIM1 (Actin Binding LIM Protein 1) was reported to be localized in a genomic 

region often deleted in human cancers and was proposed to play a role in axon guidance 

(Krupp et al., 2006). It was also suggested to provide connection between the actin-

based cytoskeleton and signaling pathways (Roof et al., 1997). ABLIM1 was reported 

to be a candidate tumor suppressor gene (Kim et al., 1997) and was regulated in ESCC 

(Ling et al., 2010). ADH1B (Alcohol Dehydrogenase 1B, Beta Polypeptide) is the key 

enzyme that metabolizes ethanol consumed in alcohol beverages to acetaldehyde, and 

then to acetate (Yokoyama et al., 2005).  ADH1B plays a significant role in determining 

the the risk of developing ESCC (Ye et al., 2014; Wu et al., 2013; Zhang et al., 2010). 

AHNAK (Desmoyokin) has been recently linked to several biological processes 
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including calcium regulation, actin cytoskeleton, cellular migration and invasion (Haase 

et al., 1999; Gentil et al., 2001). Moreover, it was investigated in head and neck cancer 

(Dumitru et al., 2013), breast cancer (Leong et al., 2012) and acute myeloid leukemia 

(Mougeot et al., 2011). AHNAK was also reported to be dysregulated in rat esophagus 

(Seguin et al., 2011) and has been implicated in human ESCC (Fan et al., 2012).  

Further investigation is needed to study the role of AHNAK in ESCC. CAST 

(Calpastatin) is an endogenous inhibitor of calpain (calcium-dependent cysteine 

protease) (Hanna et al., 2008).  Its depletion induced calpain dysregulation and resulted 

in cytoskeleton disruption and neurodegeneration (Rao et al., 2008). Calpain/calpastatin 

expression levels are effective markers for predicting the sensitivity of human 

esophageal carcinoma cells to treatment (Liu et al., 2006). NUCB2 (Nucleobindin 2) is a 

calcium binding protein involved in signaling adaptive responses and controls the body 

functions associated with energy reserves.  It also behaves as an integral regulator of 

energy homeostasis and closely related neuroendocrine functions (Garcia-Galiano et al., 

2010). NUCB2 interacts with a G protein-coupled receptor, and regulates calcium 

inflow through the activation of protein kinase A in neurons and is altered in many 

diseases including epilepsy, diabetes, and anxiety (Aydin, 2013). NUCB2 was reported 

to be down-regulated in ESCC (Sato et al., 2006; Uchikado et al., 2006).  RAB11A (Ras-

Related Protein Rab-11A) plays part in secretory pathways, vesicle trafficking and 

apical recycling system in epithelial cells (Rodman and Wandinger-Ness, 2000). 

RAB11A also facilitates cell migration by internalizing integrins at the rear of cell and 

transporting them forward at the leading edge to form new contacts with the extra 

cellular matrix (Kamei et al., 1999). It transported molecules in neurons, where it 

governed the traffic of AMPA receptors in dendrites during long-term potentiation 

(Park et al., 2004; Brown et al., 2007; Correia et al., 2008) and axonal trafficking of Trk 

receptors (Ascano et al., 2009), recycled endosomes lead to the trafficking of membrane 

proteins into axons (Kamiguchi et al., 2003; Winckler  et al., 2004). The alterations of 

RAB11A expression were reported in ESCC (Kazemi-Noureini et al., 2004). RRAGD 

(Ras-Related GTP Binding D) plays significant role in the activation of the TOR 

signaling cascade by amino acids (Sancak et al., 2010). RRAGD was also defined as 

down-regulated genes (Nakamura et al., 2011). SASH1 (SAM and SH3 Domain 

Containing 1) was suggested to have a role in signaling pathways (Zeller et al., 2003).  



96 
 

It was reported as tumor suppressor gene in breast and colon cancer (Zeller et al., 2003; 

Rimkus et al., 2006). Su and coworkers have reported SASH1 in the list of down-

regulated genes in ESCC (Su et al., 2011) but did not characterize its role. SCNN1B 

(Sodium Channel, Non Voltage Gated 1 Beta Subunit) is one of three homologous 

subunits forming the amiloride-sensitive epithelial sodium channel (Voilley et al., 

1995). SCNN1B coding CACNA1G and CALCA1I were shown to be found in human 

tumors (Jacinto et al., 2007). SCNN1B was proposed to have role in sodium, calcium, 

potassium, and chloride channels that regulated cell proliferation, migration, and 

invasion (Jacinto et al., 2007). SCNN1B was included in the list of down-regulated 

genes in ESCC (Nakamura et al., 2011).  SIM2 (Single-Minded Family BHLH 

Transcription Factor 2) encodes transcription factors involved in brain development 

(Rachidi et al., 2005) and neuronal differentiation (Goshu et al., 2004). It might be 

playing a role in pathogenesis of solid tumors, and was suggested as a molecular target 

for cancer therapy (DeYoung et al., 2003). The overexpression of SIM2-s was related 

with tumors of the colon, pancreas and prostate (Halvorsen et al., 2007). It was only 

listed in a table of suppressed genes that correlated with lymph node metastasis in 

ESCC (Uchikado et al., 2006). 

Apparently, the importance of cell cycle was pointed out through the up-regulated hub 

proteins. It was reported that deregulation of cell cycle proteins induced the cell 

proliferation that lead to cancer. The cell cycle proteins that provided integrated 

information transduced through upstream signaling networks was suggested to be an 

alternative target for diagnostic and therapeutic interventions. Analysis of several 

mitotic proteins in human tissues contributed to identification of novel biomarkers for 

cancer detection and yielded target validation for cell cycle-directed therapies (Williams 

and Stoeber, 2012). 

