
 

 

http://researchspace.auckland.ac.nz 
 

ResearchSpace@Auckland 
 

Copyright Statement 
 
The digital copy of this thesis is protected by the Copyright Act 1994 (New 
Zealand).  
 
This thesis may be consulted by you, provided you comply with the 
provisions of the Act and the following conditions of use: 
 

� Any use you make of these documents or images must be for 
research or private study purposes only, and you may not make 
them available to any other person. 

� Authors control the copyright of their thesis. You will recognise the 
author's right to be identified as the author of this thesis, and due 
acknowledgement will be made to the author where appropriate. 

� You will obtain the author's permission before publishing any 
material from their thesis. 

 
To request permissions please use the Feedback form on our webpage. 
http://researchspace.auckland.ac.nz/feedback 
 

General copyright and disclaimer 
 
In addition to the above conditions, authors give their consent for the 
digital copy of their work to be used subject to the conditions specified on 
the Library Thesis Consent Form and Deposit Licence. 
 

Note : Masters Theses  
 
The digital copy of a masters thesis is as submitted for examination and 
contains no corrections. The print copy, usually available in the University 
Library, may contain corrections made by hand, which have been 
requested by the supervisor. 
 

https://researchspace.auckland.ac.nz/docs/uoa-docs/thesisconsent.pdf
https://researchspace.auckland.ac.nz/docs/uoa-docs/depositlicence.htm


 

 

Reverse-Engineering of Genetic 

Regulatory Pathways in Human Cancer 
 
 

Yikan Wang 
 

 

 

 

 

Supervised by Professor Edmund J. Crampin and  

Associate Professor Cristin G. Print 

 

A thesis submitted in fulfilment of the requirements for the 

degree of Doctor of Philosophy in Bioengineering 

 

Auckland Bioengineering Institute 

The University of Auckland 

New Zealand 

March 2013

 



ii 



 

iii 

Abstract 

Microarray-based gene expression profiling, and more recently RNA sequencing, have 

been widely used in cancer research and have provided valuable insights into the 

molecular mechanisms underlying cancer. The research presented in this thesis uses data-

driven computational models to interpret tumour gene expression information in the 

context of regulatory network inference, identification of modulators of regulation and 

tumour classification.  

Firstly, an ordinary differential equation (ODE) regression-based reverse-engineering 

algorithm, MIKANA, is extended to reconstruct gene regulatory interactions from both 

steady-state and time-series measurements simultaneously. Inferring gene networks from 

a combination of steady-state and time-series data is found to be especially advantageous 

when using noisy time-series measurements collected with either lower sampling rates or 

limited number of experimental replicates. When applied to human datasets this approach 

is found to reveal biology that cannot be revealed by steady-state or dynamic models 

individually. 

By incorporating combinatorial interactions, in which the action of one regulating gene 

on its downstream target is modified by another ‗modulator‘ gene, the method is further 

extended to identify both molecular and clinical factors that may control the activities of 

transcription factors (TFs). This new method adopts the concept of three-way interactions 

to identify candidate modulators of TF-target genes interaction from gene expression data 

without making any prior biological assumptions. The method is applied to cancer-related 

transcription factors, and the inferred modulators are shown to be statistically and 

biologically significant for the corresponding transcriptional modules.    
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Finally, a previously published biclustering approach, cMonkey, is adopted to identify 

molecular-based tumour subclasses (MetaChips) by searching for similarity in the 

expression of subsets of genes across subsets of tumours. Application of the method to 

breast cancer data shows that tumours in the same MetaChip present similar clinico-

pathological features. Tumour samples in different MetaChips are molecularly and 

clinico-pathologically distinct. A conditional inference tree-based survival prediction 

model is built from the combination of clinical information and the membership of 

MetaChips. It is shown that prediction of patient‘s early relapse is improved by 

incorporating these molecular-based tumour subclasses, compared with the prediction 

from the model with conventional clinical variables only. 
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Chapter 1.  

 

Introduction 



2  Chapter 1. Introduction 

This thesis describes an investigation of the gene regulatory networks that underlie the 

progression of cancer. To reveal the gene signalling pathways that strongly correlate with 

patient survival, the factors that influence gene interactions and the association of gene 

activities with different clinical factors must be understood. In the subsequent chapters, 

the regulatory interactions between genes and the factors that influence gene interactions 

are explored through various mathematical techniques. Ultimately, a tumour 

classification technique is proposed by incorporating clinical information with RNA 

abundance information to improve the prediction of breast cancer patient clinical 

outcomes. 

Chapter 1 gives a general introduction to concepts and techniques used throughout the 

thesis. This chapter presents a broad overview of biological networks at a cellular level in 

systems biology, followed by more specific details corresponding to gene activities at the 

sub-cellular level and their importance in tumour development, gene expression studies in 

the laboratory, related work in computational modelling, and finally the application of 

gene expression profiling in cancer biology. At the end of this chapter, a summary of the 

main aspects of microarray-based gene expression studies in systems biology is presented. 

There are several limitations when applying the currently available network modelling 

techniques to cancer. These limitations include: lack of methods to use time-series and 

steady-state gene expression together, lack of methods to incorporate conditional 

regulation, and lack of tumour classification methods that utilise different genes to 

classify tumours of different molecular types. These three sets of limitations are the 

motivation for this thesis research, and each of the later chapters of this thesis addresses 

one of these specific limitations. Chapter 2 presents the development of a network 

inference method to reconstruct interactions between genes from the combination of 

time-series measurements and steady-state data. Chapter 3 discusses how to incorporate 

combinatorial interactions to identify factors that control the interactions between 
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transcription factors and their downstream targets. Chapter 4 describes a biclustered 

molecular-based tumour classification and its application in prognosis and survival 

prediction. Chapter 5 summarises work done in the previous chapters, concludes the 

main findings from the work, and finally discusses opportunities for future developments 

arising from the work covered in this thesis. 

1.1 Biological networks 

Cellular activities, such as energy generation and information transfer, are integrated 

through a wide range of interacting cellular components and reactions, which form a 

complex cellular system (Hartwell et al., 1999). These processes can be described as 

networks of interactions that are constructed at different molecular levels, including 

metabolites, proteins and genes (mRNA). The global biological system therefore can be 

simplified to three types of molecular networks, i.e. metabolic networks, protein 

networks and gene networks (Brazhnik et al., 2002).  

 

Figure 1-1 Schematic of a biochemical network. The model simplifies a biochemical network into 

three spaces: metabolites (top), proteins (middle) and genes (bottom). Interactions occurring in 

metabolite and protein spaces can be projected onto the gene spaces. Reproduced from Brazhnik et 

al. (2002). 
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Figure 1-1 shows a three-tier model of a biochemical network, in which three molecular 

networks are functionally interconnected as an integral network. The first tier represents 

metabolic networks, which describe the chemical transformations between metabolites. 

The second tier represents protein spaces, which describe protein-protein interactions (or 

signalling networks). The third tier represents gene networks, which describe 

relationships between the expression of genes (observed at the level of mRNA) (Brazhnik 

et al., 2002). 

1.2 Gene regulatory networks 

A collection of genes in a cell interact with each other indirectly through their 

transcription products (RNAs) and protein expression products, as well as with other 

molecules in the cell (as shown by the dotted arrows in the gene space of the three-tier 

model in Figure 1-1). The expression of one gene is thus related to the expression of 

other genes in the cell through a chain of gene/protein, protein/protein interactions and/or 

individual molecular reactions. For example, the expression of Gene 4 (G4) in the three-

tier model is affected by the expression of Gene 1 (G1) through the interactions between 

Protein 1 (P1), Gene 2 (G2), Protein 2 (P2) and Metabolite 2 (M2). The interactions 

between proteins and metabolites can be summarised such that the effects of genes on 

others can be related by a gene network (also known as a gene regulatory network or a 

gene expression network). This simplifies a global biological network to a gene network 

and provides a systematic view of an organism at the level of mRNAs (gene activities) 

(Brazhnik et al., 2002).  
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1.2.1 Theories behind gene expression 

Gene expression is the process by which the inherited information copied from DNA is 

used to produce a functional protein. It consists of two main steps: transcription and 

translation.  

 

Figure 1-2 An overview of transcription and translation in eukaryote gene expression from DNA to 

protein. DNAs are transcribed in nucleus into RNA. The RNA contains both coding (exons) and non-

coding (introns) region. During initial mRNA processing, introns are removed and exons are spliced 

together to form mature mRNA. This type of RNA, i.e. mRNA, is then freely moved into cytoplasm 

and gets translated into a protein. Non-coding RNAs (ncRNAs) have similar structure as mRNAs. 

Although most of them are transported to the cytoplasm, they are not translated into proteins. 

Source: Nature Education (2010). 



6  Chapter 1. Introduction 

As shown in Figure 1-2, transcription in eukaryotic cells takes place within the cell 

nucleus, where an RNA is synthesised from a DNA template. RNA is then processed to 

produce messenger RNA (mRNA), in which non-coding sequences (introns) are removed 

and the remaining coding sequences (exons) are spliced together to form mature mRNA, 

followed by other modifications. The mature mRNA is then freely moved into the 

cytoplasm and bind to a protein-RNA complex, known as a ribosome, where translation - 

the process whereby genetic information encoded in mRNA is incorporated into a protein 

- takes place (Campbell and Reece, 2002).  

RNA plays an important role in transferring genetic information from gene to protein in 

eukaryotic cells. The complete set of RNA transcripts, including mRNAs, non-coding 

RNAs and small RNAs, produced by genome in a given cell is known as transcriptome 

(Adams, 2008; Wang et al., 2009b). Only about 1-3% of human genomic DNAs that have 

been transcribed into RNAs are understood to actually encode for known proteins 

(Kaikkonen et al., 2011). The majority of these genes are transcribed as non-coding 

RNAs (ncRNAs) which never get translated into proteins. ncRNAs are functional RNAs 

and they can be classified into infrastructural ncRNAs and regulatory ncRNAs. The 

infrastructural ncRNA molecules include transfer RNA (tRNA), ribosomal RNA (rRNA), 

small nuclear RNA (snRNA) and small nucleolar RNA (snoRNA). The regulatory 

ncRNA molecules include microRNA (miRNA) and piwi-interacting RNA (piRNA), and 

long non-coding RNAs (long ncRNA) (Phillips, 2008c). ncRNA molecules are 

functionally important in the post-transcriptional regulation of eukaryotic gene 

expression by base pairing with mRNA (Shimoni et al., 2007; Kaikkonen et al., 2011). In 

particular, mRNA can be targeted by ncRNAs, such as siRNA-protein complex for 

cleavage or miRNA for the inhibition of translation. The regulatory function of ncRNAs 

is thought to contributes to developmental complexity (Mattick, 2009). 
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Although ncRNAs and proteins cannot be viewed in gene regulatory networks at the level 

of mRNA, their functional relationships are reflected by connecting edges between nodes 

(genes) to comprise a gene regulatory network.  

1.2.2 Purpose of studying gene expression 

In living systems, proteins play an important role in maintaining a cellular system, such 

as producing energy for a cell via a series of chemical reactions, transferring information 

from the outside environment via signalling pathways, and regulating cell activities by 

exerting physical or chemical reactions in response to external signals. Ideally, biologists 

would like to examine the changes in the amount of proteins in the cytoplasm in order to 

assess the variations in the structure and function of the cell when it is exposed to 

multiple stresses and stimuli. The study of quantity and diversity of proteins in a cell is 

called proteomics (Adams, 2008). However, it is challenging to make consistent and 

accurate measurements of these dynamic and interacting molecules because of technical 

limitations as well as their changeability and post-translational modifications (Adams, 

2008).  
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Figure 1-3 Schematic showing the relationship between biological information and maturity of 

technology from genome through transcript to protein and metabolite. Although the complexity of 

the information increases, the technical maturity of technology decreases. Source: de Hoog and 

Mann (2004). 

As illustrated in Figure 1-3, the complexity of information increases from the genomic 

level through the protein level to the metabolite level, but the maturity of technology for 

obtaining the information at each level decreases. The central dogma of molecular 

biology holds that the flow of information is only in one direction from DNA to RNA to 

protein  (Crick, 1970). This suggests the assumption that the functional effects of a gene 

can be quantified by the measurement of the transcriptome. Although it is impossible to 

predict the exact protein concentration or activity from the measurement of transcript 

(mRNA levels), most current studies use the expression of genes (transcripts of mRNA) 

as a proxy for estimating functional differences that occur at the protein level (Fu et al., 

2007; Baginsky et al., 2010). This bridges the gap between the genomes and the 

molecules underlying cellular functions (Adams, 2008). 

Cellular responses are often accompanied by changes in gene expression, and the 

function of cells is ultimately organised by the selective expression of genes and the 

subsequent modification of their RNA and protein products (Ben-Tabou De-Leon and 

Davidson, 2007). Gene expression patterns underlie a wide range of physical, 
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biochemical and developmental diversity in cells, and may provide important information 

for distinguishing human health and disease (Adams, 2008). Therefore, the aim of 

studying gene expression is to understand how genes actively interact with one another to 

maintain a functioning organism. This may help to identify which specific gene 

expression patterns are associated with human diseases and to understand how variations 

in transcriptional activity may contribute to disease processes, such as those of cancers. 

Furthermore, gene expression studies can assist the clinical prognosis of cancer as well as 

predict drug response, which in turn provides valuable customised information for 

patient-specific needs in drug therapy (Somogyi and Greller, 2001). These will be 

discussed further in the subsequent sections. 

1.3 Transcription factors 

Regulation of gene expression is a vital control mechanism in almost every fundamental 

growth and development process including DNA replication and repair, cellular growth, 

proliferation, differentiation and apoptosis, as well as the response to either internal or 

external environmental changes (Huang, 2001). Compared to prokaryotes, in which the 

initiation of transcription is the primary control point, regulation of gene expression in 

eukaryotes is more complex. It may occur at different stages of gene expression from 

mRNA to protein (as illustrated in Figure 1-4), including processes such as DNA 

unpacking, transcriptional level control, RNA processing (post-transcriptional) control, 

translational level control and post-translational modification of a protein (Strachan and 

Read, 1999).  
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Figure 1-4 Regulation of eukaryotic gene expression at multiple levels, including genome, 

transcriptional regulation, RNA processing and translocation (post-transcriptional level control), 

translation and post-translational level control. Source: Taiz and Zeiger (2010). 

Regulation of transcription initiation is the most fundamental process in control of 

eukaryotic gene expression. Whether or not a gene is expressed is determined by the 

combined effects of DNA structural properties and the interactions of transcriptional 

regulatory proteins, known as transcription factors (TFs) to DNA (Phillips, 2008b). The 

tightly coiled structure of DNA, compacted by histones in the form of a complex called 

chromatin, can limit the access of TFs and RNA polymerases to specific genes and to 

active transcription from them. Histone acetylation can open chromatin, thus increasing 

the accessibility of the chromatin to RNA polymerases and TFs. Histone deacetylation, 

resulting in compact chromatin, is always associated with DNA methylation which plays 

an important role in repressing gene expression (Phillips and Shaw, 2008). Therefore, 
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histone modifications, together with chromatin remodelling, are thought to contribute to 

transcriptional regulation by a TF by altering the structure of genome. Chromatin 

Immunoprecipitation (ChIP) coupled with DNA tilling arrays (ChIP-chip) or high-

throughput sequencing (ChIP-seq) has been widely used in genome-wide identification of 

protein-DNA interactions, including TF binding and histone modifications (Ho et al., 

2011), which provides essential information to understanding gene regulation and for 

inferring gene regulatory networks. TFs are not solely responsible for gene regulation, yet 

they are responsible for either positively or negatively influencing the transcription of 

specific genes (Phillips and Hoopes, 2008). In this section, the role of TFs in the control 

of gene expression is introduced.  

 

Figure 1-5 Schematic of transcription factors that initialise gene expression. Activators (sequence-

specific transcription factors [STFs]) attach to enhancer sequences to control the rate of 

transcription of genes. General transcription factors (GTFs) facilitate the binding of RNA 

polymerase II to the promoter region of DNA and start RNA synthesis. Source: Tidgwell (2012). 
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In general, TFs interact with the gene by attaching to the DNA via DNA-binding domains 

to specific DNA regulatory sequences located at the promoter or the enhancer region of 

the target gene (Remenyi et al., 2004). TFs can be broadly grouped into two categories by 

their function: general transcription factors (GTFs) and sequence-specific transcription 

factors (STFs) (Karp, 2005). Figure 1-5 illustrates how TFs initiate transcription. GTFs, 

also known as basal transcription factors, are the TFs that initiate gene transcription by 

facilitating RNA polymerase binding to the core promoter region of DNA. STFs are the 

TFs that can positively or negatively control the rate of transcription of genes by 

attaching to various regulatory sites, such as enhancer sequences. STFs are able to act 

either as transcriptional activators to stimulate the transcription of target genes or as 

transcriptional inhibitors to repress transcription (Karp, 2005; Maston et al., 2006). This 

is the most general form of transcription control in gene regulatory networks. 