CENPA (Centromere Protein A) recruits kinetochore components to centromeres 

(Palmer et al., 1991) and is situated in the inner kinetochore plate throughout the cell 

cycle (Guo et al., 2008). It is overexpressed in colorectal cancer cells (Tomonaga et al., 

2003) and up-reguated in ESCC (Tao et al., 2012). COL1A1 (Collagen, Type 1, Alpha 

1) was reported to induce disruption of cell cell contacts and promote proliferation of 

pancreatic carcinoma cells (Koenig et al., 2006). The up-regulation of collagen genes in 

primary tumors with metastatic potential is consistent with recent observations that 
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epithelial-mesenchymal interactions are critical determinants of tumor cell behavior 

(Olumi et al., 1999). High levels of type 1 collagen have been reported in metastatic 

lesions as well as in the serum of individuals with metastatic disease (Ramaswamy et 

al., 2003). COL1A1 was documented as an up-regulated hub in ESCC (Wong et al., 

2009; Sakamoto et al., 2010). FOXM1 (Forkhead Box M1) is a member of the Forkhead 

transcription factor family that is involved in metabolism and development, cell 

proliferation, apoptosis and invasion, longevity, and cancer (Myatt and Lam, 2007). It 

controls the cell cycle by modulating the transcription of various cell cycle-related 

genes (The et al., 2002). FOXM1 over expression has been repored in basal cell 

carcinomas, glioblastomas, non-small-cell lung cancers, and breast cancers. These 

results proposed a role for FOXM1 in tumor initiation and progression (Wierstra and 

Alves, 2007). Cytoplasmic FOXM1 was also suggested to be a biomarker for ESCC 

(Hui et al., 2012). HOMER3 (Homer Scaffolding Protein 3) has a key role in the 

differentiation and development of some tissues (e.g., muscle and nervous system) 

(Ishiguro et al., 2004; Shiraishi et al., 2004; Bortoloso et al., 2006). The up-regulation of 

HOMER3 is implicated in in the occurrence and development of acute myeloid 

leukemia (Li et al., 2013). In this study, HOMER3 was reported for the first time in 

ESCC. MCM2 (Minichromosome Maintenance Complex Component 2) is involved in 

regulating eukaryotic DNA replication (Bell and Dutta, 2002) and has been investigated 

in bladder, cervical, and colon cancer. MCM proteins are considered useful biomarkers 

that reflect the cell cycle state (Huang et al., 2011). MCM2 was shown to be necessary 

for ESCC development (Tao et al., 2012) and could prove to be a useful proliferative 

biomarker of esophageal epithelium (Huang et al., 2011). NEK2 (NIMA-Related Kinase 

2) regulates cell cycle (Fry, 2002). NEK2 protein was up-regulated in several cancers 

including cervical, ovarian, breast, prostate, and leukemia (Hayward et al., 2004). Yan 

and coworkers (2012) demonstrated up-regulation of NEK2 in ESCC. RFC4 

(Replication Factor C4) seems to be overexpressed in cancer cells including the lung, 

prostate, colon, stomach, and skin (Jung et al., 2009). Upon DNA damage, the 

checkpoint kinases Chk1 and Chk2 phosphorylate and activate FOXM1, which in turn 

activated the expression of genes important for homologous recombination, including 

RFC4 (Zhao et al., 2012). This study reports RFC4 for the first time as being 

overexpressed in ESCC. SERPINH1 (Serpin Peptidase Inhibitor) binds specifically to 
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collagen, which is a major component of ECM in tissues such as skin and bone and also 

takes part in the biosynthetic pathway of collagen (Widmer et al., 2012). SERPINH1 

was reported to be differentially expressed in ESCC (Wong et al., 2013; Sugimoto et al., 

2007) and was proposed as a potential biomarker for squamous cell carcinoma of the 

head and neck (Schaaij-Visser et al., 2010). TRIP13 (Thyroid Hormone Receptor 

Interactor 13) is a thyroid receptor interacting protein (Lee et al., 1995) and TRIP13 (by 

its interaction with CMT2) was involved in cancer progression as spindle checkpoint 

defects were shown to contribute to loss of chromosome integrity, which aneuploidy, a 

common feature of cancer cells (Bharadwaj and Yu, 2004). Moreover, it was reported as 

up-regulated genes in ESCC (Tao et al., 2012; Zhang et al., 2010). UBE2C (Ubiquitin-

Conjugating Enzyme E2C) has a critical role in M-phase cell-cycle progression by 

inactivating the M-phase check point (Reddy et al., 2007). UBE2C was overexpressed 

in various types of solid tumors including breast cancer, colon cancer, gastro-

esophageal cancer, lung cancer, ovary cancer, thyroid cancer and late-stage prostate 

cancer (Wagner et al., 2004; Lin et al., 2006; Fujita et al., 2009; Wang et al., 2009). 

UBE2C was listed as up-regulated gene in ESCC (Sugimoto et al., 2007; Kashyap et al., 

2009).  

Literature search was performed by curated ESCC genes using three extensive sources: 

i) Agrawal and coworkers (2012) conducted exomic sequencing on 12 ESCC cases 

from the United States to explore its genetic origins and identified high confidence 

mutations on 893 genes in ESCC patients, ii) Lin and co-workers (2009) performed a 

detailed literature survey, reviewed protein alterations, and presented 221 altered 

proteins in ESCC, iii) 101 genes were associated with ESCC in GAD, which is a 

database of genetic association data from complex diseases and disorders. The 

comparative analysis of ESCC-associated gene lists from these three independent 

studies demonstrated unequal distribution of genes, i.e., only two genes (TP53 and 

CDKN2A) were common in all sets.  CDKN2A, a known TSG was also reported in our 

down-regulated core genes list (Figure 3.24). 
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Figure 3.24 The literature-curated ESCC gene pool from three different sources. 

Down-regulated hub protein, ADH1B is stated as ESCC related gene in GAD but there 

is no ESCC specification for other hubs. However, physical interacting partners (1st 

neighbors) of these hubs were searched for the relation with known ESCC genes. 7 of 

10 (ADH1B, AHNAK, CAST, NUCB2, RAB11A, SASH1, and SCNN1B) have 

interacting partners, which are ESCC associated genes (based on literature search). 

Furthermore, AHNAK interacts physically with TSGs (CDKN2A), which is known 

gene associated with ESCC. These results indicated the power of interactome to identify 

disease specific genes. On the other hand, ABLIM1, RRAGD and SIM2 do not have 

any known interacting partner related with ESCC in these literature sources. 

We also explored the interacting partners of 20 core up-regulated genes. 9 hub proteins 

(CENPA, COL1A1, FOXM1, HOMER3, MCM2, NEK2, RFC4, SERPINH1, and 

TRIP13) had interacting partners except UBE2C that were known to be associated with 

ESCC. Additionally, the interacting partners of COL1A1, FOXM1, MCM2, and NEK2 

were TSGs of ESCC. COL1A1 interacts with IGFBP3 and MCM2 interacts with 

CDKN2A.  IGFBP3 and CDKN2A were also in our DEGs list. FOXM1 interacts with 

CDH1 which was known ESCC related TSG. 
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3.3.3.3 Functional enrichment analysis 

Through disease enrichment analysis, we found associations of ESCC with other cancer 

forms such as prostate cancer (p-value: 0.021) and colorectal cancer (p-value: 0.040).  

The gene-disease associations revealed that down-regulated genes were mainly involved 

in esophageal cancer, prostate cancer, and hepatitis; while up-regulated genes were 

predominantly associated with abdominal aortic aneurysm, rheumatoid arthritis, brain 

aneurysm, colorectal cancer, periodontitis, systemic sclerosis, and gastric ulcer. 

 

 

Figure 3.25 Pathway enrichment analysis results for (A) Down-regulated genes and (B) 

Up-regulated genes. 

The pathway enrichment analysis mapped significant pathways via, KEGG, 

REACTOME and PANTHER databases. We applied a rigid p-value cutoff of 10
-4

 in 

order to focus only on the highest quality predictions. The down-regulated genes were 

associated with diverse metabolic pathways including arachidonic acid metabolism, 

valine, leucine and isoleucine degradation, histidine metabolism, drug metabolism, 

propanoate metabolism, leukocyte transendothelial migration, biological oxidations and 

metabolism of lipids and lipoproteins (Figure 3.25A). On the other hand, up-regulated 

genes highlighted cell cycle and several signaling pathways such as p53 signaling, 

integrin signaling, platelet-derived growth factor (PDGF) signaling and plasminogen 

activating cascade (Figure 3.25B). 

GO process enrichment analysis indicated significant down-regulation of epidermis and 

ectoderm development, oxidation-reduction, lipid metabolism (lipid metabolic process, 

monocarboxylic acid metabolic process, icosanoid metabolic process, organic acid, 

carboxylic acid, oxoacid metabolic processes) and protein-DNA complex assembly 
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process under ESCC (Figure 3.26). The GO biological process enrichment analysis 

revealed up-regulation of cell cycle, cell proliferation, collagen metabolic process, and 

extracellular matrix organization. 

The pathway enrichment analyses highlighted the molecular mechanisms of ESCC that 

the down-regulated core genes were associated with diverse metabolic pathways, while 

up-regulated core genes involved in cell cycle and several signaling pathways. 

The most significant down-regulated pathway in this study involves arachidonic acid 

(AA) metabolism (p-value < 10
-6

), which is related to many different biologically active 

lipids playing role in apoptosis and cell proliferation. The down-regulation of AA 

metabolic pathway in esophageal cancers was also reported by previous studies (Zhi et 

al., 2003). Moreover, Zhi and coworkers (2003) proposed that better diagnostic and 

treatment approaches could be developed by further investigation of AA metabolism 

involved in ESCC. Other down-regulated vital pathways included 5-Hydroxytryptamine 

degradation, biological oxidations and metabolism of lipids and lipoproteins. There is 

not much known about 5-Hydroxytryptamine degradation in ESCC, however, Wang 

and coworkers demonstrated that low-density lipoproteins, high-density lipoproteins 

and total cholesterol were reduced in ESCC patients. They also found decreased levels 

of antibodies against biologically oxidized low-density lipoproteins in ESCC patients 

(Wang et al., 2008). 

The up-regulated pathways: i) cell cycle: the majority of cell cycle regulators were 

either disabled or activated in ESCC thus they probably played significant roles in this 

disease (Smeds et al., 2002; Lin et al., 2009),  ii) ECM-receptor signaling: the migration 

of tumor cells is related with the degradation of the extracellular matrix (ECM) (Gu et 

al., 2005). Transformation of ECM is an essential factor for various physiological and 

pathological processes, including tissue formation and development, cell proliferation 

and differentiation, as well as invasion and metastasis of neoplastic cells. ECM 

remodeling is also a regulator of stromal-epithelial interactions during carcinogenesis 

(Groblewska et al., 2012). Several differentially expressed ECM genes, such as 

MMP13, MMP11 and EMP1 which were also listed as DEGs in the present study, are 

reported to be involved in ESCC (Kashyap et al., 2009), iii) p53 signaling pathway: 

deactivation of the p53 pathway was caused by the p53 mutation itself, overexpression 
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of the MDM2 protein or p14ARF hypermethylation, resulting in disabling of 

esophageal cell cycle arrest and apoptosis (Lin et al., 2009), iv) Integrin signaling 

pathway: important cellular processes critical to tumor development and progression, 

including cell proliferation, cell survival, angiogenesis, cell motility, and invasiveness 

that was known to play a critical role in driving ESCC were influenced (Tong et al., 

2012), v) PDGF signaling pathway: most significant cancer associated pathway and  

targeted by tyrosine kinase inhibitors in some cancers, but not much explored in ESCC. 