Unlike prokaryotes, where a single TF is able to regulate the expression of a single gene 

or operon, the transcriptional regulation in eukaryotes requires multiple TFs binding to 

numerous DNA regulatory sequences of a gene (Bluthgen et al., 2005). These multiple 

TFs can act independently or cooperate as a group, attaching to specific DNA regulatory 

sequences to modulate a degree of control over transcription rates simultaneously (Balaji 

et al., 2006). Moreover, a single TF may also control the expression of several different 

genes by binding to a variety of regulatory sites around the genome (Yilmaz and 

Grotewold, 2010). As illustrated in Figure 1-6, multiple TFs are known to act in synergy 

if the combined effect of TFs in a group is significantly different to the sum of their 

individual effects (Schilstra and Nehaniv, 2008). The detection of such synergisms is a 

key step in revealing the mechanisms of biochemical processes (Salvador, 2000).  
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Figure 1-6 Multiple transcription factors form combinatorial regulation. Neither transcription factor 

A (TF A) nor TF B can activate the expression of target gene independently. The expression can only 

be switched on when both TF A and TF B are present simultaneously and hence TF A and TF B are 

said to act in synergy.   

TFs govern a complex regulatory machinery system which controls the expression of 

downstream targets. A TF in a combined group which activates the expression of one 

gene may participate in another complex to repress the expression of other genes. 

Although a TF may induce the expression of a subgroup of its target genes, some of these 

genes may encode other TFs, which may in turn trigger the expression of other genes, 

and so on (Wang, 2007; Phillips, 2008a). The combination of TF activities in a specific 

cell determines the regulatory logic that underlie the transcriptional regulation of each 

gene, and hence the unique expression pattern of genes across the genome (Banerjee and 

Zhang, 2003; Lahdesmaki et al., 2008). 

1.4 Cancer 

Previous sections have detailed the basic concepts of gene expression and regulation. In 

this section, we focus on genes known to play a role in the development of cancer. Using 

breast cancer as an example, the role of TFs in tumour progression and their related 

activities are reviewed.  
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Cancer is an aggressive disease that is difficult to manage. It displays uncontrolled cell 

growth and division which involves hundreds of diverse molecular entities (Goldthwaite, 

2011). There are many types of cancer, which are usually named after the location or 

cellular lineage of the tissue where the abnormal cell growth starts. Unlike normal cells 

that keep division/proliferation under strict control and are programmed to die by 

apoptosis (i.e. programmatic death) following irreparable damage or derangement of cell 

signalling, malignant cells (cancer cells) lose their control of apoptosis and they divide 

rapidly to form tumours. The malignant cells can disseminate from the original tissue to 

other parts of body through blood and lymphatic systems, so-called metastasis, and 

eventually lead to systemic failure of body functions and death of the patient.  

One of the main aims of cancer research is to elucidate the mechanisms underlying 

cancer progression. The main challenge is to distinguish patients at high risk of tumour 

development. The ultimate goal is to develop accurate prognosis and prediction tools for 

patients, and consequently to improve the efficacy of treatment strategy with the minimal 

side effects. Alterations in the expression of genes, proteins, and hence the normal 

activities of cellular signalling pathways, are the most common molecular cause of cancer 

cell growth. The knowledge of the interactions that occur at the molecular level facilitate 

novel approaches for disease prevention and treatments by allowing us, for example, to 

identify drug targets in silico, which manipulate the functional outputs of these networks 

(Bansal et al., 2007; Barabasi et al., 2011). 

1.4.1 Breast cancer 

Breast cancer is the most common cancer among New Zealand women (Ministry of 

Health, 2009). The cause of breast cancer progression, like the progression of many other 

types of cancer, can be different from patient to patient. Many factors, such as the 

patient‘s medical and reproductive history, age, and environmental exposure to chemicals, 
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hormones and radiation, can increase the risk of developing breast cancer. Yet, how these 

risk factors cause normal breast cells to become malignant cells is not fully understood. 

The treatment of breast cancer is determined by tumour type, stage, size, growth rate, the 

patient‘s age and other characteristics of the tumour. The general treatment strategies for 

cancer patients involve surgery, adjuvant therapy (such as radiation, chemotherapy and 

hormone therapy), immunotherapy, and gene therapy (Balentine, 2012).  

1.4.2 TFs in cancer 

Defects in the structure or function of TFs, such as mutations changing regulatory activity 

or alterations in abundance, will lead to disruption of normal gene regulatory 

programmes. Accumulation of a series of genetic defects in the regulatory pathways that 

underlie normal cellular activities may trigger uncontrolled cell divisions and 

proliferations. This may lead to tumour development, and potentially cancer (Croce, 

2008).  

TFs that act as regulatory proteins are encoded in two general types of genes: tumour 

suppressor genes (known as growth-inhibiting genes) and proto-oncogenes (growth-

promoting genes) (Saunders, 2000). Tumour suppressor genes encode proteins that 

control cell growth and prevent cells from becoming malignant (Darnell, 2002). Proto-

oncogenes are normal cellular genes and their corresponding proteins participate in many 

normal cellular activities. However, proto-oncogenes have the potential to become 

oncogenes which encode proteins that promote the loss of growth control and accelerate 

uncontrolled cell division (Lodish et al., 2000; Chow, 2010). Therefore, inhibition of 

tumour suppressor genes or over-activation of proto-oncogenes could eventually drive 

cells into a cancerous state (Croce, 2008; Chow, 2010).  
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There are three main types of TFs that play a crucial part in the development of cancer in 

humans: steroid receptors, such as estrogen receptors (breast cancer) and androgen 

receptors (prostate cancer); resident nuclear proteins, such as JUN (oncogene) which are 

triggered by serine kinase cascades; and latent cytoplasmic factors, such as STATs which 

are activated by receptor ligands at the cell surface (Darnell, 2002). Examples of frequent 

genetic abnormalities in breast tumour development include over-expression of estrogen 

receptor, loss of estrogen receptor expression, gain-of-function of oncoproteins, such as 

ERBB2, MYC and MYB, and loss-of-function of tumour suppressor proteins, such as p53, 

RB and WT1 (Benz, 1998). 

1.4.2.1 Abnormal estrogen receptor expression 

Estrogen and its receptor ER are essential for normal breast development. The 

transcriptional up-regulation of estrogen receptor-α (ERα), identified in about 70% of 

breast tumours (Gown, 2008), is one of the most common defects resulting in the 

dysregulation of cell growth underlying human breast cancers. Detection of over-

expressed ER in breast tissue may offer a reliable method of early detection to minimise 

risk of breast cancer development (Clarke et al., 2003). About 30% of breast tumours, 

however, are found to be associated with loss of ER expression. These tumours tend to be 

more aggressive and are less responsive to hormonal therapies (Du et al., 2012). 

ESR1 is a human gene which encodes ERα, a ligand-activated TF activated by estrogen 

(Deroo and Korach, 2006). Recent studies in breast cancer cell lines and breast tumours 

have revealed that ESR1 plays a key role in breast tumour pathogenesis and is a key 

discriminator in phenotypic and functional classification of breast cancers (Badve et al., 

2007; Habashy et al., 2008; Wilson and Giguere, 2008). Previous reports have 

demonstrated that the trefoil factor 1 (TFF1) gene is transcriptionally regulated by 

estrogen in breast cancer MCF-7 cells. This estrogen-responsive gene is one of the most 
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extensively studied downstream targets of ESR1 (Sun et al., 2005). Likewise, many other 

genes, such as GATA3, FoxA1 and XBP1, have been shown to be closely correlated and 

potentially functionally linked with ESR1 expression in tumour sets by experimental 

analyses, however the role of these genes in the ESR1 regulatory programme is 

incompletely understood (Lacroix and Leclercq, 2004; Nakshatri and Badve, 2009). 

Identifying ER signalling pathways and understanding the biological functions of the 

factors involved in modulating the effects of ERα on its targets are helpful for decision 

making on therapeutic strategies for breast cancer patients (Thorat et al., 2008). 

1.4.2.2 Gain-of-function of oncogenes 

Amplification or over-expression of the oncogenes MYC and MYB can be found in 

approximately 40% and 29% of primary breast cancers, respectively (Kauraniemi et al., 

2000). It is known that many other transcriptional regulators interact with MYC, such as 

AP-2, YY1 and TATA-binding protein (Ramsay and Gonda, 2008). MYB expression is 

strongly correlated with the presence of ERα and is a direct target of the ER (Drabsch et 

al., 2008; Ramsay and Gonda, 2008). MYB is necessary for the proliferation of several 

ER-positive breast tumour cell lines (Drabsch et al., 2008). Some other proliferation-

related genes, such as cyclin A1 (CCNA1), cyclin B1 (CCNB1), cyclin E1 (CCNE1) and 

MYC, have been shown to be regulated by MYB, yet the regulatory mechanisms of MYC 

and MYB on proliferation of breast cancer cells remain unknown (Gonda et al., 2008).    

ERBB2 is another known oncogene, encoding HER2 which is a member of the epidermal 

growth factor receptor (EGFR/ErbB) family. Amplification and overexpression of 

ERBB2 is found in approximately 30% of breast cancers, which is strongly associated 

with poor prognosis and increased disease recurrence (Johnson et al., 2010). The HER2 

protein product modulates and is related to the activities of tyrosine kinase Src, PI3K and 
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MAPK pathways (Moasser, 2007). ERBB2 amplified breast cancers have unique 

characteristics that distinguish them from other breast tumour subtypes. 

1.4.2.3 Loss-of-function of tumour suppressor genes 

Tumour suppressor protein p53 is known as the ‗guardian of the genome‘, the 

transcriptional regulation activity of which is very important in cell cycle, DNA repair 

and cell apoptosis (Gomez-Lazaro et al., 2004). Mutations of p53 have been reported in 

about 20-40% of breast tumours (Benz, 1998). If DNA damage is detected, p53 promotes 

the production of p21, a protein that stops cell division when it forms a complex with 

CDK2, which in turn prevents uncontrolled cell proliferation and allows time for DNA 

repair. However, if p53 is mutated, the expression of p21 will be down-regulated, which 

can result in uncontrolled cell division and progression of tumours (Levine, 1997; Benz, 

1998). Other important tumour suppressor proteins involved in the mechanisms 

regulating the cell cycle include WT1, RB, E2F, ATF-2 (Osborne et al., 2004; Derenzini 

et al., 2008). These will be discussed further in the next section. 

1.4.3 Transcriptional regulatory modules 

Many important TFs, i.e. oncogenes and tumour suppressor genes, have been identified, 

such as ESR1, YB1, p53, MYC, and the E2F family, and their related regulatory pathways 

which are highly associated with malignancy have been revealed in previous studies 

(Croce, 2008; Lasham et al., 2011). This section gives a brief introduction to the cell 

cycle and describes how these genes and their activities link cell cycle regulation to 

tumour formation. 
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1.4.3.1 Cell cycle 

 

Figure 1-7 Schematic of the cell cycle. Four phases comprise the cell cycle, including Gap phase 1 

(G1), DNA synthesis (S), Gap phase 2 (G2) and Mitosis (M). G1 phase can be further divided into a 

metabolically quiescent G0 phase, which halts the cycle. Reproduced from Epstein (2003). 

The cell cycle is a series of key molecular events underlying regulation of cell division 

and replication and can be functionally divided into four phases (shown in Figure 1-7): 

gap phase 1 (G1 – active cell and continuously growing, no replication); DNA synthesis 

(S phase – DNA replication); gap phase 2 (G2 – continued cell growth and protein 

synthesis); and mitosis (M phase – cell division) (Epstein, 2003). Decisions as to when a 

cell moves from one phase to the next, or pauses, are made before the transition occurs. 

Such checkpoints act as a proofreading mechanism in the cell cycle that detects 

abnormalities, such as genetic damage, and decides between cell repair and death in order 

to prevent mutated genes from replicating. In the G1 phase, cells grow and it is 

determined if the cellular environment is ready for DNA replication. The decision to 

initiate DNA replication is made at the transition from the G1 phase to the S phase, and 

this checkpoint is called the restriction point. The second checkpoint occurs at the 
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transition from the G2 phase to the M phase, which determines whether DNA has been 

replicated completely and correctly. Mitosis is not initiated if DNA damage occurs or the 

replication is incomplete. The last checkpoint occurs at the transition from the M phase 

back to the G1 phase, which determines whether a functional mitotic spindle has been 

formed (Alberghina et al., 2009).   

The decision making at cell checkpoints in response to extracellular stimuli is highly 

regulated by a series of intracellular signal transduction events. The activities are 

organised by related TFs, which regulate the expression of downstream targets that 

encode for cell proliferation or apoptosis. Cell cycle control is tightly associated with 

transcription modules/pathways characterising cell growth and death during normal 

growth and development. The regulation of cell cycle checkpoints involves coordination 

of many regulatory proteins, including regulatory enzymes, i.e. cyclins, cyclin-dependent 

kinases (CDKs) and CDK inhibitors (CKI), as well as TFs such as the retinoblastoma 

protein (RB) and the E2F family (Harbour and Dean, 2000). The regulatory complexes 

interact with multiple TFs differently in each phase to control decision making at the 

transition of any two adjacent phases, so that the cell procession is well organised in 

sequential order through phases of the cell cycle. In response to signals such as DNA 

damage, or deprivation of growth factors, CKIs block the activation of CDK to stop the 

cell cycle and thereby prevent from cell proliferation. Precise activation and inactivation 

of the complexes modulate the activities of important TFs and their downstream targets.  
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1.4.3.2 Proliferative RB/E2F regulatory pathway  

 

Figure 1-8 An overview of RB/E2F pathway. RB inhibits E2F activities in quiescent cells. The 

activation of the cyclin D1-CDK4,6 complex phosphorylates RB, which is then inactivated. The 

release of E2F activates cell proliferation. Reproduced from Calzone  et al. (2008a). 

The main downstream target of cyclin-CDK complexes is the retinoblastoma protein, 

encoded in tumour suppressor gene RB, which binds to the TF, the E2F family. Figure 

1-8 illustrates the RB/E2F pathway, which organises the transition from the G1 phase to 

the S phase and plays an important role in controlling the initiation of DNA replication, 

and regulating cell survival and growth (Fritz and Fajas, 2010). In quiescent cells (the G0 

phase), RB inhibits the E2F family whose downstream targets are essential for regulating 

the S phase. Phosphorylation of RB by CDKs releases E2Fs, the activation of which 

triggers the expression of genes coordinating the S phase and promotes cell proliferation 

(Harbour and Dean, 2000). The important proteins involved in the RB/E2F pathway 

include cyclin, CDKs, RB, E2F, p16INK4A and p15INK4B (Calzone et al., 2008b). The 

loss-of-function of tumour suppressor genes RB in response to stimuli promotes cell cycle 

procession, which may induce uncontrolled cell growth. 
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1.4.3.3 Apoptotic p53/MDM2 regulatory pathway 

 

Figure 1-9 An overview of p53 regulatory pathway. Reproduced from Soussi (2012) 

In normal cell activity, the expression of p53 stays at a low level, and p53 acts as 

coordinator of the response to DNA damage in cell cycle checkpoint regulation (Jones 

and Thompson, 2009). Figure 1-9 summarises both the upstream and downstream parts of 

the p53 signalling pathway. In response to stimuli such as DNA damage, p53 

accumulates and activates the expression of genes involving several regulatory 

mechanisms to prevent tumour development. It activates DNA repair protein P53R2 

when it detects sustained damage to DNA. Once DNA damage is recognised, it induces 

cell cycle arrest (encoded by p21) by halting the cell cycle at the restriction point for 

DNA repair. If DNA damage cannot be repaired, p53 initialises the programmed cell 
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death encoded by Bax. Proteins involved in the p53/MDM2 apoptotic regulatory pathway 

include p53, MDM2, PI3K, PTEN and AKT (Ozaki and Nakagawara, 2010).  

Alteration or mutation in genes encoding regulatory proteins such as cyclin-CDKs, RB 

and p53 can induce the disruption of normal regulation of the cell cycle and contributes 

to development of malignancy. The successive over-expression of cyclins, in particular 

cyclin D1 and cyclin E in the G1 phase, leads to over-expression of E2Fs and thus 

promotes sustained cell proliferation with mutated genes. Defects in p53, and thus 

abnormality in the apoptotic regulatory pathway, lead to severe loss of control of tumour 

suppression. During the normal regulatory programme of the cell cycle, inactivation of 

RB in response to mutation induces the release of E2F1, which activates p53 transcription 

and triggers the activities of its downstream targets. The activation of the p53/MDM2 

apoptotic regulatory pathway prevents cells from activating the RB/E2F pathway in 

dysfunction. This is a self-protective mechanism controlled by the interactions between 

proliferative and apoptotic regulatory pathways to inhibit tumour development. However, 

additional loss of function of p53 may result in rapid tumour growth. The imbalance 

between cell proliferation and apoptosis regulation can be easily identified in tumour 

progression, which promotes the survival of cells with irreparable genetic abnormalities 

(Jones and Thompson, 2009). 

1.5 Measuring gene expression 

To extract important biological information from the transcriptome, various high-

throughput measurement technologies have been developed, including hybridisation-

based and sequence-based approaches. These techniques measure the expression of genes 

in terms of the abundance of specific RNA transcripts. Advances in these technologies 

enable us to collect quantitative experimental data at the transcriptome level 
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simultaneously in a specific condition and/or at a time point (Zhang et al., 2010). 

Analysis of the obtained information reveals how active a gene is and what genes do 

under different conditions (Ewis et al., 2005). This may reveal fundamental mechanisms 

underlying normal and dysfunctional cellular processes.  

1.5.1 Microarray technology 

High-throughput hybridisation-based microarray technology is one of the most common 

methods used to detect differences in mRNA levels and yields quantitative gene 

expression data on the cell status at a specific time under a specific experimental 

condition (Schulze and Downward, 2001; Stoughton, 2005). A microarray, also known as 

a genechip, is a slide with tens of thousands of DNA spots (probes) attached to a solid 

face. Each probe represents an identified sequenced gene and corresponds to a short DNA 

segment or oligonucleotide nucleic acid probe (Schrenzel et al., 2009). Therefore, 

microarray technology allows detection of the expression levels of thousands of genes 

simultaneously by measuring the abundance of mRNA corresponding to each gene, 

meaning that the expression of different genes can be viewed at the same time (Stoughton, 

2005; Hurley, 2007).  

There are many different types of microarray platforms, three of which are most 

commonly used: spotted cDNAs, spotted oligonucleotides, and Affymetrix arrays 

(Schulze and Downward, 2001; Butte, 2002). The microarray data used in this thesis 

(experimental data from human endothelial cells in Chapter 2 and a human breast cancer 

dataset in Chapters 3 and 4) were prepared by Affymetrix arrays. Also called GeneChips, 

these are high-density oligonucleotide arrays, in which oligonucleotide sequences are 

directly synthesised on a small glass chip using a lithography process (Staal et al., 2003). 

This involves the synthesis of a set of multiple (11 to 20) probe pairs of 25-mer 

oligonucleotides per gene. Each pair consists of a perfect-match (PM) and a single base 
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mismatch (MM) oligonucleotide. The design allows each transcript to be measured by 

multiple probe sets, and produces a single relative measurement of mRNA abundance 

across the probe sets in a sample for the reliable calculation of the absolute expression of 

genes in tissues or cells. 

There are four general procedures involved in Affymetrix microarray experiments 

(Schinke-Braun and Couget, 2007), as shown in Figure 1-10:  

 

Figure 1-10 Gene expression measured by DNA microarray technology. (A) Schematic of the general 

procedures of Affymetrix microarray experiment. Source: Staal et al. (2003). (B) A microarray 

image. Source: Walser-Kuntz et al. (2012). (C) An example of microarray gene expression data. 

Reproduced from Fan and Ren (2006). 

 Sample preparation and labelling: The samples can be prepared from different 

biological sources, such as tissue or cell cultures. The total RNA is isolated from 

the selected sample (Figure 1-10[A]). RNA is then converted into double-stranded 
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complementary DNA (cDNA) using reverse transcriptase. The cDNA is used as 

the template in an in vitro transcription (IVT) reaction mixture, from which the 

biotinylated complementary RNA (cRNA) is produced. The biotin-labelled cRNA 

is purified and fragmented from the IVT reaction mixture using Mg
2+ to facilitate 

the efficiency of the consequent hybridisation. 

 Hybridisation: The fragmented cRNA is added into a hybridisation solution, 

which is then hybridised to a microarray chip. Each transcript attempts to bind 

with one or more probe sets on the surface of chip to form component pairs. 

 Washing and staining: After hybridisation, the chip is washed using a fluidics 

instrument to remove excess hybridisation reaction mixture and the unbound 

cRNA which have not matched with a complementary oligonucleotide probe. A 

fluorescent molecule is also utilised to label the bound cRNA.  

 Image acquisition and data analysis: The array is then scanned using a confocal 

laser scanner, which excites the florescent marker that labels the bound cRNA 

being labelled. The image of the intensity of fluorescent signals on the chip is 

recorded (Figure 1-10[B]). The measurements of signal intensity are converted 

into numeric values, from which the relative abundance of mRNA in the original 

sample can be determined for further data analysis (Figure 1-10[C]).  

1.5.2 Microarray experimental data 

Microarrays can be applied in many ways to monitor the expression patterns of genes. 

Experimental design depends on the motivation of the study, problem of interest, 

hypothesis made, and data required. The most common application of microarrays is to 

compare gene expression between two conditions: normal versus disease cells or non-

treated status versus treated status (Lipshutz et al., 1999). By doing so scientists are able 

to identify genes that are associated with malignancy or treatment effect, providing a 
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better understanding of the genomic/phenotype relationships. In addition to identifying 

differentially expressed genes, microarrays are widely applied to analyse cellular 

responses to stimuli (drugs or chemicals), as well as to further the understanding of gene 

functions in signalling pathways in cancer studies. General background for these 

applications will be covered in the following sections and related studies are presented in 

Chapters 2, 3 and 4.  

1.5.2.1 Steady-state data from knockdown experiments 

To understand the observed differences among cell types or the responses of pathways to 

stimuli, various experimental designs have been proposed to measure gene expression 

data following external perturbations. The perturbations can be either induced by the 

combinations of drug applications or by direct reduction of the expression of one or 

several target genes, known as ‗gene knockdowns‘. Gene knockdown is achieved by an 

oligonucleotide binding to an active gene or its transcript (mRNA), resulting in a 

temporary change in the gene expression. The external stimuli in the experiment can be 

chemicals such as siRNA – a type of small non-coding RNA – which causes degradation 

of the target mRNA (Choudhuri, 2004). 

The idea behind steady-state perturbation experiments is to observe the effect of changing 

the expression level of one or several target genes on all the others. The experiments 

generally start with a sample of mRNA concentrations in a (reference) steady state. Then 

a perturbation is applied by knocking down a single gene or several target genes. The 

expression levels of all genes are measured when the system reaches a new steady state. 

Recent studies have targeted two types of genes in the knockdown experiments: genes 

that are known to be functionally relevant, such as TFs and signalling molecules; and 

genes that have been identified in the literature or biological databases as being 
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associated with significant movement of the transcriptome (Hurley, 2007; Hurley et al., 

2012). 

1.5.2.2 Time course experiments 

The objective of a time-course microarray experiment is to characterise the dynamics of 

gene expression for the understanding of transient cellular behaviours. To observe time-

varying processes in the cell, the expression level of each gene is measured across a 

number of time points following an external stimulus to the system, such as drugs or 

chemicals. Time-course experiments do not require perturbing individual genes. The 

isolated and cultured target cells in a time-course microarray experiment are usually 

treated with a selected chemical or drug for a certain period of time. Samples are then 

collected at a series of time points after treatment to record the response (Hurley et al., 

2012).  

1.5.3 Data preprocessing  

Usually, biological and technical variations arise during microarray experiments. The 

biological variations can be induced from the heterogeneity of tissue samples or 

molecular changes in cells. The technical variations can come from experiment 

procedures, including sample preparation, labelling and hybridisation (Zakharkin et al., 

2005). To obtain valid results, appropriate data pre-processing is essential to correct 

systematic variation, while retaining important biological variation, before any further 

statistical analysis. Normalisation is the process of adjusting microarray data to eliminate 

systematic variation that affect measurements of gene expression levels (Park et al., 

2003). Different types of normalisation methods have been proposed for solving different 

problems in microarray data analysis (Quackenbush, 2002). Commonly used 

normalisation approaches include Robust Multichip Average (RMA) (Irizarry et al., 
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2003), dChip (Li and Wong, 2003), quantile normalisation (Bolstad et al., 2003) and 

Loess normalisation (Berger et al., 2004). In general, these normalisation methods can be 

classified into three groups: Within Slide Normalisation, Multiple Slide Normalisation 

and Replicate Normalisation (Lin et al., 2012). Within Slide Normalisation methods, 

including global, local (intensity-based and spatial normalisation) and adaptive 

normalisations, eliminate the variance among gene spots within a single microarray. 

Multiple Slide Normalisation methods are proposed to scale gene expression values 

collected from multiple microarrays to the same level for further analysis. Replicate 

Normalisation methods, including dye-swap normalisation and quantile normalisation, 

are developed for replicate experiments which generate a set of expression values for 

each gene spot. Since different normalisation methods deal with different problems in 

microarray data, it is not a simple task to decide which methods perform the best. 

Evaluation approaches for normalisation methods include Ration-Intensity (R-I) plot, 

variance comparison and bias comparison (Lin et al., 2012). Park et al. (2003) compared 

several commonly used normalisation methods based on the variability measures derived 

from the replicated microarray samples. Their evaluation showed that intensity-based 

normalisation methods performed better than global normalisation methods. In a 

comparison study of Bolstad et al. (2003), they found that quantile normalisation method 

performed favourably by comparing the variability and bias of an expression measure. 

Lin et al. (2012) reviewed the current normalisation methods for microarray data, and 

suggested that certain normalisation methods could be combined or used sequentially on 

a dataset to improve normalisation performance. 

Batch effects are the non-biological experimental variations between two or more groups 

of samples in microarray experiments (Johnson et al., 2007). In microarray studies, it is 

common to combine data from multiple sources, such as published data collected from 

several independent microarray studies, in order to improve the statistical power of the 
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analysis. Yet, the batch effects are commonly observed in data from multiple microarrays 

(Johnson et al., 2007), and their existence may confound true variation in gene expression 

(Chen et al., 2011). Microarray signal intensity normalisation methods discussed above 

are widely used to correct systematic errors between all the samples and to increase the 

precision of measurements. However, these methods are not specifically for removing 

batch effects between multiple groups of samples. Batch effects may still exist even after 

normalisation (Luo et al., 2010). Therefore, other procedures must be applied to adjust 

batch effects in microarray data prior to further data analysis. Several approaches for 

batch effect removal have been proposed (Scherer, 2009), including the z-scoring method 

(Chen et al., 2008); singular value decomposition (SVD) (Alter et al., 2000); distance 

weighted discrimination (DWD) (Benito et al., 2004) derived from a support vector 

machines (SVM) algorithm; a batch mean centring approach (PAMR) (Sims et al., 2008); 

surrogate variable analysis (SVA) (Leek and Storey, 2007); and an empirical Bayes 

approach – Combating Batch Effects When Combining Batches of Gene Expression 

Microarray Data (ComBat) (Johnson et al., 2007). Recently, Chen et al. (2011) compared 

six of these batch adjustment methods and their evaluation showed that the ComBat 

method outperformed the others in terms of both efficiency in reduction of batch effects 

and improving precision of data. This method is adopted for eliminating the cohort-

related batch effect in the human breast cancer data combined from multiple studies in 

Chapters 3 and 4. 

1.5.4 Sequence-based measurement methods 

In contrast to microarrays, sequence-based techniques measure gene expression by 

directly counting the number and determining the sequence of cDNAs synthesised from 

RNA transcripts. Sanger sequencing of cDNA libraries (Gerhard et al., 2004) was 

initially used, but this is not a quantitative approach and involves relatively high 
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sequencing cost. These limitations motivated the development of high-throughput tag-

based sequencing methods based on Sanger sequencing technology, including serial 

analysis of gene expression (SAGE) (Velculescu et al., 1995), massively parallel 

signature sequencing (MPSS) (Brenner et al., 2000) and cap analysis of gene expression 

(CAGE) (Kodzius et al., 2006).  

In the SAGE approach, a short fragment of sequence is extracted as a tag from a uniquely 

defined position of each cDNA (Harbers and Kahl, 2012). These tags are then 

concatenated to form a long chain and cloned into bacterial vectors for sequencing. The 

output data is then processed to compute the number of tags. Each transcript is uniquely 

characterised by a tag fragment and the frequency of each tag indicates the abundance of 

the transcript in a sample (Harbers and Kahl, 2012). Such tag-based sequencing 

approaches provide precise digital and quantitative measures of gene expression (Wang 

et al., 2009b). 

Recently, the introduction of next-generation sequencing (NGS) technologies has 

provided a new method for quantifying the transcriptome, called RNA sequencing (RNA-

Seq) (Shendure, 2008). The basic approach used by RNA-Seq is similar to the one used 

by the SAGE techniques. However, rather than short tags from each transcript in the case 

of SAGE, RNA-Seq directly sequences the cDNAs generated from RNAs and the 

sequencing reads are then mapped to the genome (Nagalakshmi et al., 2010).  

Since the data used in this thesis is exclusively microarray data, methods for analysing 

sequence data will not be discussed further. In the subsequent sections, different 

statistical approaches and computational methods developed for analysing microarray 

data will be introduced. Many of these techniques can also be applied to sequence data 

with reasonable modifications or data pre-processing.  
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1.6 Identification of functional modules  

One of the most common studies in microarray data mining is to identify gene groups 

with related functions (i.e. gene functional modules) in order to reveal sets of coordinated 

genes that are responsible for specific biological processes, such as the cell cycle, 

immune response and ER signalling pathway (Figure 1-11). This is essential for 

improving our understanding of gene functions, for identifying cellular functions for 

previously unannotated genes, and regulatory pathway activities on a global scale (Ruan 

and Zhang, 2007).  

 

Figure 1-11 Co-expressed genes have similar expression profiles. The heatmap shows gene expression 

profiles across tumour samples. Each row represents a gene expression profile and each column 

represents a sample. The red colour indicates that the expression of gene is higher than the average 

expression across all samples; the green colour indicates that the expression of gene is lower than the 

expression across all samples. Co-expressed genes are more likely to be co-functional or enriched in 

the same biological functions or activities, such as cell cycle, immune response and ER signalling 

pathway.  

The expressions of genes participating in the same pathway or in the same functional 

group are more likely to be regulated by the same TFs in a similar way, and hence these 
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genes usually present similar expression patterns under various conditions (Reiss et al., 

2006). Therefore, clustering genes on their expression patterns is one of the important 

steps towards identifying gene functional modules and understanding the related 

biological functionalities in regulatory pathways. In this section, two types of clustering 

techniques that are commonly used in identifying functional modules are introduced. 

1.6.1 Hierarchical clustering 

It has been hypothesised that co-expressed genes are similar in the shape of their 

expression profiles, which can be clustered into one group to determine a co-functional 

regulatory module in gene expression analysis, as illustrated in Figure 1-11. Based on this 

hypothesis, clustering approaches, such as hierarchical clustering (Johnson, 1967), K-

means clustering (MacQueen, 1967) and self-organising maps (Kaski, 1997), have been 

broadly applied in recent decades to identify co-expressed functionally associated genes 

from microarray gene expression data. These computational techniques have been shown 

to be successful in revealing clinico-pathological and molecular features underlying co-

expressed genes (Ranjan and Khalil, 2007; Do and Choi, 2008; Kumar and Wasan, 2008; 

Weixiang et al., 2009; Nugent and Meila, 2010; Bayá and Granitto, 2011; Furlan et al., 

2011; Wang et al., 2011). These one-dimensional (1-D) clustering techniques group 

genes or samples by assuming that the related genes behave similarly across all measured 

samples or all the genes exhibit similar expression patterns within a specific set of 

samples (Li et al., 2006). Similarity between any two gene expression profiles can be 

quantified by a distance metric. A smaller distance indicates higher similarity in the 

expression patterns. 
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Figure 1-12 (A) A Venn diagram shows how genes are clustered. (B) A dendrogram constructed from 

the Venn diagram in (A) shows the hierarchical tree. 

In general, the hierarchical clustering technique (Manning et al., 2008) clusters gene 

expression datasets by a linkage algorithm. A reasonable similarity measure 𝜌𝑖𝑗 , such as 

the pairwise correlation coefficient or mutual information, is selected for assessing how 

close the expression patterns are between gene  𝑖 and gene  𝑗 . For example, if 𝜌𝑖𝑗  is a 

pairwise correlation coefficient of gene 𝑖 and gene 𝑗, given the range of 𝜌𝑖𝑗  ∈   −1, 1 , a 

positive value is required for a distance measure, 𝑑𝑖𝑗 , which may be derived from 𝜌𝑖𝑗  

using 𝑑𝑖𝑗 =
1

2
 2(1 − 𝜌𝑖𝑗 ). This outputs a normalised distance metric which contains the 

distance between any two genes in the range between 0 and 1.  𝑑𝑖𝑗 = 0 indicates perfect 

correlation (𝜌𝑖𝑗 = 1) while  𝑑𝑖𝑗 = 1  represents perfect anti-correlation (𝜌𝑖𝑗 = −1). The 

linkage algorithm uses the distance metric to quantify the affinity between any two 

clusters and decides the order in which the clusters should be combined. As illustrated in 

Figure 1-12(A), the two clusters with the highest affinity (the most similar pair) are 

combined to form a new cluster at each step. Initially, each cluster has one gene and this 

process progressively combines clusters until there is only one cluster containing all 𝑁 

genes. The result can be graphically visualised by a hierarchical tree (Figure 1-12[B]). 

Any two combined clusters are marked by a connection on the tree diagram at a linkage 
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distance equal to the affinity value. For 𝑁 genes, the hierarchy tree diagram is made up of 

𝑁 𝑁−1 

2
 unique distances.  

As illustrated in Figure 1-13, single-linkage, average-linkage and complete-linkage are 

three commonly used linkage criteria to define affinity between two clusters from the 

distance metric. The selection of an appropriate linkage method is very important in 

determining the optimal cluster size. 

 

Figure 1-13 The affinity of two clusters can be defined by three types of linkage measurement. Single-

linkage computes the distance between the closest pair of genes in two clusters (shortest distance). 

Average-linkage measures the average distance between all possible pair of genes in two clusters. 

Complete-linkage measures the distance between the furthest genes in two clusters (maximum 

distance). 