For the first time, Yan and coworkers (2012) identified PDGF signaling pathway as 

therapeutic target in ESCC, vi) plasminogen activating cascade: the urokinase 

plasminogen activator (uPA) system (uPAS) consists of the uPA, its cognate receptor 

(uPAR) and two specific inhibitors, the plasminogen activator inhibitor 1 (PAI-1) and 2 

(PAI-2). The uPA converts the proenzyme - plasminogen in the serine protease plasmin, 

involved in a number of physiopathological processes requiring basement membrane 

and/or ECM remodelling, including tumor progression and metastasis (Ulisse et al., 

2009). PAI-1 was reported as a new prognostic marker for ESCC, because significant 

increases in expression of PAI-1 were observed in advanced tumor stages and 

metastasis-positive ESCCs, compared with metastasis-negative ones (Sakakibara et al., 

2006). 

Biological process enrichment analyses indicated significant down-regulation of 

epidermis and ectoderm development, oxidation-reduction, lipid metabolism (lipid 

metabolic process, monocarboxylic acid metabolic process, icosanoid metabolic 

process, organic acid, carboxylic acid, oxoacid metabolic processes), keratinocyte 

differentiation, and vitamin metabolic process in ESCC (Figure 28). Gao and coworkers 

(2012) combined meta-analysis and graph clustering to find markers of ESCC and 

identified gene clusters, which were involved in epidermis and ectoderm development. 

Moreover, Essack and coworkers (2009) formulated a gene list involving epidermis 

development and unique to esophageal cancer. It can be assumed that lipid and its 

constituents (oxLDL-ab, oxLDL-lgG and oxLDL-lgM) may also be associated with 

different stages in esophageal carcinogenesis proceeding (Diao et al., 2009). Vitamins 

play a significant role as coenzymes or enzymes in many processes for normal 

functioning of the body. Currently, it is known that vitamins can have an important role 

in the prevention and treatment of cancer (Mamede et al., 2011). Factors that may 
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protect against the development of esophageal cancer include foods containing dietary 

fiber, folate, pyridoxine, carotenoids, and vitamins E and C. (Vermeulen et al., 2013). 

Moreover, low vitamin E and selenium nutritional status is known to be associated with 

increased esophageal carcinogenesis in rat (Yang et al., 2011). 

Enrichment analysis figured out up-regulation of cell cycle, cell proliferation, collagen 

metabolic process, immune system process, extracellular matrix organization and 

neurogenesis (Figure 3.26). In ESCC, the majority of cell cycle regulators, which 

probably played important roles in this disease, were either activated or disabled (Smeds 

et al., 2002 and Lin et al., 2009). The migration of tumor cells is associated with the 

degradation of the extracellular matrix (ECM). The ECM is a dynamic structure 

composed of various macromolecules such as collagen, fibronectin, laminin and 

proteoglycans of connective tissue.  
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Figure 3.26 GO biological process enrichment analysis of down- and up-regulated 

genes. Green: Up-regulated genes associated processes and Red: down-regulated genes 

associated processes. 

Diseases in general are not consistently considered independent of one another. Indeed, 

different disease modules can overlap, so that perturbations caused by one disease can 

affect other disease modules.  Uncovering such links between diseases not only helps us 

understand how different phenotypes, often addressed by different medical sub-

disciplines, are linked at the molecular level, but can also help us to comprehend why 

certain groups of diseases arise together. The “diseasome” offers insights that may yield 

new approaches to diagnosis, disease prevention, and treatment. Diseasome-based 

approaches could also aid drug discovery, in particular when it comes to the use of 

approved drugs to treat molecularly linked diseases. Here, we determined through 

analyzing DEGs that in ESCC and other related diseases that down-regulated core genes 

were mainly involved in esophageal cancer, prostate cancer, and hepatitis; while up-

regulated core genes were predominantly found in abdominal aortic aneurysm, 
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rheumatoid arthritis, brain aneurysm, colorectal cancer, periodontitis, systemic sclerosis, 

and gastric ulcer. 

The association of ESCC and abdominal aortic aneurysm through significant enzymes, 

matrix metalloproteinases (MMPs) and their tissue inhibitors (TIMPs), that abnormal 

matrix turnover were reported to play important role in the pathogenesis of abdominal 

aortic aneurysm (Morris et al., 2014). It was also reported that they played also a key 

role in esophageal carcinogenesis (Groblewska et al., 2012). Moreover, the main roles 

of MMPs in pathology included tissue destruction that was observed in cancer 

metastasis and rheumatoid arthritis. It was proved that these enzymes were involved in 

the development of many malignant neoplasms: gastric, colorectal and breast cancer 

(Groblewska et al., 2012). On the other hand, scleroderma is skin thickening and 

hardening associated with many different medical conditions, and it is called systemic 

sclerosis when other organs are also involved. In the esophagus, it predominantly causes 

distal esophageal hypomotility and weak lower esophageal sphincter tone. Clinically, it 

can present as heartburn and dysphagia, and it is associated with ESCC. A more recent 

review of seven studies showed that the link between scleroderma and cancer was not 

overwhelming with probably a modest increase in lung cancer. This cancer risk might 

be much lower among localized scleroderma patients (Kenneth et al., 2012).  

3.3.3.4 Transcriptional regulatory subnetwork 

A transcriptional regulatory network consisting of 103 regulatory relationships between 

18 TFs and their targeted 28 down-regulated core genes was reconstructed (Figure 

3.27A). Enrichment analysis of the reconstructed network indicated significant 

enrichment for estrogen mediated S phase entry, aryl hydrocarbon receptor signaling, 

nicotine degradation, bupropion degradation and telomerase signaling pathways (Figure 

3.27B).  

The reconstructed transcriptional regulatory network around up-regulated core DEGs 

was consisting of 82 regulatory relationships between 25 TFs and their 20 up-regulated 

core target genes (Figure 3.27D). Functional enrichment analysis indicated estrogen 

mediated S phase entry, aryl hydrocarbon receptor signaling, chronic myeloid leukemia 

signaling, telomerase signaling and atherosclerosis signaling pathways as significant 

biological processes (Figure 3.27C).  
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Figure 3.27 Transcriptional regulatory networks and associated pathways. A) Network 

around down-regulated core genes. B) Associated pathways of down-regulated network. 

C) Associated pathways of up-regulated network. D) Network around up-regulated core 

genes. (Circle: TF, square: gene). 
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TFs have roles as regulatory endpoints in signaling pathways, and their altered activities 

lead to many human diseases, including cancer. To uncover novel TFs that would 

govern clinical outcomes in ESCC, we analyzed core sets of DEGs. TFs serve as 

oncogenes or tumor suppressors in various human cancers. The normal balance between 

tumor-suppressive and oncogenic gene networks is altered by dysregulation of gene 

expression in cancer cells so that changing the differentiation state of cells leads to 

proliferation, apoptosis, and metastasis. For that reason, a very effective therapeutic 

strategy can be planned through the activation of tumor-suppressive TFs and/or the 

inhibition of oncogenic TFs for cancer treatment (Grivas et al., 2011; Park et al., 2012). 

AR was the only TF that was shown to be down-regulated in this study. AR influenced 

13 core down-regulated genes out of which ABLIM1, AHNAK, CAST, SIM2, SASH1 

were hubs (Figure 3.27A). Down-regulated TFs can be drug target since the target genes 

of these TFs were also candidate tumor suppressors of ESCC.  

Additionally, transcription factors, AR, CEBPB and E2F1 were identified to be up-

regulated in this study (Figure 3.27D). AR targets 7 core up-regulated genes among 

which RFC4 was reported as a hub. The inhibition of up-regulated TFs as drug targets 

can have significant impact on these up-regulated oncogenic core genes (Figure 3.27C-

D). CEBPB is involved in TNF signaling pathway (Nanes, 2003), which can promote 

the process of tumor metastasis (Mocellin et al., 2005). Moreover, E2F1 and AR 

promoted cell cycle and cell proliferation, respectively thus playing a role in prostate 

cancer pathway (Lee et al., 2009; Heinlein and Chang, 2004). Although the relation 

between prostate cancer and ESCC was investigated in particular for role of maspin 

(Cai et al., 2009) and N-cahderin (Li et al., 2010)  the prostate cancer and ESCC 

connection remains unclear. 

3.3.3.5 Reporter metabolic features 

Reporter metabolite analyses revealed three metabolites, formate, proton (H+) and 10-

Hydroxyeicosatetraenoate (10-HETE), as common reporter in all five datasets. In 

addition, 35 metabolites were common in four datasets (excluding GSE17351) (Figure 

3.28A).  Among the 35 common reporter metabolites, 33 of them were lipids, more 

specifically eicosanoids (23 metabolites), streoids (9 metabolites) and a retinoid. In 

addition, 13 reporter metabolites were playing roles in arachidonic acid (AA) 
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metabolism (Figure 3.28B), 8 reporter metabolites were involved in steroid hormone 

biosynthesis (Figure 3.28C), and 7 reporter metabolites were having role in ovarian 

steroidogenesis (Table 3.13).  

Table 3.13 Reporter metabolites of ESCC. 

Arachidonic acid metabolism  KEGG ID Molecular Class 

11,14,15-Trihydroxyicosatrienoic acid (11,14,15-

THETA) 

C14814 LIPIDS 

11-Hydroxy-14,15-epoxyeicosatrienoic acid (11h-

14,15-EETA) 

C14813  LIPIDS 

11,12,15-Trihydroxyicosatrienoic acid (11,12,15-

THETA) 

C14782 LIPIDS 

15-Hydroxy-11,12-epoxyeicosatrienoic acid (15H-

11,12-EETA) 

C14781 LIPIDS 

11-Hydroxyeicosatetraenoate (11-HETE) C14780 LIPIDS 

16R-Hydroxyeicosatetraenoate (16(R)-HETE) C14778 LIPIDS 

8-Hydroxyeicosatetraenoate (8-HETE) C14776 LIPIDS 

14,15 Epoxyeicosatrienoic acid (14,15-EET) C14771 LIPIDS 

11,12 Epoxyeicosatrienoic acid (11,12-EET) C14770 LIPIDS 

8,9 Epoxyeicosatrienoic acid (8,9-EET) C14769 LIPIDS 

5,6 Epoxyeicosatrienoic acid (5,6-EET) C14768 LIPIDS 

19(S)-Hydroxyeicosatetraenoate (19(S)-HETE) C14749 LIPIDS 

15(S)-Hydroperoxyeicosatetraenoate (15(S)-HPETE) C05966 LIPIDS 

Steroid hormone biosynthesis  KEGG ID Molecular Class 

2-hydroxyestradiol-17beta C05301 LIPIDS 

estradiol-17beta C00951 LIPIDS 

16alpha-hydroxyestrone C05300 LIPIDS 

19-oxoandrostenedione C05297 LIPIDS 

19-oxo-testosterone C05295 LIPIDS 

19-hydroxytestosterone C05294  LIPIDS 

19-hydroxyandrostenedione C05290 LIPIDS 

4-androstene-3,17-dione C00280 LIPIDS 

Ovarian steroidogenesis  KEGG ID Molecular Class 

2-hydroxyestradiol-17beta C05301 LIPIDS 

estradiol-17beta C00951 LIPIDS 

4-androstene-3,17-dione C00280 LIPIDS 

11,12 Epoxyeicosatrienoic acid (11,12-EET) C14770 LIPIDS 

8,9 Epoxyeicosatrienoic acid (8,9-EET) C14769 LIPIDS 

5,6 Epoxyeicosatrienoic acid (5,6-EET) C14768 LIPIDS 

15(S)-Hydroperoxyeicosatetraenoate (15(S)-HPETE) C05966 LIPIDS 

 

http://www.genome.jp/dbget-bin/www_bget?cpd:C14781
http://www.genome.jp/dbget-bin/www_bget?cpd:C14780
http://www.genome.jp/dbget-bin/www_bget?cpd:C14778
http://www.genome.jp/dbget-bin/www_bget?cpd:C14776
http://www.genome.jp/dbget-bin/www_bget?cpd:C14749
http://www.genome.jp/dbget-bin/www_bget?cpd:C05297
http://www.genome.jp/dbget-bin/www_bget?cpd:C05295
http://www.genome.jp/dbget-bin/www_bget?cpd:C05294
http://www.genome.jp/dbget-bin/www_bget?cpd:C05290


109 
 

Table 3.13 Continued. 