Single-linkage defines the affinity between two clusters as the distance between the 

closest pair of genes in two clusters. The hierarchical tree constructed with single-linkage 

is called a minimum spanning tree. However, since the single-linkage method only 

considers the minimum distance between the two clusters, the other pairs of genes with a 

distance larger than the linkage distance (𝑑𝑖𝑗  > 𝑑𝑖𝑗  𝑚𝑖𝑛 ) are not accounted for when 

estimating the similarity between the clusters. 
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Average-linkage measures the affinity using the average distance between all possible 

pairs of genes in two clusters. Similar to the single-linkage method, this method also 

neglects the pairs whose distances are larger than the average distance (  𝑑𝑖𝑗  >

𝑑𝑖𝑗  𝑎𝑣𝑒𝑟𝑎𝑔𝑒  ) in the clusters when combining the clusters on similarity. 

Complete-linkage chooses the maximum distance to be the linkage distance, i.e. the 

affinity is measured by the distance between the genes furthest apart in two clusters. Thus, 

the distance of any pair of genes in the clusters must be smaller than the linkage distance 

(𝑑𝑖𝑗  ≤ 𝑑𝑖𝑗  𝑚𝑎𝑥 ), i.e. this method takes all the genes in clusters into consideration when 

estimating the affinity of the two clusters.  

 

Figure 1-14 Hierarchical tree diagram superimposed with a cut-off (red horizontal line). With a 

hierarchical tree constructed by the complete-linkage method, eight clusters are determined by a 

selected distance threshold at 0.065.  

Given a hierarchical tree diagram (Figure 1-14), an appropriate cut-off is required to 

determine the optimal number of clusters, each of which highly represents a set of co-

expressed genes. The cut-off can be specified at a fixed value or determined by a 
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statistical approach, such as a bootstrapping analysis, to get a threshold value at a specific 

statistical significance. This will be demonstrated further in Chapter 3, which applies 

hierarchical clustering to human breast cancer data.  

1.6.2 Biclustering 

The standard hierarchical clustering method is a 1-D clustering technique which groups 

genes by assuming that related genes behave similarly across all measured samples (chips) 

(Li et al., 2006). 1-D clustering methods divide genes into disjointed sets and each cluster 

may in theory contain many genes related to a specific biological process. However, 

genes are usually not co-regulated under all conditions and across all tumours. Moreover, 

they can be involved in multiple regulatory pathways in the complex biological 

interactive environment (Carmona-Saez et al., 2006b), especially with microarray data 

collected from cancer patients with heterogeneous tumours. Therefore, according to 

general understanding of cellular processes, we expect subsets of genes to be co-

regulated and co-expressed in response to a specific group of patient samples or to a set 

of observed experiment conditions, but they can behave almost independently in other 

groups (Watson, 2006; Gonçalves et al., 2009), as illustrated in Figure 1-15.  



38  Chapter 1. Introduction 

 

Figure 1-15 An overview of the concept of biclustering. (A) A heatmap showing that a subset of genes 

has a similar expression profile in one subset of patients or tumour samples but not in others. (B)  

Schematic shows gene expression profiles correlated in one subset of samples can have no correlation 

in another group of samples.  

To address the limitations of 1-D clustering method, Cheng and Church (2000) pioneered 

the study of detecting subsets of genes with similar expression patterns under subsets of 

samples (associated with experimental conditions or groups of patients). The method, 

called biclustering, attempts to group genes and conditions simultaneously to identify 

local gene co-expression patterns. Over the past ten years, many other biclustering 

approaches have been developed based on different hypotheses to improve the 

identification of conditional gene co-expression, including ISA (Bergmann et al., 2003), 

OPSMs (Ben-Dor et al., 2002), SAMBA (Tanay et al., 2002), cMonkey (Reiss et al., 

2006), Noise-Robust algorithm (Ahn et al., 2010) and others (Murali and Kasif, 2003; 

Carmona-Saez et al., 2006b; Dharan and Nair, 2009). 
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In contrast to standard clustering algorithms, these two-dimensional (2-D) clustering 

methods determine a subset of genes which exhibit similar expression profiles over a 

subset of conditions, so that we can identify significant biological features without 

sample partition on the status of clinical factors (Madeira and Oliveira, 2004). Moreover, 

biclustering methods may allocate genes and samples into more than one cluster, which is 

concordant with the biological principle that genes can participate in more than one 

transcriptional pathway or biological process. In addition, they are also very important in 

the case where the co-expression of a set of genes is modulated by a regulatory factor 

activated under specific conditions (or a set of tumour samples) only (Bonneau, 2008). 

Many studies have demonstrated the applications of biclustering approaches to different 

organisms, such as E. coli and yeast datasets, as well as real human data, such as tumour 

datasets (Carmona-Saez et al., 2006a; Reiss et al., 2006; DiMaggio et al., 2008; Tchagang 

et al., 2008). In comparison to traditional clustering approaches, these studies have shown 

that the biclustering techniques provide better performance in terms of biological 

significance of the identified gene groups. In addition to identifying gene functional 

groups, adaptation of the biclustering technique to classify patient groups from gene 

expression patterns will be demonstrated in Chapter 4.  

1.7 Computational network model  

Reconstruction of large-scale transcriptional regulatory architectures is another important 

study of microarray gene expression data (Crampin et al., 2004a). The high-throughput 

gene expression profiling analysis is currently seen as a promising technique helps to 

identify regulatory interactions between genes, and consequently to discover clinically 

important molecules, such as hubs (highly connected genes), and other clinically 

important relationships between molecules in related biological activities (Ram et al., 

2006; Srividhya et al., 2007). This section introduces gene network modelling and 



40  Chapter 1. Introduction 

different computational network inference approaches that are commonly used in this 

field. 

 

Figure 1-16 Gene regulatory networks can be modelled as a group of connected nodes, which 

represent genes, and edges, which represent the interactions between genes. Three topologies of 

network show here: (A) Random network: introduced by Erdos and Renyi (1960). The network is 

statistically homogeneous and most nodes have the same number of edges. (B) Scale-free network, in 

which a few nodes are highly connected, called hubs, while the rest of the nodes have less links, 

leading to an extremely heterogeneous network (Jeong et al., 2000). (C) Hierarchical network: the 

architecture of this type of topology implies that sparsely connected nodes are part of highly 

clustered areas, with connections between the different highly clustered neighbourhoods being 

maintained by a few hubs. Source: Barabasi and Oltvai (2004).  

Gene regulatory networks are usually modelled as a graph of connected nodes, in which 

nodes represent genes (the expression level of a gene, or the abundance of the related 

mRNA) and edges represent interactions between genes (connections among genes). The 

network topologies can be categorised into three main groups: random, scale-free and 

hierarchical networks, as shown in Figure 1-16. 
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Figure 1-17 Non-directional and directional network models. (A) Co-expressed network models: non-

directional edges indicate association or co-expression among genes. Usually these genes have similar 

expression patterns and are more likely to be involved in the same functional activity. (B) Regulatory 

network models: directional edges indicate cause-and-effect relationships among genes. The 

directionality reveals the genes (parent genes or regulators, such as TFs) whose expression can 

influence the expression of other genes (child genes, or downstream targets).  

Network models with non-directional edges are usually known as co-expressed networks, 

as shown in Figure 1-17(A). The edges indicate the association or co-expression among 

the genes, and these genes are usually similar in their expression profiles. Edges of 

regulatory network models are directional, as shown in Figure 1-17(B). The directionality 

of edges, pointing from one gene (regulator or parent gene) to the other genes (genes 

being regulated, so-called targets or child genes), implies cause-and-effect relationships 

or causal regulatory interactions between the genes. These network graphs show the most 

fundamental relationship among the genes from their expression patterns, which may 

reveal important biological implications, such as functional gene groups, regulators and 

their related effects on downstream targets in transcriptional pathways.  

1.7.1 Reverse-engineering algorithms 

In recent decades, there have been many attempts to reveal gene regulatory interactions 

from experimental expression data. Development of computational approaches for 



42  Chapter 1. Introduction 

analysing quantitative and complicated microarray gene expression datasets has become 

one of the major focuses in the field of systems biology. These approaches, called 

Reverse-Engineering Algorithms (REAs), aim to reconstruct gene network architectures 

from gene expression profiles, particularly when there is little prior knowledge of the 

underlying networks (Crampin et al., 2004b; Ram et al., 2006). Meanwhile interest in 

developing computational approaches for reconstructing regulatory networks underlying 

oncogenesis from whole genome data has also been rapidly growing (De Smet and 

Marchal, 2010). Many inference methodologies have been proposed, with different 

assumptions. Although each of them applies specific assumptions to solve a particular 

research question or was developed for a particular type of dataset, most existing REAs 

are based on one of the four primary theoretical foundations: similarity measure, 

information theory, probabilistic inference, and the ordinary differential equations (ODE) 

system (Margolin and Califano, 2007). 

1.7.1.1 Similarity measure (correlation network) 

Similarity measure is usually applied in reconstructing co-expression networks (De Smet 

and Marchal, 2010), such as a correlation network (Eisen et al., 1998), in which the 

interactions between genes are connected based on the degree of similarity in gene 

expression profiles. The pairwise Pearson‘s correlation coefficient is one of the most 

commonly used similarity measures, which determines how close the expression 

behaviour is between any two genes. Given the expression data 𝑥𝑎 𝑖
 and 𝑥𝑏 𝑖

 of gene 𝑎 and 

gene 𝑏 in sample 𝑖 = 1,2 ⋯  𝑛, the correlation between the expression profiles of the two 

genes, 𝜌𝑎𝑏 , is given by the following equation:  

 
𝜌𝑎𝑏 = 𝑐𝑜𝑟𝑟 𝑋𝑎 ,𝑋𝑏 =
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where 𝑋𝑎
     and 𝑋𝑏

    represent the average expression of gene 𝑎  and gene 𝑏  across all 

samples respectively.  

 

Figure 1-18 Diagrams showing that two gene expression profiles are either highly positive correlated, 

highly negatively correlated (anti-correlated) or uncorrelated.  

The correlation coefficient 𝜌𝑎𝑏 ∈ [−1, 1] captures a linear relationship between genes, in 

which 𝜌𝑎𝑏 = 1 indicates gene 𝑎  and gene 𝑏 are highly correlated (positive linear 

association); 𝜌𝑎𝑏 = −1 indicates gene 𝑎 and gene 𝑏 are anti-correlated (negative linear 

association); and 𝜌𝑎𝑏 = 0 means gene 𝑎 and gene 𝑏 are uncorrelated (independent of each 

other), as illustrated in Figure 1-18.  

Figure 1-19 shows a correlation network reconstructed from correlation analysis, in 

which the pairwise correlation coefficients of all pairs of genes are estimated. Genes 

(nodes) are connected by an edge if their pairwise correlation coefficient is above a 

specified threshold. The threshold can be pre-defined by setting a fixed value, or it can be 
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determined by considering a specific statistical and biological significance of the network, 

such as a scale-free topology. The connections of the correlation network are non-

directional, which represent the association between genes, rather than directional causal 

interactions. 

 

Figure 1-19 Pairwise correlation analysis from gene expression profiles lead to an indirect correlation 

network. 

Genes with similar expression profiles are considered to be co-expressed genes. Genes 

encoding proteins that participate in the same biological pathway are often co-regulated. 

The expression profiles of such functionally related genes are more likely to be correlated 

with each other (Reiss et al., 2006). According to this rationale, the correlation analysis 

has been widely adopted in clustering/biclustering studies to identify distinct functional 

modules by clustering genes on their observed expression patterns. 

1.7.1.2 Information theory 

A correlation network is able to capture linear dependencies between genes, yet it is not 

able to identify nonlinear relationships between the expressions of two genes. This can be 

solved by connections building from information theory, i.e. computing mutual 
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information (MI). Entropy is the most fundamental concept of information theory, which 

measures the information contained in an expression pattern.  

Given a variable (gene) 𝑋,  the entropy  𝐻 𝑋  is given by the following equation 

 𝐻 𝑋 = − 𝑝 𝑥 𝑙𝑜𝑔 𝑝 𝑥  

𝑥

 (1.2)   

where 𝑝 𝑥  represents the marginal probability distribution function of 𝑥.   

The joint entropy of two variables (genes) 𝑋𝑖  and 𝑋𝑗  is defined by Equation (1.3): 

 𝐻 𝑋𝑖 , 𝑋𝑗  = −   𝑝 𝑥𝑖 , 𝑥𝑗  

𝑥𝑗∈𝑋𝑗𝑥𝑖∈𝑋𝑖

𝑙𝑜𝑔  𝑝 𝑥𝑖 , 𝑥𝑗    (1.3)   

where, 𝑝 𝑥𝑖 , 𝑥𝑗   is the joint probability distribution function of two genes 𝑋𝑖  and 𝑋𝑗 . 

Therefore, given the expression profiles of gene 𝑋𝑖  and gene 𝑋𝑗 , their relationship can be 

determined by pairwise mutual information 𝑀𝑖𝑗 , which can be defined as: 

 𝑀𝑖𝑗 = 𝐼(𝑋𝑖 ,𝑋𝑗 ) =   𝑝 𝑥𝑖 , 𝑥𝑗  

𝑥𝑗∈𝑋𝑗𝑥𝑖∈𝑋𝑖

𝑙𝑜𝑔  
𝑝 𝑥𝑖 , 𝑥𝑗  

𝑝 𝑥𝑖 𝑝 𝑥𝑗  
  (1.4)   

where 𝑝 𝑥𝑖 and 𝑝 𝑥𝑗   are the marginal probability distribution functions of variable 𝑋𝑖  

and 𝑋𝑗  respectively. 

Using Equations (1.2) and (1.3), Equation (1.4) can be derived as: 

 𝑀𝑖𝑗 = 𝐼(𝑋𝑖 , 𝑋𝑗 ) = 𝐻 𝑋𝑖 + 𝐻 𝑋𝑗  − 𝐻 𝑋𝑖 , 𝑋𝑗   (1.5)   

If two genes 𝑋𝑖  and 𝑋𝑗  are independent of each other, the joint probability distribution 

function 𝑝 𝑥𝑖 , 𝑥𝑗   can be simplified as follows: 

 𝑝 𝑥𝑖 , 𝑥𝑗  = 𝑝 𝑥𝑖 × 𝑝 𝑥𝑗   (1.6)   
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Therefore, Equation (1.4) becomes: 

 𝑀𝑖𝑗 = 𝐼(𝑋𝑖 , 𝑋𝑗 ) = 0 (1.7)   

By substituting Equation (1.7) back into Equation (1.5), the joint entropy of two genes 

whose expression profiles are statistically independent becomes the sum of their 

individual entropies:  

 𝐻 𝑋𝑖 ,𝑋𝑗  = 𝐻 𝑋𝑖 + 𝐻 𝑋𝑗   (1.8)  

In general, MI-based network inference approaches start with the estimation of marginal 

probability distribution, 𝑝 𝑥𝑖 , for each gene and joint probability distribution, 𝑝 𝑥𝑖 , 𝑥𝑗  , 

of each pair of genes. Next, the corresponding entropy, 𝐻 𝑋 , for each gene and the joint 

entropy, 𝐻 𝑋𝑖 , 𝑋𝑗  , of each pair of genes can be estimated. As illustrated in Figure 1-20, 

the MI for each pair of genes is then computed according to Equation (1.5). A threshold 

is required to determine whether the edge between two genes will be retained, as for a 

correlation network. The threshold can be a pre-determined value or a p-value indicating 

the significance of the pairwise MI. Genes are connected if their pairwise MI is above the 

specified threshold.  

 

Figure 1-20 Pairwise mutual information analysis examines the statistical dependence between genes 

and constructs a mutual information (MI) network. 
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Akin to the correlation network, the connections in a MI model (Bansal et al., 2007) do 

not imply directionality, yet they represent nonlinear statistical dependency among the 

genes. If 𝑀𝑖𝑗 = 0, the expression profiles of the two genes are statistically independent of 

each other. A higher 𝑀𝑖𝑗  indicates a stronger dependent relationship between two gene 

expression profiles, which implies a potential of being biologically associated. This has 

been demonstrated by Hurley et al. (2012) in their study of networks reconstructed from 

the data generated from the siRNA-mediated perturbation of human endothelial cells. 

 

Figure 1-21 Correlation coefficient versus mutual information (MI). The range of correlation 

coefficient between expression profiles of two genes is from -1 (anti-correlated) to 1 (positively 

correlated). The value of MI is equal to and larger than 0. The relationship between correlation 

coefficient and MI indicates that the larger the MI of a pair of genes the higher the positive or 

negative correlation between the expression profiles of two genes. Source: Hurley et al. (2012).  

In their network analysis, Hurley et al. (2012) computed both the correlation coefficient 

and MI for each pair of genes. Figure 1-21 illustrates the relationship between the 

pairwise correlation coefficient and the pairwise MI. It shows that statistically 

independent pairs of genes (𝑀𝐼 = 0) may be uncorrelated (𝜌 = 0), while statistical 

dependency (𝑀𝐼 ≠ 0) may be observed in uncorrelated genes (𝜌 = 0). Moreover, when 

two genes have large MI implies they are highly correlated, either positively or 

negatively.  
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Current information theoretic-based algorithms include ARACNE (Margolin et al., 2006), 

MRNET (Patrick et al., 2007), CLR (Faith et al., 2007), MRNETB (Patrick et al., 2010) 

and others (Zhao et al., 2006; Baca-López et al., 2009; Zola et al., 2010; Zoppoli et al., 

2010; Morshed and Chetty, 2011).  

1.7.1.3 Probabilistic inference (Bayesian network) 

Bayesian network model (Bansal et al., 2007) is a typical example of probabilistic 

inference. Many inference methods have been developed based on a Bayesian approach 

and have been widely used in microarray studies (Friedman et al., 2000; Berkman and 

Intrator, 2007; Kirimasthong et al., 2007; Numata et al., 2008; Wang et al., 2008; 

Yoshida et al., 2008; Ristevski and Loskovska, 2009; Shermin and Orgun, 2009; Luo and 

Woolf, 2010; Li et al., 2011a; Li et al., 2011c; Nikolova, 2011; Vignes et al., 2011; Yoo 

and Wilcox, 2011; Zhao et al., 2011; Zhou and Zhu, 2012). A Bayesian network can be 

visualised by a directional model, and the directional edges represent probabilistic and 

causal relationships between genes. 

The Bayesian inference approach is characterised by two components: a directed acyclic 

graph (DAG) and a global probability distribution (joint probability distribution (JPD)) 

(Friedman et al., 2000). The DAG, as shown in Figure 1-22, provides a graphic 

description of the relationships between genes (nodes). Their relationships are 

characterised by a JPD 𝑃(𝑋1,𝑋2, ⋯ , 𝑋𝑛  ). 
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Figure 1-22 A Bayesian network model with probability estimated for node A and node B, as well as 

a conditional probability table for node C. The conditional probability table demonstrates the 

probability of the state of C, given its parents A and/or B. The joint probability distribution (JPD) 

𝑷(𝑨, 𝑩, 𝑪, 𝑫) can be expanded by the product of marginal probabilities and conditional probabilities. 

The JPD follows the Markov assumption, which states that each variable 𝑋𝑖  is 

conditionally independent of its non-descendents, given all its immediate parents in DAG 

(Bansal et al., 2007). Therefore, the JPD can be factorised into a product form of simpler 

conditional probabilities:  

where 𝑃(𝑋𝑖|𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖 ))  represents the conditional probability of the relationship 

between 𝑋𝑖  and its 𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖 ).  𝑃(𝑋𝑖|𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖 )) is the probability of the expression 

of a child gene 𝑋𝑖  being correctly predicted, given the expression of its parent 

gene  𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖 ) . It indicates the statistical significance (the likelihood) of each 

connection being present in the network. Each JPD corresponds to a specific DAG, while 

one DAG may be associated with several different JPDs for a set of edges with distinct 

statistical significances.  

Several Bayesian networks can be represented by the same JPD and these networks are 

known as an equivalence class (Pearl and Verma, 1991).  

 𝑃(𝑋1,𝑋2, ⋯ , 𝑋𝑛  ) =  𝑃(𝑋𝑖|𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖 ))

𝑛

𝑖=1

 (1.9)   
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Figure 1-23 Equivalence class of Bayesian networks (Reproduced from Husmeier et al. (2005)). The 

first three of the network models can be described by the same joint probability distribution (JPD) 

through Bayes’ rule, although their directionality of edges is different. Network model 4 belongs to 

another equivalence class. 

Figure 1-23 shows four similar network models and their related JPDs. The first three 

networks comprise an equivalence class. The JPDs of network models 1- 3 are shown to 

be equivalent by the chain rule of probability from the Bayes‘ theorem (Husmeier et al., 

2005): 

The set of models in an equivalence class has the same edges yet with different 

directionality. Network model 4, however, belongs to a different equivalence class, which 

can be identified individually. Although it has similar graph as the first three models, the 

directionality of edges implies that A and C are marginally independent and the cause of 

B is dependent on both A and C.  

Reconstruction of a Bayesian network model requires estimation of the marginal 

probability distribution and the conditional probability for each variable. Since the 

biological network structure is often unknown, a heuristic search is usually used for 

inferring a Bayesian network model from gene expression data. The approach determines 

 𝑃(𝐴, 𝐵) = 𝑃(𝐵|𝐴) × 𝑃(𝐴) = 𝑃(𝐴|𝐵) × 𝑃(𝐵) (1.10)   
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possible parents (DAG construction) for each gene and the corresponding JPD is 

estimated. A scoring function is adopted to estimate a goodness-of-fit for the model 

described by the given DAG and JPD (Needham et al., 2006). This quantifies how well a 

network model fits the data. The process is repeated several times until the optimal model 

is determined (Hurley, 2010). Commonly used scoring functions include the Bayesian 

Dirichelet (BD) score (Heckerman et al., 1995), Minimum Description Length (MDL) 

(Friedman and Goldszmidt, 1998), Akaike Information Criterion (AIC) (Akaike, 1974), 

Bayesian Information Criterion (BIC) (Schwarz, 1978) and Mutual Information Test 

(MIT) (de Campos, 2006). 

Bayesian network inference is able to deal with incomplete data sets because it considers 

the dependency between all variables (Friedman, 1997). This is an advantage of Bayesian 

inference approach. However, inferring a Bayesian network model is non-deterministic 

polynomial-time (NP)-hard (Chickering et al., 2004) and involves high computational 

cost especially for a high-dimensional dataset. There are two limitations with Bayesian 

network inference from its formulation and assumption. First, a Bayesian network is not 

able to model any feedback loops or self-regulation which is the common feature of 

biological systems. This is because the application of the product expansion in Equation 

(1.9) requires a direct acyclic graph (DAG). Second, the product form in Equation (1.9) 

leads to equivalence classes. The same JPD can define network models in an equivalence 

class, which presents ambiguity in distinguishing the directionality of edges based on the 

expression data. 

1.7.1.4 Differential equation model 

The ordinary differential equation (ODE)-based algorithm is a deterministic network 

inference approach. The difference between the ODE-based inference method and the 

Bayesian approach is that an ODE-based approach does not require a prior estimation of 
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conditional probabilities for the occurrence of an interaction between any possible pair of 

genes. The ODE-based approach describes the variation in the expression of a gene as a 

function of the expression of other genes in the system: 

 
𝑑𝑥𝑖 𝑡 

𝑑𝑡
= 𝐹𝑖 𝑥1 𝑡 , 𝑥2 𝑡 , … , 𝑥𝑛 𝑡  , 𝑖 = 1 …𝑛 (1.11)  

where, 𝑥𝑖 𝑡  represents the concentration of mRNA for gene 𝑖  at time 𝑡 . The rate of 

change in mRNA concentration of gene 𝑖, i.e. 
𝑑𝑥𝑖 𝑡 

𝑑𝑡
, is dependent on the expression of all 

n genes, which is governed by the function of 𝐹𝑖 . Each function 𝐹𝑖  considers all factors 

that influence the expression of gene 𝑖, such as transcription rate and degradation rate. 

Each connection between nodes in the ODE-based model represents a causal interaction, 

but not necessarily a physical interaction between genes, proteins or metabolites. The 

advantage of the ODE-based model, for example network identification by multiple 

regression (NIR) algorithm (Gardner et al., 2003), enables it to present a range of 

dynamic behaviours observed in biological systems, such as oscillations and convergence 

to steady state after applying external stimuli (Bansal et al., 2007). Many other types of 

ODE-based inference algorithms have been proposed in recent years (Wildenhain and 

Crampin, 2006; Gustafsson et al., 2009; Liu et al., 2011).  

In general, the ODE-based approach infers a network on a gene-by-gene basis. It 

iteratively selects possible parent genes for each gene and how well the model fits the 

data is assessed by a scoring function, similar to the scoring metric used by Bayesian 

inference. The process is repeated until a model minimising a pre-specified scoring 

function is identified. The formulation and application of an ODE-based network 

inference algorithm is demonstrated in detail in Chapters 2 and 3. 
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1.7.2 Inference validation 

Various reverse-engineering algorithms are developed for analysing experimental 

datasets or patient datasets. The performance of these inference approaches can be 

hindered by lack of control of the noise levels in the data or limited number of 

experimental data. These algorithms may correctly identify interactions that have been 

known from the literature or biological databases. They may also discover many 

unknown interactions which could be a false prediction or correct identification of true 

interactions that have not been found previously (Wildenhain and Crampin, 2006). A 

thorough validation of inference performance is therefore essential in algorithm 

development. Figure 1-24 demonstrates the general processes for testing the performance 

of a network inference approach.  

Ideally, completely known networks (canonical networks) are needed as benchmarks for 

testing whether a reverse-engineering algorithm is able to correctly identify regulatory 

interactions and for determining its usefulness for pursuing previously unknown 

interactions. However, the real gene regulatory networks have not been fully understood. 

Moreover, there is not yet a gold-standard experimental dataset can be used for 

evaluating strengths and weaknesses of these inference algorithms. Therefore, simulated 

networks and data are commonly used for testing the performance of reverse-engineering 

algorithms. 
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Figure 1-24 A flow chart of the general network inference and validation process. In general, a 

canonical network can be simulated based on biological properties. Microarray experiments can be 

designed for simulating steady state data or time course measurement. A reverse-engineering 

algorithm is then used to infer a network from simulated microarray data. A dynamic regulatory 

network can be inferred from time series data and a steady state network can be reconstructed from 

steady state data. A comparison can be performed between inferred networks (candidate models) 

and canonical networks. Statistics analysis can be used to assess the performance of the algorithm. 

These analyses include computing the number of correct edges inferred, directionality of the edge 

and hubs of the network structure.  

In order to address the shortcoming of a lack of available experimental data, synthetic 

gene expression datasets are simulated against a precisely known pre-defined network 

generated from a simulation model. Several studies have developed models for gene 

expression data simulation (Gardner et al., 2003; Mendes et al., 2003; Albers et al., 2006; 

Schlitt and Brazma, 2006; Wildenhain and Crampin, 2006; Langfelder and Horvath, 

2007); however, these studies generated data from small-scale networks and thus the 

simulated data are not comparable to real microarray datasets that are high-dimensional 

and noisy. More recently, several simulated datasets have been produced as benchmarks 

to evaluate network inference methods in the Dialogue for Reverse Engineering 
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Assessments and Methods (DREAMs) project (Stolovitzky et al., 2007; Stolovitzky et al., 

2009; Prill et al., 2010). These simulated datasets still remain limited in terms of their 

sizes and numbers of experimental replicates. To generate appropriately dimensioned 

datasets, a novel data simulation environment is developed in Chapter 2. It allows the 

generation of different sizes of data from various synthetic networks for assessment of 

the sensitivity of network inference methods to noise, the number of samples and 

experimental replicates available.  

The performance of the inference algorithm is determined by a comparison analysis of 

the inferred network (candidate network) against the simulated network (canonical 

network). True positive rate (TPR) and false discovery rate (FDR) are commonly used to 

determine whether the algorithm is able to accurately predict the interactions from a 

known network or gold standard dataset. TPR, also known as sensitivity or recall rate, 

measures the proportion of actual interactions in canonical network which are correctly 

identified in the candidate network. FDR measures the proportion of interactions which 

are incorrectly predicted in the candidate network. Their computation is given by 

Equation (1.12): 

 𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 and 𝐹𝐷𝑅 =

𝐹𝑃

𝑇𝑃 + 𝐹𝑃
 (1.12)   

where TP (true positives) indicates the number of interactions being correctly identified; 

FP (false positives) indicates the number of interactions being falsely identified; and FN 

(false negatives) refers to the number of interactions which are not be identified. 

Higher TPR with lower FDR indicates high accuracy in the inference. The ideal result is 

TPR = 1 and FDR = 0, which indicates that the algorithm is able to infer all interactions 

correctly without any incorrectly identified edges among genes, meaning the candidate 

network is exactly the same as the canonical network. This type of analysis is discussed 
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further in Chapter 2 in relation to assessing the performance of network inference 

approaches under various conditions. 

1.7.3 Application of network models 

Previous sections have introduced four types of network models and network inference. 

These network models can be used independently or in combination for different types of 

microarray data analyses. Network models based on a similarity measure or information 

theory are usually known as co-expressed gene networks (Figure 1-25[A]), in which the 

undirected connections between genes imply associations (De Smet and Marchal, 2010). 

The co-expressed gene network models are commonly used in gene functional module 

analyses. The module inference algorithms identify functional modules by exploring 

subsets of genes with similar expression behaviours across sets of experimental 

conditions or samples. However, these network models only identify putative co-

regulatory genes and cannot distinguish the cause-and-effect relationships between the 

genes (Hansen et al., 2010).  

On the basis of the probabilistic theory or ODE-based models, many regulatory network 

inference approaches, for example SIRENE (Mordelet and Vert, 2008) and SEREND 

(Ernst et al., 2008), have been developed to predict the edge directionality from gene 

expression data (De Smet and Marchal, 2010; Wang and Gotoh, 2010). The gene 

regulatory networks (Figure 1-25[B]) are reconstructed to explain the causal dependency 

between individual genes. 
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Figure 1-25 Three general categories of network models. (A) Co-expressed networks, in which the 

connections among genes represent association or correlation in their expression pattern (non-

directional). The inferences are usually based on the computation of pairwise correlation or MI 

between the expression profiles of genes. (B) Regulatory networks, in which the interactions among 

genes interpret the causality between genes (directionality). (C) Module-based networks. Inferences 

of this type of networks usually comprise two steps: (i) clustering or biclustering to identify genes 

with similar expression pattern, such as downstream targets of a TF, which can be summarised by a 

single representative gene (meta-genes); and (ii), network inference to identify causality between 

genes and meta-genes. 

Instead of analysing microarray data with single genes, more recent studies have turned 

the focus to identify the relationships between functional modules. It has been suggested 

that extracting biological information and functional relationships shared by a set of 

genes is much easier and more supportive than emphasising prediction of individual 

interactions between single genes (De Smet and Marchal, 2010). Module-based network 

inference approaches, for example DISTILLE (Lemmens et al., 2009), LeMoNe (Michoel 

et al., 2009) and Inferelator (Bonneau et al., 2006), adopt the concept of modularity and 

considers co-expressed genes as an entity (functional module). These studies focus on 

identifying regulatory modules that assume that genes with similar expression profiles are 

regulated by the same regulators (Segal et al., 2005). The inference approach usually 

assigns genes and samples to modules by a clustering or biclustering method first and 

then builds regulatory interactions between genes and pre-defined modules (Figure 
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1-25[C]) to uncover the regulatory causality for the group (Segal et al., 2005). This type 

of inference is commonly used in identifying the relationships of TFs and their 

downstream targets.   

1.7.4 Gene set functionality analysis  

Understanding the biological association underlying the variations of gene expression 

patterns is essential for us to advance our knowledge of gene activities and hence cellular 

behaviours under various conditions. Since TF downstream targets or RNAs encoding 

proteins with similar functions are likely to be more correlated than is expected by chance 

(Lee et al., 2004; Hatanaka et al., 2008), genes with similar expression profiles are often 

assumed to be functional correlated and to share biological relevance (Lee et al., 2004). 

To determine the biological implication of gene clusters, it is critical to verify whether 

the members of the same gene cluster are biologically associated, such as participating in 

the same transcriptional pathways or being annotated with specific cellular processes and 

molecular functions. 

Gene Ontology (GO) (Ashburner et al., 2000) is the most commonly used gold standard 

of biological attributes for genes and gene products in many gene set enrichment analyses. 

The GO covers three sub-classes: cellular component (CC) for indicating the cellular 

locations; molecular function (MF) for description of activities at the molecular level; and 

biological process (BP) for illustration biological targets followed by coordinated 

molecular functions (Harris et al., 2004). The three subclasses are independent of each 

other, and the related annotation terms can be mapped into a hierarchical tree diagram 

where their level represents the specificity of biological terms, as shown in Figure 1-26. 

Apart from the GO, Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and 

Goto, 2000; Kanehisa et al., 2005) and Transcription Factor databases (TransFac) (Matys 

et al., 2003) are the other two widely used databases for functional annotations of genes 
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in regulatory modules. KEGG is an integrated knowledge base which provides higher-

order functional information. It mainly contains three databases: GENES for genomic 

information including genes and proteins, PATHWAY for information about cellular 

process and molecular interactions, and LIGAND for biochemical information including 

compounds, enzyme molecules and chemical reactions (Kanehisa and Goto, 2000). 

TransFac consists of information on known eukaryotic TFs, their downstream targets, 

and regulatory DNA-binding sites (Matys et al., 2003). It summarises useful information 

for identifying regulatory modules. Other similar databases include CancerGenes 

(Higgins et al., 2007), Biocarta (2011), NetPath (Kandasamy et al., 2010), Reactome 

(Joshi-Tope et al., 2005) and Wikipathways (Kelder et al.). Some other databases collect 

information about disease pharmacology and provide resources for drug targets, drug-

associated pathways, and interactions between drugs/chemicals and genes/proteins, such 

as DrugBank (Wishart et al., 2008), SMPDB (Frolkis et al., 2009) and STITCH (Kuhn et 

al., 2008). 
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Figure 1-26 A hierarchical diagram illustrating the functional enrichment of a set of genes in the GO 

category produced by the gene annotation enrichment analysis tool ClueGO. Darker coloured nodes 

indicate higher significance of the functional annotation terms enriched with the set of genes. 