Serotonergic synapse  KEGG ID Molecular Class 

14,15 Epoxyeicosatrienoic acid (14,15-EET) C14771 LIPIDS 

11,12 Epoxyeicosatrienoic acid (11,12-EET) C14770 LIPIDS 

8,9 Epoxyeicosatrienoic acid (8,9-EET) C14769 LIPIDS 

5,6 Epoxyeicosatrienoic acid (5,6-EET) C14768 LIPIDS 

15(S)-Hydroperoxyeicosatetraenoate (15(S)-HPETE) C05966 LIPIDS 

Vascular smooth muscle contraction  KEGG ID Molecular Class 

14,15 Epoxyeicosatrienoic acid (14,15-EET) C14771 LIPIDS 

11,12 Epoxyeicosatrienoic acid (11,12-EET) C14770 LIPIDS 

8,9 Epoxyeicosatrienoic acid (8,9-EET) C14769 LIPIDS 

5,6 Epoxyeicosatrienoic acid (5,6-EET) C14768 LIPIDS 

Inflammatory mediator regulation of  

TRP channels  

KEGG ID Molecular Class 

8,9 Epoxyeicosatrienoic acid (8,9-EET) C14769 LIPIDS 

5,6 Epoxyeicosatrienoic acid (5,6-EET) C14768 LIPIDS 

15(S)-Hydroperoxyeicosatetraenoate (15(S)-HPETE) C05966 LIPIDS 

Linoleic acid metabolism  KEGG ID Molecular Class 

12,13-epoxyoctadecenoate (12(13)-EpOME ) C14826 LIPIDS 

9,10-epoxyoctadecenoate (9(10)-EpOME) C14825 LIPIDS 

Prolactin signaling pathway  KEGG ID Molecular Class 

estradiol-17beta C00951 LIPIDS 

4-androstene-3,17-dione C00280 LIPIDS 

Prostate cancer  KEGG ID Molecular Class 

estradiol-17beta C00951 LIPIDS 

4-androstene-3,17-dione C00280 LIPIDS 

Riboflavin metabolism  KEGG ID Molecular Class 

Adenine-riboflavine dinucleotide (FAD) C00016 Nucleosides, 

Nucleotides, and 

Analogue 

Dihydroflavine-adenine dinucleotide (FADH2) C01352 Nucleosides, 

Nucleotides, and 

Analogues 

 

 

 

 

 



 

 
 

 

 

Figure 3.28 (A) The number of reporter metabolites in datasets analysed. (B) 

Arachidonic acid metabolic pathway. (C) Steroid hormone biosynthesis. Red dash-lined 

rectangles indicate the reporter metabolites included in our list. 

One of three common metabolites among five datasets was formate and its metabolism 

was shown at the center of many activities that were controlling tumor growth. Cancer 

tissue was known to maintain a very low redox state which is maintained with increased 

NADPH production. This NADPH production was in part fueled by formate 

dehydrogenation (Jellinek, 2008). Moreover, reporter metabolite analysis showed that 

10 of 38 metabolites were HETEs and 10-HETE was revealed in all five datasets. It was 

reported that HETEs lead to increase in cell proliferation and tumor angiogenesis via 

activating numerous signaling pathways involved in cell growth and by stimulating the 

transcription of growth factors (Moreno, 2009). Wu and coworkers (2003) displayed 

that some HETEs and related metabolites such as hydroxyoctadecadienoic acids 
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functioned as a tumor-suppressor although other studies suggest that the up-regulated  

HETE synthesis was related to enhanced tumor growth and progression (Gupta  et al., 

2001; Chen et al., 2002). For instance, elevated levels of certain eicosanoids such as 5-

HETE and 12-HETE together with PGE2 and LTB4 might promote tumor progression, 

whereas others such as 15-HETE might interfere with the progression to malignancy 

(Shureiqi and Lippman, 2008; Moreno, 2009). Thus, it is important to identify which 

receptors, transcription factors and signaling pathways are playing a role in HETE 

synthesis, to design new therapeutic strategies for modulating cell proliferation and 

cancer progression (Moreno, 2009). 

Progression and metastasis are defined as multi-step as well as multi-factorial processes 

that take many years to achieve a clinically apparent phenotype. To identify critical 

factors for the malignant progression of cancers it is important to develop a better 

treatment or secondary prevention but, this is a big challenge. Among many factors 

underpinning tumor progression, cyclooxygenase (COX), lipoxygenase (LOX) and 

P450 epoxygenase pathways take key roles in cancer-related inflammation and 

progression. Arachidonic acid (AA) can be converted to bioactive eicosanoids through 

these pathways in response to different growth factors, hormones or cytokines. The 

reporter metabolite analysis highlighted the importance of eicosanoids hence AA 

metabolism in ESCC. The specified eicosanoids can function as the second messenger 

or through their cognate receptors evoke various cellular responses (Wang et al., 2007). 

Among them, it is well known that cytochrome P450-derived eicosanoids take parts in 

inflammation and angiogenesis rather than cancer pathways (Panigrahy et al., 2010). 