Many gene annotation enrichment analysis tools, such as BiNGO (Maere et al., 2005), 

GATHER (Chang and Nevins, 2006),  DAVID (Huang et al., 2009a; Huang et al., 2009b), 

ClueGO (Bindea et al., 2009), MsigDB (Liberzon et al., 2011) and GeneSetDB (Araki et 

al., 2012), have been developed in the past decades to provide biologically meaningful 

and insightful interpretation for a given set of genes. These tools integrate the variety of 

specialised knowledge bases that we have discussed previously to elucidate the biological 

context underlying a group of genes. In general, enrichment analysis performs a statistical 

test for whether a list of genes has a larger overlap with biologically relevant gene sets 

than expected by chance. The significance of enrichment for the gene set is quantified by 
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various statistical measures, such as Fisher‘s exact test p-value, false discovery rate (FDR) 

and Bayes‘ factor (Rivals et al., 2007; Huang et al., 2009a). Some of these tools have also 

generated visualised diagrams to illustrate the functional annotation of a set of selected 

genes, such as the one shown in Figure 1-26 from ClueGO. 

The application of these functional enrichment analysis tools to human data will be 

demonstrated in the subsequent chapters. In Chapter 2, they are applied to validate the 

biological significance of findings from human endothelial cells data. In Chapters 3 and 4, 

they are used in the analyses of breast cancer patient data.  

1.7.5 Challenges in network inference 

The choice of inference algorithm and statistical analysis approach for reconstructing a 

network model depends on many factors, including the type of experimental design 

(time-series data or steady-state data), the data points or experimental replicates available, 

the prior knowledge of network properties (such as topology, directionality of 

interactions, involvement of self-regulation and feedback loops), and most importantly 

the type of questions needing to be addressed (for example, whether we are looking for 

co-expressed genes or regulators of gene expression). These factors limit the performance 

of the currently available network modelling techniques when applied to human biology. 

Two specific aspects are highlighted here, and a brief explanation is given to show how 

they motivate the work in the next two chapters. 

1). Lack of methods to combine time-series and steady-state gene expression data 

Most current network inference algorithms generate network models from either steady-

state data or time-series measurements. Steady-state data are generated by recording gene 

expression from experiments (such as gene-knockdown experiments; Section 1.5.2.1) or 

from individuals (such as patient data). Time-series data are obtained by measuring the 
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expression levels at a number of time points in temporal experiments (Section 1.5.2.2). 

Both types of data provide information about gene regulatory interactions in different 

aspects. Steady-state network models yield descriptions of network topology and the 

nature of interactions, such as independent additive interactions or combinatorial 

interactions. Nevertheless, these models present a simplified view of gene regulation. To 

obtain dynamic information, sequential measurements in temporal microarray 

experiments are obtained to illustrate variations in gene expression with respect to time. 

In general, dynamic network models tend to provide more details of the underlying 

network than steady-state models in terms of their ability to detect nonlinear behaviours 

in gene regulation, cause-and-effect relationships among genes, and variations in gene 

expression over time. Compared to steady-state models, fitting dynamic models however 

requires higher computational cost and more data to provide sufficient temporal 

information. Yet, it is expensive to collect the large quantity of temporal data needed for 

this type of model. The high cost of the microarray technology limits the time course 

experiments to a set of number of repeats, each of which only provides a small number of 

independent observations (Hurley et al., 2012). It is difficult to capture subtle variations 

in gene expression from a small number of observations, especially under complex 

experimental conditions. Many different possible interpretations can be derived from a 

narrow set of observations, yet validation of these findings and hypotheses is often 

hindered by a lack of experimental replicates. 

Considering both the advantages and limitations of steady-state and time-series 

microarray data, it might be beneficial to analyse both types of data simultaneously to 

achieve cost-and-efficiency balance in network inference. This idea motivated the work 

of Chapter 2, which explores whether the attempts may improve the prediction of gene 

interactions under various experiment conditions, including limited samples and 

experimental replicates. 
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2). Lack of methods to identify conditional dependence of gene regulation 

The high-dimensional datasets with low signal-to-noise ratio are often limited to a certain 

extent. There may be several hundreds to thousands of genes which do respond in the real 

system, yet only a subset of genes, representing a particular biological function, may 

typically respond to the perturbations targeted at a set of genes or under specific 

experiment conditions. Such conditional dependence is another important aspect that 

needs to be considered by network inference approaches. It is assumed that the observed 

condition-dependent gene expression pattern is explained by the combination of multiple 

regulators. These multiple regulators may act together to trigger a conditional response. 

This type of combinatorial regulatory interaction can be used to model the binding mode 

of cooperative or synergistic effects that are commonly observed in a higher degree of 

gene regulation, as discussed previously in Section 1.3. As reviewed by De Smet and 

Marchal (2010), most current reverse engineering algorithms consider the mode of the 

combinatorial interactions between regulators by logic function. The AND logic function 

is used to model the case where multiple regulators act synergistically to trigger the 

expression of a target. Other types of combinatorial interactions of multiple regulators 

can be modelled by the OR logic function when one of the multiple regulators is able to 

activate the expression of the target gene; or by the XOR logic function when multiple 

regulators act in a mutually exclusive manner.  

Inferring networks with higher-order regulatory interactions is challenging. There are 

more parameters that need to be fitted for many possible combinations of multiple 

regulators. On the other hand, this means a quantitative data samples is required, 

involving a high computation cost. Moreover, a general perturbation experiment, in 

which a single target gene is knocked down, may not be able to provide sufficient 

information for determining combinatorial regulation – multiple-gene knockdowns may 
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be required in order to identify such regulatory response. This could largely increase the 

complexity of the microarray experimental design. Nevertheless, the incorporation of 

combinatorial interactions in a network inference approach, theoretically, does provide a 

better explanation of conditional gene expression patterns and regulatory behaviours. 

Therefore, rather than focusing on the big picture of the interaction network, the model 

can be applied to identify possible multiple regulators of a selected gene or a group of co-

expressed genes. This concept is adopted in Chapter 3 for the inference of combinatorial 

regulatory interactions from human breast cancer patient data to elucidate conditional 

gene regulation. 

1.8 Gene expression profiling in cancer research 

In recent years, genome-wide microarray-based gene expression profiling analyses have 

been widely used in human cancer research. Previous studies have demonstrated that 

gene expression profiling makes a valuable contribution to breast cancer biomarker 

identification, molecular-based tumour classification, identification of differential 

prognostic groups, and prediction of drug response or patient relapse-free survival 

(Hortobagyi, 2005; Miller and Liu, 2007; Mehta et al., 2010).  This section gives a brief 

introduction to the conventional prognostic factors in breast cancer; reviews microarray-

based studies in tumour classification and identification of molecular biomarkers; and 

introduces survival prediction models in cancer studies. 

1.8.1 Conventional breast cancer prognosis 

One of the biggest challenges in the clinical management of cancer is the ability to 

provide an accurate prognosis and prediction of likely response to treatment for an 

individual patient. For example, clinicians would like to know the probability of the 

recurrence of a tumour or the metastasis behaviour in response to various therapies. The 
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conventional method for breast cancer prognosis relies on a histological evaluation of 

tumour related clinico-pathological features, including axillary lymph-node (LN) status, 

estrogen receptor (ER) status, progesterone receptor (PgR) status, histological grade, and 

tumour size (Hortobagyi, 2005). Patient characteristics, such as age, are also considered 

in the evaluation. These factors are commonly used in combination to classify patients 

into different risk categories (Schnitt, 2010), providing greater clinical value than if each 

factor is considered independently. 

1.8.1.1 Hormone receptor status  

The ER and PgR statuses are two key conventional biomarkers which have been 

commonly used in treatment decision for patients who have been diagnosed with breast 

cancer (Scarpi et al., 2001; Fuqua and Cui, 2004). Hormone receptor status can determine 

whether tumour growth is driven by hormones (estrogen and progesterone) or not. 

Hormone-sensitive (either ER+ or PgR+, or both positive) breast tumours are slightly 

slower growing and have a better response to antihormonal therapies than hormone 

receptor negative (ER- or PgR-) tumours. Usually, hormone-receptor positive tumours 

are more likely to be associated with good prognosis and patients may survive longer 

compared to hormone-receptor negative tumours, which are often poorly differentiated 

(Dunnwald et al., 2007).  

1.8.1.2 Lymph node status 

LN status is another important biomarker for breast cancer prognosis. It indicates whether 

any breast cancer cells have moved into the lymph nodes. A lymph node negative (LN-) 

result means that the tumour has not spread into the lymph nodes. The prognosis of LN- 

patients is usually better than that of lymph node positive (LN+) patients, in which the 
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tumour is observed in lymph nodes and the disease is more likely to recur as tumour has 

metastasised (Stephan, 2009). 

1.8.1.3 Histological grade 

According to the degree of differentiation, which indicates how similar in appearance the 

breast cancer cells are under the microscope compared to normal breast cells (shown in 

Figure 1-27), breast cancer can be classified into either Grade 1, Grade 2 or Grade 3. The 

morphology of Grade 1 tumours (well-differentiated tumours) is more close to that of 

normal cells. Low-grade (Grade 1) tumours grow slowly and are often associated with 

low risk of disease recurrence. Grade 3 tumours are more likely to be associated with 

poor prognosis and poor survival rates. These tumours are poorly differentiated and more 

aggressive. Grade 2 tumours are the intermediately-differentiated tumours, which grow at 

moderate speed (Rakha et al., 2010). Histological grade is an independent prognostic 

marker in primary breast cancer as well as metastatic breast cancer (Porter et al., 2004). 

Moreover, it has been shown to be highly correlated with clinical behaviours of breast 

cancer, such as metastatic spread (Porter et al., 2004; Rakha et al., 2010), which presents 

a strong predictive power in estimating patient clinical outcome (Rakha et al., 2008). 

 

Figure 1-27 Breast tumours with different histological grade being observed under the microscopy. 

(a) Grade 1 tumours are well differentiated and look like normal breast tissue. (b) Grade 2 tumours 

are moderately differentiated tumours. (c) Grade 3 tumours are poorly differentiated with frequent 

mitoses and are more aggressive. Source: Rakha et al. (2010). 
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1.8.2 Molecular-based tumour classification 

The classical diagnostic approaches are effective in discovering the occurrence of an 

individual tumour and the combination of these clinico-pathological variables has been 

shown to be useful for assessing risk categories for patient groups (Schnitt, 2010). 

However, tumours with similar histological appearance (morphology) may have wide 

variations in their molecular and clinico-pathological presentation as well as in their 

treatment responsiveness (Rakha et al., 2010). Thus, the role of conventional clinical 

biomarkers based on histology is limited in prognosis and risk evaluation for patients 

when made on an individual basis (Schnitt, 2010). They cannot discern tumour subtypes 

in which patients might have distinct clinical outcomes even though they share similar 

clinical and pathological parameters (Weber, 2009). This has become the motivation for 

designing a better prognostic method with improved predictive power to help predict 

likely efficacy of adjuvant therapy and to prevent patients from being over- or under-

treated, and hence to improve patients‘ quality of life. 

Defects in gene regulatory activities, as may arise from mutation, can lead to uninhibited 

cell division and ultimately may lead to malignancy. The abnormality in cells within a 

tumour can be reflected by specific gene expression patterns. This was first demonstrated 

in an experimental study by Ross et al. (2000) at Stanford University. They explored the 

variation in the expression pattern of 8000 distinct human transcripts from 60 cell lines 

derived from a variety of tumours. Hierarchical clustering of the cell lines revealed 

conservation of gene expression profiles that reflected the tissue of origin of these 

cultured (and extensively passaged) cell lines. Their study revealed the significance of 

gene expression patterns in relation to classifying tumours and clinical samples.  

Perou et al. (2000) initiated the study of molecular-based breast tumour classification, 

which classifies tumour samples according to unique expression patterns of specific 
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genes. They used a hierarchical clustering approach to analyse the expression of 8102 

human genes across 65 breast tumours from 42 individuals. The process determined 

several molecular portraits of tumours related to biological characteristics, such as 

cellular proliferation and signalling pathway activities. According to the gene expression 

patterns, they classified breast tumours into four subtypes: luminal, basal-like, ERBB2+, 

and normal breast-like (Perou et al., 2000). Luminal-like tumours were from the estrogen 

receptor positive (ER+) group, with genes in breast luminal cells over-expressed. The 

high expression of basal keratins 5/6 and 17 characterised the basal-like tumours. The 

ERBB2+ group was characterised by the over-expression of the ERBB2 oncogene. The 

normal breast-like tumours were defined by high expression of basal epithelial cell and 

adipose cell genes, as well as the low expression of genes associated with luminal 

epithelial cells (Perou et al., 2000). 
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Figure 1-28 Hierarchical clustering of breast tumour samples by the expression of a subset of genes. 

(A) A dendrogram shows clustering of tumour samples into five subgroups. (B) A heatmap 

represents the entire cluster of genes and tissue samples based on gene expression pattern. The gene 

clusters associated with the ERBB2+ tumour subtype (C), luminal subtype B (D), basal-like subtype 

(E), normal-like subtype (F) and luminal subtype A (G). Source: Lonning et al.(2005). 

In more recent studies on larger datasets, Sorlie et al. (2001) and Sorlie et al. (2003) 

refined their previous tumour subtypes classification by dividing luminal (ER+)-like 

category into two distinctive subtypes, i.e. luminal subtype A and luminal subtype B 

tumours, as shown in Figure 1-28(A). In luminal A, the genes ERα (ESR1), GATA, FoxA1, 

XBP1 and estrogen-responsive genes TFF3 and LIV-1 were highly expressed, while the 
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luminal-enriched genes were expressed at a low to moderate level in luminal subtype B 

tumours (Sørlie et al., 2001; Sørlie, 2004). By investigating the correlation between these 

unique gene expression patterns and the clinical outcomes of patients, Sorlie (2004) 

demonstrated significant differences in the overall and relapse-free survival for patients 

from different subtypes. Breast cancer tumours are then classified into five distinctive 

molecular subtypes with strong clinical implications on the basis of gene expression 

profiles: basal-like, ERBB2+, luminal A, luminal B and normal-like.  

Many other studies (Cheng and Church, 2000; Tanay et al., 2002; Madeira and Oliveira, 

2004; Ivshina et al., 2006; Krushevskaya et al., 2009; Weixiang et al., 2009; Furlan et al., 

2011) have since detailed genome-wide gene expression analyses in collaboration with 

clustering or biclustering techniques to identify unique molecular signatures (gene 

markers). These genetic markers have shown significant prognostic effects compared to 

the conventional clinico-pathological variables of tumours. Various new molecular-based 

tumour subclasses were then defined according to specific molecular biomarkers, whose 

expression profiles are highly associated with clinical outcomes such as chemotherapy 

response and patient survival (Ivshina et al., 2006; Mehta et al., 2010; Schnitt, 2010). 

Molecular and clinico-pathological heterogeneity has been revealed among molecular 

tumour subtypes, which provide local treatment options and may improve patient 

management (Wiechmann et al., 2009).  

The significance of identifying genetic biomarkers to provide more reliable prognosis and 

prediction of clinical outcomes is widely accepted. Many commercial tests have been 

developed on the basis of multi-gene classifiers to help in decision making for personal 

therapeutic strategies for each individual patient after primary surgery (Dowsett and 

Dunbier, 2008; Mehta et al., 2010), and the 21-gene assay Oncotype Dx (Paik et al., 2004) 

and the 70-gene assay MammaPrint (van 't Veer et al., 2002) are two commonly used 
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tests. The Oncotype Dx test analyses the expression of a group of 21 genes for each 

patient sample. It provides useful information, in addition to conventional prognostic 

tests, to estimate the likelihood of cancer recurrence for patients with ER+ primary breast 

cancer whose lymph nodes do not contain tumour (LN-). Usually, this group of patients 

will receive an anti-hormonal therapy, such as tamoxifen. The Oncotype Dx test helps in 

deciding whether or not chemotherapy is necessary as part of the patient‘s treatment 

strategy. MammaPrint examines a unique 70-gene signature to determine whether LN- 

patients with early stage breast tumours are at risk of distant recurrence (Ein-Dor et al., 

2005). This is independent of ER status and any treatment being received. The test 

classifies patients into two distinct groups: low-risk and high-risk. Patients associated 

with the low-risk group are more likely to be disease-free for at least five years, and 

hormonal therapy may be sufficient to reduce the risk of recurrence. A significant benefit 

of adjuvant therapy has been documented for high-risk patients, yet not for patients in the 

low-risk group (Knauer et al., 2010). These tests provide an insight to the aggressiveness 

of a patient‘s tumour and are important tools in treatment decision making according to 

each patient‘s individual needs. 

1.8.3 Survival prediction modelling 

Survival prediction is a tool commonly used to estimate the probability of a patient 

surviving for a certain amount of time. One of the considerations in survival prediction is 

censoring. Usually survival time measures the interval from a pre-defined time point to 

the occurrence of a given event, such as death or disease relapse. However, sometimes 

patients leave studies while they are still alive, and then the survival time is censored (i.e. 

the event has not yet occurred when the survival time was recorded). Two time-

dependent functions, the survival function and the hazard function (Lee and Go, 1997; 

Kong et al., 1998), have been widely applied in analysing censored survival data. The 
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two functions connect patient survival and risk probability to the observed survival time, 

describing how the survival or hazard rate varies over time. 

 

Figure 1-29 Kaplan-Meier survival curves for breast cancer patients. It compares the survival of 

patients and shows that one group is associated with low risk (red curve) of disease recurrence and 

one group is associated with high risk (purple curve) of disease recurrence.  

The Kaplan-Meier survival curve (KM plot) (Kaplan and Meier, 1958) has been 

commonly adopted to estimate the survival function from the observed survival time, 

taking into account the censored data without assuming the underlying probability 

distribution of the observation. Figure 1-29 shows KM plots that distinguish patient 

groups associated with low risk of recurrence (longer survival) and with high risk of 

recurrence (shorter survival). 

The KM estimator states that the probability of a patient survival priori to time 𝑡 can be 

estimated by the product of survival proportion in 𝑝 periods up to 𝑡:  

 𝑆𝐾𝑀(𝑡) =  
𝑁𝑖 − 𝑑𝑖

𝑁𝑖

𝑝

𝑖

 
(1.13)   
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where, 𝑁𝑖  is the total number of survivals at the beginning of period 𝑖 and 𝑑𝑖  is the total 

number of deaths at the end of period 𝑖. The censored data will be omitted during the 

calculation of survival proportion. Breslow (1972) suggested that the cumulative hazard 

function Λ 𝑡  can be estimated from the survival function by Λ 𝑡 = −𝑙𝑛(𝑆(𝑡)). 

To describe the hazard rate independent of time but in terms of a set of covariates, Cox 

proportional hazards (PH) regression (Cox PH) model (Fox, 2000) is then used. The Cox 

PH model is one of the most widely used prediction models for analysing survival data in 

the presence of censoring. The model identifies putative predictors (covariates), such as 

gene expressions and clinical information, that can be used to explain most variations in 

survival time without making any assumption about the dependence of hazard on time.  

In recent decades many survival prediction models have been developed on the basis of 

Cox PH model to predict patient survival time or relapse from microarray gene 

expression data. These models include univariate selection (Lai et al., 2006), supervised 

principal component analysis (Bair et al., 2006), partial least squares regression (Nygård 

et al., 2008), ridge regression (van Houwelingen et al., 2006) and LASSO (Zhang and Lu, 

2007). Bovelstad et al. (2007) performed a comparative study of the seven proposed 

survival prediction methods using multiple datasets, and their assessment suggested that 

the ridge regression model has the overall best performance in survival prediction. In a 

later study, Bovelstad et al. (2009) repeated the analysis by incorporating clinical 

information to compare the prediction performance of these methods from clinical data, 

genomic data and a combination of the two. They reported that the combined model of 

clinical data and genomic data (clinico-genomic model) tends to provide better 

predictions than the model generated from either clinical data or genomic data alone. In 

Chapter 4, we will further demonstrate the application of KM plots and Cox PH model in 
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tumour classification from breast cancer patient data, and illustrate how the survival 

prediction model can be used to estimate early relapse in patients. 

1.9 Personalised medicine and future direction 

The advances in expression profiling techniques have shown their clinical potential in 

driving prognosis and treatment decision making for individual patients in cancer biology. 

This has turned the focus of cancer genomics towards personalised medicine (Chin et al., 

2011). Personalised medicine provides individualised clinical decisions, including 

prognosis, prediction of recurrence and selection of treatment strategy, by using a 

patient‘s unique information – clinical, genomic, proteomic, environmental, and all other 

relevant kinds – to determine the patient‘s needs (Ginsburg and Willard, 2009; 

Diamandis et al., 2010). This new approach would replace a ―one size fits all‖ model.  

Cancer is a heterogeneous disease. Its cause and the corresponding response to therapy 

can be very different among patients. Significant variations in gene expression patterns 

between patients with the same type cancer suggest that molecular factors can be 

important in the formation of tumours (Diamandis et al., 2010). The molecular profiles of 

individuals provide unique genomic insight into a patient‘s tumour, which is a key 

component of personalised cancer medicine. Recent reviews (Ginsburg and Willard, 2009; 

Diamandis et al., 2010; Chin et al., 2011) have pointed out that stratification of patients 

into finite subgroups by their unique molecular characteristics is able to provide a 

customised estimation of the risk of disease recurrence, aggressiveness and the efficacy 

of treatment. Instead of predicting a response to disease on the basis of an average 

response, this has the potential of significantly improving patient management. 

Gene expression profiling has been widely used in many aspects of cancer biology, yet its 

application in clinical practice is still limited. To integrate genomic information for 
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personalised medicine, it is crucial to have a solid mechanism-based understanding of 

how interactions between cellular activities characterised by specific molecular 

signatures lead to cancer development (Ginsburg and Willard, 2009; Chin et al., 2011). 

Moreover, revealing regulatory mechanisms underlying specific tumour subclasses is 

essential to improve our understanding of clinico-pathological presentations as well as 

clinical response between subclasses of patients. Although many genetic markers have 

been discovered for defining tumour subclasses associated with distinct clinical outcomes, 

how regulatory mechanisms contribute to the heterogeneity between patients remain 

incompletely understood. Mapping the regulatory activities of the cancer pathways to 

specific clinical subclass of patients is therefore expected to advance the prediction of 

patient survival and helps progress decision making for individual patient‘s treatment. 

This is the main subject of Chapter 4 of this thesis.  

1.10 Summary and thesis objectives 

Elucidating regulatory mechanisms of transcription pathways underlying tumour 

progression and understanding their response to external stimuli, such as hormone 

therapy, can advance our understanding of the genetic causes for heterogeneous diseases. 

Gene expression data has provided valuable information in many molecular biology 

studies, and its related studies have been discussed in this chapter. The advantages of 

microarray gene expression profiling have been shown mainly in the following areas: 

 Reconstruction of interactions between RNA transcripts 

 Revealing the regulatory mechanisms underlying biological activities   

 Identification of genetic markers in cancer biology for tumour classification 

 Cancer patients‘ prognosis and survival prediction 
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Diversity in the phenotype of many diseases, such as breast cancer, has been increasingly 

recognised, however the fundamental regulatory mechanism for the heterogeneity 

remains incompletely understood (Bertucci and Birnbaum, 2008). The primary aim of the 

present research is to reveal the regulatory mechanisms of gene transcription pathways 

underlying tumour development and to determine the optimal models for a specific 

clinical practice. In particular, our approach mainly focuses on identifying the regulatory 

interactions underlying the development of tumours in order to understand transcription 

pathways and their interconnections, as well as their correlations to clinical and 

molecular parameters. We expect this study to advance our knowledge of the association 

between gene activities and clinico-pathologies of malignancy, and to help improve 

prognosis and prediction of clinical outcomes for individual patients while facilitating the 

targeted therapeutic treatment. 

Specifically, we have three objectives to accomplish in this research, which will be 

explored in the following chapters: 

1). Development of an approach to reconstruct gene regulatory network from time-

series and steady-state gene expression data together (Chapter 2) 

Currently, there are no accepted approaches for combining steady-state data and time-

series measurements in network inference. Wildenhain and Crampin (2006) proposed an 

ODE-based REA for reconstructing a regulatory network from gene expression data 

without making any prior assumptions. However, it only infers a linear model at the 

steady state level. To make the most use of both static and dynamic biological 

information, we will need to reformulate the algorithm, such that both types of 

measurements (steady-state and time-series data) can be used in combination for a 

network inference. Moreover, to capture the biological nonlinearity underlying gene 

regulation, we will incorporate nonlinear interactions to the model. To assess whether this 
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improves network inference, the approach will be applied to simulated gene expression 

data, as well as to human endothelial cell datasets.  

2). Identification of putative modulators of the interactions between transcription 

factors (TFs) and their downstream targets (Chapter 3) 

Modulators of gene regulatory interactions are defined as any factor that modifies the 

association between a TF and a target and these play an important role in controlling the 

regulatory mechanisms underlying TF activities. Elucidating putative modulators will 

help us understand the action of downstream targets and predict cells‘ responses in health 

and disease. Modulation implies dependency of the regulatory effect of a TF on a third 

factor in controlling the expression of a target. This is akin to a three-way interaction that 

the interaction of two genes is dependent on the expression of a third gene. Such a 

nonlinear relationship can be determined by a combinatorial regulatory interaction in 

which two regulators simultaneously control the expression of a target. To model the 

combinatorial regulatory interactions, in our study we will extend the proposed ODE-

based algorithm by incorporating pairwise interactions of a TF and a modulator. We 

expect this modification can assist in explaining the conditional co-expression and 

identifying putative modulators of key TF-target pathways underlying malignancy.  

3). Incorporation of clinico-pathological information into molecular data to provide 

a better tumour classification (Chapter 4) 

Breast cancer is a heterogeneous disease, which demonstrates wide differences in clinical 

presentations and treatment responsiveness. Tumour classification is used to determine 

whether all members of a subtype have the same properties. It helps us understand 

different forms of breast tumours and provide an accurate description of individual 

patients, so that clinicians are able to decide the best treatment in order to improve 
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clinical outcome. In our study, we will adopt a biclustering technique to group patients 

based on their gene expression patterns. We will examine the difference in survival 

outcomes between different patient groups and analyse the corresponding clinical 

presentations and gene regulatory activities for each subgroup of patients. A survival 

prediction model will be developed by incorporating clinico-pathological information 

with membership of patient groups. We expect this new tumour classification to be able 

to improve the prediction of clinical outcome, such as survival/relapse time, for 

individual cancer patients, according to their clinical and molecular measurements.  
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Integration of Steady-State and Temporal 

Gene Expression Data for the Inference of 

Gene Regulatory Networks 
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A variety of computational modelling tools, known as reverse-engineering algorithms 

(REAs), have been proposed to reconstruct regulatory networks from microarray gene 

expression data. Most of these algorithms were developed to identify either correlations 

between gene expression variables in datasets representing static ‗snapshots‘ of a 

biological system or to use time-varying data to determine causal dynamic regulatory 

relationships between genes. Both steady-state data and time-series measurements 

provide useful information about regulatory mechanisms underlying the data from 

different viewpoints. Few studies, however, have shown how to combine both types of 

data to make the most use of available information and improve the prediction of gene 

regulatory interactions. In this research, we proposed a method of combining steady-state 

and time-series gene expression data for network inference using an ordinary differential 

equation (ODE)-based reverse-engineering algorithm. We examined its performance in 

identifying gene regulatory interactions from both steady-state data and time-series 

measurements, as well as from the combination of the two. A systematic assessment was 

made by comparing the inferred networks to the synthetic networks from which the data 

was simulated. Inferring gene networks from combined data was found to be especially 

advantageous when using noisy measurements collected with either lower sampling rates 

or limited number of experimental replicates. We illustrated the application of our 

method on novel microarray gene expression datasets from human umbilical vein 

endothelial cells (HUVECs). Our results suggest that the combination of steady-state and 

time-series datasets may provide a better prediction of RNA-to-RNA interactions and 

may also reveal biological features that cannot be identified from dynamic or steady state 

information alone.  
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2.1 Background 

Microarray technology has been widely used to yield quantitative gene expression data, 

either as a ‗snap shot‘ of a biological system or at several time points following 

experimental perturbation, such as drug application or gene knockdown. Revealing gene 

regulatory interactions from such gene expression data is becoming an important focus in 

molecular systems biology. Reconstruction of accurate network models from gene 

expression profiles is the key to understanding regulatory mechanisms and cellular 

responses. In the past decade various network inference approaches, known as reverse-

engineering algorithms (REAs), have been developed based on different assumptions in 

an attempt to reveal gene functional interactions underlying diseases (Geier et al., 2007; 

Fujiota et al., 2008; Julius et al., 2009; Madar and Bonneau, 2009). REAs are powerful 

computational tools for identifying putative interactions among variables from observed 

data, which can be used to explain gene regulatory behaviour from either a dynamic 

system or at steady state. These algorithms can be classified into four general categories: 

regression-based algorithms; correlation analysis; Mutual Information (MI) analysis; and 

Bayesian inference. The potential of these data-driven computational approaches in gene 

network inference has been demonstrated in many previous reverse-engineering studies 

(De Smet and Marchal, 2010). According to microarray experimental design, each class 

of REA can be further refined into two subclasses: time-series (TS) inference algorithms, 

which identify gene interactions from temporal measurements, yielding a dynamic 

network model; and steady-state (SS) inference algorithms, which reconstruct gene 

networks from steady-state data, revealing network topologies and the nature of the 

interactions. Both types of data can provide valuable information about gene regulation. 

So far, however, there has been little discussion about how to combine temporal 
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measurements and steady-state data to extract regulatory information from heterogeneous 

data. 

In a previous study, Wildenhain and Crampin (2006) proposed a linear ODE-based 

network inference algorithm that reconstructs gene regulatory interactions from steady-

state data on a gene-by-gene basis using an iterative model selection technique proposed 

by Judd and Mees (1995). The ODE-based algorithm was developed based on the 

Methodology for Inference of Kinetics And Network Architecture (MIKANA) (Crampin 

et al., 2004a; Mourão et al., 2011). The application of the linear model had been validated 

on synthetic data simulated from steady-state perturbation experiments. The authors 

showed that the inference model (which we refer to as linear steady-state MIKANA) was 

able to identify putative regulators for each gene without making any prior assumptions 

about the underlying network structure. They demonstrated its favourable performance 

with different topologies, connectivity and noise levels and compared it to other REAs.  

However, this linear MIKANA model is limited in two aspects: (1) the approach was 

developed for steady-state expression data only – such inferred regulatory network 

models can only explain the behaviour of the system near equilibrium; and (2) gene 

regulation is highly complex and involves many feedback loops, cooperative behaviour 

and synergistic effects which cause nonlinear regulatory behaviour. The nonlinearity 

underlying the data may not be identified by a simplified linear model. In a later study of 

biochemical reaction mechanisms, Srividhya et al. (2007) applied a similar approach to 

identify biochemical reaction kinetics from transient behaviour of a biochemical pathway. 

This ODE-based inference approach was developed to infer interactions among reacting 

components from time-series data, which in turn enabled the assembly of elementary 

reaction steps to determine overall pathway connectivity. This dynamic model (which we 

refer to as time-series MIKANA) provides a paradigm for revealing regulatory 
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interactions from time-series data which can be used to predict functional dynamic 

interactions between genes and proteins in biological networks.  

Under different hypotheses about the underlying systems, the ODE-based MIKANA can 

be used to reconstruct networks from either steady-state or time-series data. Therefore, 

we reasoned that the ODE-based network inference algorithm could be generalised for 

both steady-state and temporal data without classifying measurements, so that the model 

could make the most use of the biological information available. In the work of this 

chapter, we introduced nonlinear basis function to the steady-state MIKANA 

(ssMIKANA) of Wildenhain and Crampin (2006) in order to capture the nonlinearity 

underlying gene regulation. We also implemented Srividhya et al.‘s (2007) time-series 

MIKANA (tsMIKANA) to reconstruct gene regulatory networks from time-series gene 

expression data. These two forms of ODE-based algorithm were then reformulated as a 

general algorithm, which we called combined MIKANA (cMIKANA), for identifying 

gene regulatory interactions from combination of time-series and steady-state gene 

expression data simultaneously. The performance of different types of MIKANA were 

assessed using synthetic data simulated from biologically relevant networks under 

various conditions including varying noise levels, numbers of samples and experimental 

replicates. We showed that the combination of steady-state and time-series data improved 

the performance of network inference when noisy time-series measurements were 

collected with either lower sampling rates or limited number of experimental replicates. 

The application of cMIKANA on human umbilical vein endothelial cells (HUVECs) 

datasets suggests that the inference on the combination of steady-state and temporal data 

of gene expression may reveal new biology that cannot be observed from either type of 

experimental measurements alone. 
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2.2 Results 

We assessed the performance of MIKANA with steady-state, time-series and combined 

datasets by comparing candidate networks inferred from simulated datasets against 

synthetic networks (canonical networks) used to simulate the data. Networks of 10-100 

genes were generated with three topologies: random, scale-free and hierarchical. The 

nonlinearity of gene expression data was incorporated in the data simulation model (see 

Appendix A.1-A.2 for details of network and data simulation environment). 

2.2.1 Experimental design to simulate steady-state and time-series 

datasets  

In this work, our experimental design was developed on a set of ODEs to simulate the 

steady-state and time-series measurements of gene expression in response to external 

stimuli (see Methods 2.4.1). For both types of measurements, the ODE-based simulation 

model guaranteed the convergence of the system into the new steady state after a 

perturbation and the variations induced by perturbations were an imitation of real 

biological response. 

Steady-state gene expression data were simulated by holding the expression level of a 

target gene at a fixed, reduced level. The system was then moving away from its steady 

state. When the system reached the new steady state, the expression levels of all genes in 

the network were recorded for steady-state measurements. Time-series data were 

simulated by sampling the changes in gene expression levels in response to perturbing the 

initial conditions of the entire network at fixed intervals. Expression data was collected 

between the initial condition and the new steady state at each time point and at every 2nd, 

4th and 8th time points, which corresponded to 40, 20, 10 and 5 data samples per 

experiment, respectively. The experiment was repeated 20 times and the time-series 
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measurements collected at each sampling rate were obtained by combining 1, 3, 5, 10, 13, 

15 and 20 replicates – using same network but different initial conditions –, respectively. 