However, the important function of CYP enzymes is the detoxification of compounds 

i.e., anti-cancer drugs so the efficacy of cancer drug delivery is improved by blocking 

these enzymes (Nebert and Dalton, 2006). Moreover, cytochrome P450 epoxygenases 

was reported as a potential tumor promoting enzyme and its metabolites 

epoxyeicosatrienoic acids (EETs) were suggested to be involved in cancer metastasis 

(Jiang et al., 2007). On the other hand, activated cytochrome P450 enzymes by prodrugs 

are applied to inhibit tumor growth by targeting the tumor cells (Swanson et al., 2010). 

EETs take significant roles in cellular proliferation, migration and inflammation that 

their major target is blood vessels (Spector and Norris, 2007; Fleming, 2007). It was 

shown that EET antagonists inhibited prostate cancer cell motility and suggested a 
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novel mechanism of EET antagonists acting directly on tumor cells (Nithipatikom et al., 

2010). Another study found the linkage between eicosanoids to stroma inflammation in 

epithelial ovarian cancer (Freedman et al., 2007).  

Zhi and colleagues (2003) identified a member of the AA metabolizing enzymes (COX-

2) and many genes activated as part of the AA metabolism pathway were regulated in 

ESCC.  Therefore, they suggested that AA metabolism pathway through both the COX 

and LOX metabolism pathways is modulated during tumorigenesis of ESCC. 

Furthermore, AA is converted to leukotrienes by LOX that Xu and coworkers reported 

the loss of 15-LOX-2 in esophageal cancers and the induction of 15-LOX-2 inhibited 

cancer cell proliferation (Xu et al., 2003). The results another study showed that GRP 

was up-regulated in ESCC and GRP was involved at early stage of ESCC and may be 

responsible for promoting AA metabolism (Fang et al., 2004). Kashyap and colleagues 

(2009) identified down-regulation of several genes involved in AA metabolism in 

ESCC that were not reported earlier by other studies. The genes encoding COX-2 and 

12-LOX were figured out as genetically polymorphic that influenced in the expression 

of these enzymes. Thus, these results demonstrated that aberrant AA metabolism took a 

place in the development of esophageal cancer (Guo et al., 2006). Consequently, our 

results of reporter metabolite analysis suggest that intervention through AA metabolic 

pathway might be useful for arresting cancer progression. Further investigations of AA 

metabolism in ESCC could be essential for the improvement of better treatment 

methods and diagnostic approaches. 

In the present study, the reporter feature analysis also indicated 8 steroids that are 

involved in steroid hormone biosynthesis. They could be categorized in two groups: 

estrogens and androgens. It was reported that hormone-related cancers such as breast, 

endometrium, ovary, prostate, testis, thyroid and osteosarcoma, had a unique 

mechanism of carcinogenesis in common since endogenous and exogenous hormones 

caused cell proliferation (Henderson and Feigelson, 2000). 

Paliakov and coworkers (2014) analyzed various proteins including metabolic enzymes 

across different cancers and presented a list of genes that were up-regulated in various 

types of cancer. They further delineated major molecular pathways that were abundant 

in cancer protein machinery. Glycolysis/gluconeogenesis and oxidative phosphorylation 
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were emphasized along with steroid hormone synthesis as the most abundant pathways. 

Meanwhile, the impact of estrogens and androgens in esophageal cancer development 

and treatment should be defined to uncover the alterations in ESCC metabolism. The 

metabolic feature results also indicated two significant core genes, CYP3A5 and 

CYP4B1. These were encoded for aryl hydrocarbon hydroxylase which was involved in 

both AA metabolism and steroid hormone biosynthesis. Lastly, another outcome of the 

reporter analysis pinpointed the steroid hormone biosynthesis that provides insight into 

highlighted transcriptional factor AR in this study.      

4 CONCLUSION 

Cancer is a multifactorial disease that emerges from dysregulation of normal biological 

networks. Uncovering the underlying protein signaling network changes aids in 

understanding the molecular mechanism of carcinogenesis and identifies the 

characteristic network signatures specific for different cancers and distinct cancer 

subtypes. The identified signatures can be used for cancer diagnosis, prognosis, and 

personalized treatment.  

Comprehensive identification and characterization of PPIs and their networks is 

essential in order to systematically define and understand the information transfer 

within and between biological processes. We realized that mapping techniques of PPI 

are rapidly increasing and generating an extensive amount of noisy PPI data. While 

there are various databases that collect and store this data their coverage and quality is 

debatable and their overlap is interestingly low. A more comprehensive and reliable 

global human network is essential for progress in the areas such as medicine, 

pharmacology and systems biology.  

Initially, in presented yeast study, a scoring scheme considering eight heterogeneous 

biological features was proposed and a high-confidence protein–protein interactome of 

yeast S. cerevisiae was reconstructed. The proposed methodology is expected to 

increase the efficiency of the methodologies in biological research which make use of 

protein interaction networks in several aspects that the proposed scoring scheme then 

was adapted to the interactome of Homo sapiens and a highly reliable human 

interactome is achieved by compiling various datasets and ranking PPIs using the 

proposed scoring scheme. Comparison of the present scoring system to other methods 
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revealed that the current scheme provided greater coverage as well as higher reliability. 

Cancer and process subnetworks resulting from the enriched highly reliable human PPI 

data were also presented which could enable a better understanding of disease and 

process networks as well as signaling pathways associated with them. The reconstructed 

high-confidence interactome will prevent from spurious discoveries that can be 

potentially costly, e.g. wrong signaling routes, or wrong drug targets for diseases. 

The characterization of efficient molecular targeted therapy is significantly challenging 

process since the various cellular pathways and multiple crosstalk mechanisms may 

develop resistance in cancer cells. Thus, multiple targets are required to reduce the 

development of resistance together with enhancing the clinical effects; our approach 

pinpoints many cellular targets and driving pathways for breast cancer, triple negative 

breast cancer and esophageal squamous cell carcinoma that could be explored. 

Herein, we suggested a gene signature including 41 down-regulated and 16 up-regulated 

DEGs as candidate biological markers for breast cancer. The limited studies on down-

regulated EHBP1, FBLN5, GCOM1, NLGN1 and TMEM100 and up-regulated PDIA4, 

PLEK2, RAB15, SORD, TMED3, TMEM132A with breast cancer indicated the 

necessity of further validations on these genes. In addition, we assessed the association 

of 57 core-DEGs and 25 hub proteins with breast cancer, which could also be assumed 

as potential biomarkers and therapeutic targets. The analyses of transcriptional 

regulatory mechanism signified the driving pathways of breast cancer. As down-

regulated TFs were involved in mainly MAPK (ATF3, FOS, FOSB, JUN), TNF (ATF3, 

FOS, JUN), TGFβ (ATF3, FOS, FOSB, JUN) and WNT (JUN, KLF4, TCF7L2) 

signaling pathways, the only upregulated TF, STAT1 was involved in JAK-STAT, toll 

like receptor, chemokine, MAPK, EGFR signaling pathways. Within the framework of 

network approach, transcriptional control networks included both downstream effectors 

and upstream regulators were driven by significantly downregulated MAPK, apoptosis, 

TGFβ and T cell receptor signaling pathways, and upregulated JAK-STAT, the toll 

receptor, Ras and EGFR signaling pathways. The presented TFs could be selected as 

therapeutic targets to maximize efficiency of treatment strategies, since they have 

potential to reduce the function of multiple effector genes simultaneously by targeting 

the entire breast cancer gene network. Through the metabolic point of view, functional 

enrichment analysis on reporter metabolites demonstrated the alterations in significant 
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metabolic pathways including oxidative phosphorylation, lipid metabolic pathways (i.e. 

biosynthesis of unsaturated fatty acids, fatty acid biosynthesis, linoleic acid metabolism, 

glycerolipid metabolism and glycerophospholipid metabolism), amino acid metabolic 

pathways (i.e. eta-Alanine and tyrosine metabolism) and carbohydrate metabolism (i.e. 

pyruvate metabolism). Hence, further understanding of dysregulated metabolic 

pathways together with their related signaling pathways is required to design efficient 

cancer therapeutics. Our network-based approach elucidates the molecular mechanisms 

of breast cancer through the analyses of genes, gene products, reporter metabolites and 

associated biological pathways and offers invaluable information to diagnosis and 

design novel therapeutics for breast cancer. 

In the TNBC study, the downregulated CHI3L2, together with upregulated MLPH, were 

proposed as potential biomarkers for TNBC. In addition, we proposed the association of 

40 genes, so-called core-DEGs, and 22 hub proteins with TNBC, which could also be 

considered as candidate biomarkers and drug targets. The associations of RHOB, 

ARGHDIB, GSTM3, MLPH, ATF5, CSF2RA, and CXCL10 with TNBC were reported 

for the first time. Further reliable, low-throughput experimentation (e.g., quantitative 

RT-PCR) is required to validate the differential expression of these genes encoding 

potential biomarkers and/or drug targets in breast biopsies from TNBC patients 

compared to non-TNBC patients. In addition, the protein–protein interaction networks 

need to confirmed as potential targets for therapeutics using known TNBC cell lines in 

vitro. This study also represents that TNBC is characterized by complex changes in 

various molecular pathways. Substantial alterations in biochemical pathways of immune 

system, the cell cycle, apoptosis, proliferation, and cell survival were predicted. The 

analyses illustrate the part of transcriptional control mechanism that indicates the 

driving pathways of TNBC, including JAK-STAT and TNF signaling pathways, and 

possible drug target TFs including MYB, GATA3, FOXA1, MYC, RELA, and CEBPB. 

To sum up, these results implement an exhaustive approach to figure out the molecular 

framework for better therapeutic studies in the treatment of TNBC. 

In ESCC study, we proposed 30 down-regulated as well as 21 up-regulated DEGs as 

potential biomarkers for ESCC. Additionally, we asserted the association of 51 genes, 

so-called core-DEGs, and 20 hub proteins with ESCC, which could also be assumed as 

promising candidate biomarkers and potential drug targets. The down-regulated ACPP, 
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C2orf54, DYNLT3, KANK1, ENDOU, FMO2 and up-regulated HOMER3, RFC4, 

COL10A1, FNDC3B and MARCKSL1 were reported for the first time in ESCC.  

Further, the validation of these genes encoding potential biomarkers and/or drug targets 

by RT-qPCR is required in esophageal biopsies from ESCC patients compared to 

healthy controls.  Moreover, the PPI networks could be studied as potential targets for 

therapeutics using known ESCC cell lines in vitro. Another significant direction for our 

systems approach would be to validate human DEGs from ESCC in the carcinogen-

induced rodent models of ESCC. ESCC is characterized by complex changes in 

different molecular pathways that distinct metabolic pathways such as AA metabolism, 

biological oxidations and metabolism of lipids and lipoproteins were down-regulated 

whereas cell cycle and several signaling pathways such as p53 signaling, integrin 

signaling, PDGF signaling and plasminogen activating cascade were up-regulated in 

ESCC. The analyses highlights the part of transcriptional control mechanism which 

signify the driving pathways of ESCC such as estrogen-mediated S phase entry, aryl 

hydrocarbon receptor signaling, nicotine degradation, bupropion degradation and 

telomerase signaling pathways for down-regulated core genes together with estrogen 

mediated S phase entry, aryl hydrocarbon receptor signaling, chronic myeloid leukemia 

signaling, telomerase signaling and atherosclerosis signaling for up-regulated core 

genes and possible drug target TFs (AR, CEBPB and E2F1). Additionally, the present 

metabolomics work identifies the reporter metabolites and related pathways including 

AA metabolism and steroid hormone biosynthesis. 

To sum up, our multi-omics analyses reveal insight into genes/proteins, reporter 

metabolites and molecular pathways mediating breast cancer, triple-negative breast 

cancer and ESCC development and provide potentially valuable information for 

diagnosis and designing novel therapeutic interventions for these diseases. 
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