To assess the robustness of MIKANA to noise, noise was drawn from Gaussian 

distribution with a zero mean and a specified standard deviation for each noise level (see 

Methods 2.4.2). Noise was added to both the steady-state and time-series gene expression 

data at various levels: 0%, 1%, 3%, 5%, 8%, 10%, 13%, 15%, 18%, 20% and 30%.  

We then computed the true positives (TP), true negatives (TN), false positives (FP) and 

false negatives (FN) to evaluate the inferred candidate networks by comparing them to 

the canonical networks. We also estimated the true positive rate (TPR or sensitivity) and 

false discovery rate (FDR), which were used to examine the performance of different 

types of MIKANA under different conditions (see Methods 2.4.3). To validate the 

network inference, we simulated 50 independent networks for each experiment, the 

results of which are described below. To determine whether MIKANA methods inferred 

the regulatory interactions more accurately than would be expected by chance, we also 

examined the network inference from scrambled datasets (see Methods 2.4.4).  

2.2.2 Linear vs. nonlinear steady-state model 

The ssMIKANA proposed by Wildenhain and Crampin (2006) adopted a linear basis 

function to approximate regulatory behaviour near the steady state. As noted above, this 

linear model is not able to capture the nonlinearity underlying gene regulation. To 

overcome this limitation, we employed a nonlinear basis function derived from the Hill 

activation function for ssMIKANA (see Methods 2.4.6). To test whether this could 

improve the performance of ssMIKANA, we inferred candidate networks from nonlinear 

steady-state gene expression datasets using linear and nonlinear ssMIKANA, respectively. 

The performance was then examined by comparing the linear and nonlinear candidate 

networks against the canonical network. 
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Figure 2-1 The performance of linear and nonlinear ssMIKANA methods for random, scale-free and 

hierarchical networks. The network models of 10-100 genes reconstructed from noiseless steady-state 

data using ssMIKANA with a linear basis function and ssMIKANA with a nonlinear basis function 

are compared. Each data point represents the average of the sensitivities or FDRs over 50 

independent networks. The related error bars were computed from the standard deviation of the 

sensitivities or FDRs over 50 independent networks. 
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Figure 2-1 compares the performance of linear and nonlinear ssMIKANA in different 

sizes of sparse networks with random, scale-free and hierarchical topologies. Both 

inference methods present a moderate uniform performance across different topologies. 

The sensitivity score was insensitive to network size for gene networks of 10-100 genes. 

However, the nonlinear ssMIKANA showed relatively higher sensitivity (~0.8) and lower 

FDR (~0.1) across different network sizes compared to the linear ssMIKANA (with 

sensitivity ~0.6 and FDR was ~0.3). On average, the algorithms performed better for 

scale-free and hierarchical topologies than for random networks. 

To assess the performance of ssMIKANA in response to noise, the candidate networks 

were reconstructed from steady-state datasets with different levels of noise. In general, 

the number of correctly identified edges decreased as noise level increased. Figure 2-2 

demonstrates the sensitivity and FDR for the candidate networks across different noise 

levels compared to canonical scale-free networks of 100 genes. The performance of 

ssMIKANA was affected by noise level: the sensitivity dropped dramatically and the 

FDR increased as the noise level increased. While the noise level deteriorated the 

accuracy of the inference, nonlinear ssMIKANA provided consistently better 

performance in comparison to linear ssMIKANA at the noise levels < 20%. As the noise 

level moved above 20%, the sensitivity was shown to be relatively similar for both linear 

and nonlinear ssMIKANA, but the FDR of nonlinear ssMIKANA was approximately 10% 

lower than that of linear ssMIKANA. 

To test whether the algorithm was truly identifying regulatory interactions from the 

steady-state data and was not just randomly connecting genes, we examined the inference 

of nonlinear ssMIKANA from scrambled datasets. No sensible interactions in the 

canonical networks were found in the inferred networks (the sensitivity was near 0 and 

the FDR was close to 1 – see the green curve in Figure 2-1). Taking all of these findings 
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into account, the incorporation of a nonlinear basis function improves the identification 

of the nonlinearity underlying gene expression data. 

 

Figure 2-2 The performance of linear and nonlinear ssMIKANA methods with scale-free networks, 

at different noise levels. The network models of 100 genes reconstructed from steady-state data at 

different noise levels using ssMIKANA with a linear basis function and ssMIKANA with a nonlinear 

basis function are compared. Each data point represents the average of the sensitivities or FDRs over 

50 independent networks. The related error bars were computed from the standard deviation of the 

sensitivities or FDRs over 50 independent networks. 
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2.2.3 Combination model vs. nonlinear time-series model under 

different conditions 

Srividhya et al. (2007) proposed an ODE-based computational approach (tsMIKANA) to 

identify biochemical reactions and reveal dynamic characteristics that underlie 

biochemical pathways. To infer a dynamic gene regulatory network model, we 

implemented the tsMIKANA, coupled with a nonlinear basis function, to reconstruct 

gene regulatory networks from time-series data. To take advantage of both steady-state 

and dynamic information, we modified the formulations of ssMIKANA and tsMIKANA 

such that they could be united into a combined form (cMIKANA – see Methods 2.4.7). 

The cMIKANA is a generalised ODE-based inference algorithm which is able to identify 

regulatory interactions from the combination of steady-state and time-series datasets. To 

assess whether this improved the performance of network reconstruction, we compared 

the tsMIKANA models reconstructed from time-series data only and the cMIKANA 

models reconstructed from the combination of steady-state and time-series data over 50 

independent simulations by changing the parameters described in the subsequent sections.  

2.2.3.1 Varying network size 

We compared the performance of tsMIKANA and cMIKANA on sparse networks with 

random, scale-free and hierarchical topologies for different network sizes. We found that 

with noiseless data being collected at each time point in 10 replicates, tsMIKANA and 

cMIKANA performed consistently across three topologies. Figure 2-3 shows the 

relatively stable performance of tsMIKANA (blue curve) and cMIKANA (red curve) 

across different network sizes, with high sensitivity (above 0.7) and low FDR (below 0.1). 

Both statistics had very small errors (+/- 0.04), suggesting consistent performance on 

different datasets. cMIKANA gave better prediction compared to tsMIKANA, 

particularly at larger network sizes. The FDR of cMIKANA was about the same as that of 
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tsMIKANA across different network sizes, however, and a relatively higher sensitivity 

was observed for cMIKANA as network size increased, which was approximately 0.05 

higher than that of tsMIKANA. To determine whether MIKANA methods inferred the 

regulatory interactions more accurately than would be expected by chance, we repeated 

the inference on the same datasets whose column samples had been shuffled (scrambled 

datasets). Low sensitivity and high FDR (indicated by the green curve in Figure 2-3) was 

observed from the inference across various sizes of networks with different topologies. 

Both MIKANA REAs demonstrated a significantly higher sensitivity in identifying the 

correct edges of canonical networks than could be expected by chance. 

Overall, no substantial differences were observed in the performance on different 

topologies, indicating a topology-insensitive performance of both tsMIKANA and 

cMIKANA. Slightly better performance was observed for cMIKANA compared to 

tsMIKANA with larger network sizes. This suggests that dynamic regulatory information 

may dominate the performance of network inference when combined with steady-state 

information. 
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Figure 2-3 The performance of tsMIKANA and cMIKANA methods for random, scale-free and 

hierarchical networks. The network models of 10-100 genes reconstructed from time-series 

measurements only (tsMIKANA) and those reconstructed from the combination of time-series and 

steady-state data (cMIKANA) are compared. The simulated time course dataset consisted of noiseless 

data being collected at each time point, in 10 replicates. 
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2.2.3.2 Varying noise level 

Noise is one of the important factors that can affect the performance of REAs. To assess 

the difference between the tsMIKANA and cMIKANA models under biological and 

measurement noise, we compared candidate networks reconstructed from the expression 

data as different levels of noise were added. This assessment was done on datasets 

generated from 50 independent scale-free canonical networks of 100 genes in 20 

experimental replicates. The time-series measurements in the datasets were collected at 

every time point. 

Figure 2-4 shows the performance of tsMIKANA and cMIKANA across different noise 

levels in the reconstruction of a scale-free network of 100 genes. With 1% noise level, the 

sensitivity of tsMIKANA was 0.6 in identifying interactions from time-series data; when 

steady-state and time-series data were combined, however, the sensitivity of cMIKANA 

was 0.66 in identifying connections between genes from the canonical networks. The 

performance of both deteriorated due to noise: the sensitivity decreased while the FDR 

increased dramatically as noise level increased. At noise levels < 10%, both FDRs stayed 

at low rates (~0). Although both tsMIKANA and cMIKANA were sensitive to noise, the 

cMIKANA demonstrated better performance compared with tsMIKANA in terms of 

higher sensitivity and lower FDR at noise levels from 1% to 20%. For high noise level 

(>20%), the sensitivity dropped towards 0 and the FDR increased to 1, where the noise 

dominated the real biological information underlying the expression data, and no 

sensitive regulatory relationships were extracted by either MIKANA network models. In 

general, cMIKANA was shown to be more robust to noise. 
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Figure 2-4 Influence of noise level on the performance of the tsMIKANA and cMIKANA methods. 

Different MIKANA network models were inferred from 100-gene scale-free networks. The 

sensitivities and false discovery rates (FDRs) from MIKANA inference methods with time-series data 

only (tsMIKANA) and with the combination of steady-state and time-series data (cMIKANA) are 

compared. The simulated time-series dataset consisted of data collected at every time point, in 20 

replicates at different noise levels – 0%, 1%, 3%, 5%, 8%, 10%, 13%, 15%, 18%, 20% and 30% 

noise levels. 
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2.2.3.3 Varying number of samples 

To examine the performance of MIKANA methods at different sampling rates, we tested 

their inference from the noiseless data being collected at each time point, at every 2nd, 

4th and 8th time points, respectively – that is 40, 20, 10 and 5 samples in each experiment. 

The expression data simulated from scale-free networks of 100 genes were used in this 

analysis. The time-series measurements consisted of data simulated from 20 replicates.  

Figure 2-5 shows the performance of tsMIKANA and cMIKANA for different numbers 

of samples. Both methods performed similarly on noiseless data collected at each time 

point. Our results showed that the sensitivities for both tsMIKANA and cMIKANA 

models dropped slightly while FDRs were relatively steady as numbers of samples in 

each experiment decreased (i.e. as sampling rates dropped). From this we concluded that 

both MIKANA models correctly identified interactions without significant proportions of 

falsely predicted edges at different sample sizes of data (there were relatively low FDRs 

across data collected at various sampling rates). The advantage of combining steady-state 

and dynamic information was demonstrated in network inference when only a small 

number of time-series data points were available however. The sensitivities of 

tsMIKANA models dropped slightly faster than those of cMIKANA models as sample 

sizes decreased. Given the time-series measurements collected at every 8th time point (5 

samples per experiment) in 20 replicates, the average sensitivity rate for cMIKANA 

(~0.72) was higher than that for tsMIKANA (~0.55) over 50 independent canonical 

networks. The average FDRs for both tsMIKANA and cMIKANA were less than 0.1, but 

the FDR for tsMIKANA implied larger variance compared to that for cMIKANA over 50 

independent networks. Moreover, the performance of cMIKANA inference (sensitivity = 

~0.72; FDR = ~0.025) with the combined datasets in which the time-series data were 

collected at every 8th time point was found to be as good as that of tsMIKANA inference 
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(sensitivity = ~0.73; FDR = ~0.04) with the time-series datasets in which the data were 

collected at every 4th time point. 

 

 

Figure 2-5 Influence of sampling rate on the performance of tsMIKANA and cMIKANA inference 

methods with scale-free networks of 100 genes. The sensitivities and false discovery rates (FDRs) 

from MIKANA inference methods with time-series data only (tsMIKANA) and with the combination 

of steady-state and time-series data (cMIKANA) are compared. The simulated time-series dataset 

consisted of noiseless data being collected at different sampling rates – at each time point, every 2nd, 

4th and 8th time points, respectively – in 20 replicates. 
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Overall, both tsMIKANA and cMIKANA were able to correctly identify interactions 

without significant proportions of falsely identified edges at different sampling rates. The 

prediction of gene regulatory interactions can be improved by including steady-state data 

when only comparatively few time-series data are available.  

2.2.3.4 Varying number of experimental replicates 

Each perturbation experiment recorded the dynamic variations in gene expression profiles 

over time in response to external stimuli. Time-series data obtained from a single 

perturbation are not sufficient to characterise the entire system. Usually, several 

replicates of perturbation experiments are generated and the time collections are 

combined to provide the regulatory information of the system. However, due to the high 

cost of the experiments, only limited experimental replicates are available in real 

microarray studies. Therefore, the performance and the validation of network inference 

approaches are restricted by the limited number of replicates. This limitation can be 

overcome by simulated experiments, which can be repeated as many times as required for 

testing the performance of inference approaches. To examine the performance of 

tsMIKANA and cMIKANA when only limited numbers of replicates are available, we 

generated noiseless time-series gene expression data, which were collected at each time 

point from 1, 3, 5, 10, 13, 15 and 20 replicates.  

Figure 2-6 demonstrates the performance of tsMIKANA and cMIKANA across different 

numbers of replicates for scale-free networks of 100 genes. We found that the sensitivity 

rate increased and the FDR decreased as more replicates were available for time-series 

measurements. This showed that a single experimental replicate of data could not provide 

enough information for either tsMIKANA or cMIKANA to correctly predict interactions 

between genes (sensitivity < 0.05 at 1 replicate). However, the inference performance 
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was largely improved when more than 3 replicates were available (sensitivity > 0.4; FDR 

< 0.3).  

 

 

Figure 2-6 Influence of experimental replicates on the performance of tsMIKANA and cMIKANA 

methods. Different MIKANA network methods were inferred from 100-gene scale-free networks. 

The sensitivities and false discovery rates (FDRs) from MIKANA inference methods with time-series 

data only (tsMIKANA) and with the combination of steady-state and time-series data (cMIKANA) 

are compared. The simulated time-series dataset consisted of noiseless data being collected at each 

time point in different replicates – 1, 3, 5, 10, 13, 15 and 20 replicates. 

0 2 4 6 8 10 12 14 16 18 20
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Replicates

S
e
n
s
iti

v
ity

 S
n

 

 

tsMIKANA

cMIKANA

0 2 4 6 8 10 12 14 16 18 20
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Replicates

F
D

R

 

 

tsMIKANA

cMIKANA



98 Chapter 2. Integration of Steady-State and Temporal Data 

The candidate networks reconstructed from 10 replicates were shown to provide 

reasonably good inference with simulated datasets (sensitivity > 0.7; FDR < 0.1). No 

substantial improvement was observed in the FDR rate specifically for the inference at 10 

to 20 replicates of time-series measurements. The assessment also demonstrated that the 

cMIKANA models showed better performance in comparison to the tsMIKANA models 

when more than one replicate of time-series measurements was available. Moreover, it 

showed that the inference from time-series measurements with limited replicates could be 

improved by including steady-state data. This was observed when comparing the 

performance of cMIKANA inference at 10 replicates to tsMIKANA inference at 13 

replicates. Given the time-series data collected at each time point (40 samples per 

experiment), a 500-sample combined dataset could be obtained from a combination of the 

time-series data in 10 replicates and a steady-state dataset generated from a 100-gene 

scale-free network (100 samples). The performance of cMIKANA inference with the 

500-sample datasets on average (sensitivity = ~0.8; FDR = ~0.05 at 10 replicates) was 

shown to be nearly as good as the performance of tsMIKANA (sensitivity = ~0.83; FDR 

= ~0.03 at 13 replicates) when the inference was made from the time-series datasets in 13 

replicates (520 samples). Overall, incorporation of steady-state information can improve 

the prediction of regulatory interactions when only limited replicates are available for 

time-series measurements. 

2.2.4 Edge directionality  

The directionality of gene interactions reveals a cause-and-effect relationship in which 

one RNA is upstream of another. This is one of the important biological implications in 

network analysis. Deterministic ODE-based network inference approaches are able to 

assign directional edges among RNAs from either steady-state data or time-series 

measurements. However, due to the complexity underlying real biological networks and 
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the limitations of microarray data, it is not surprising that the direction of edges can be 

incorrectly predicted in the network models. To explore the performance of MIKANA 

network methods in representing edge directionality, we compared three candidate 

networks – ssMIKANA, tsMIKANA and cMIKANA network models – to canonical 

networks. Specifically, we generated 50 100-gene networks with scale-free topology 

(canonical networks, in which the average connectivity of each node was 3 – on average, 

each of these networks had 300 edges). For each canonical network, time-series 

measurements and steady-state data were simulated. The data we used were noiseless 

data, in which time-series data were collected at each time point in 10 replicates. Three 

network models were reconstructed, one from each type of data, and one from a 

combination of the two. We then compared the canonical network to forward network 

models (the inferred candidate networks) and to reversed network models (in which the 

directionality of each edge in the forward network models was swapped). 
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Figure 2-7 Comparison of the directionality of edges in the ssMIKANA, tsMIKANA and cMIKANA 

network models. 100-gene scale-free topology networks were generated and related noiseless steady-

state datasets were simulated. Time-series data were collected at each time point in 10 replicates. The 

number of edges in the canonical networks found in the forward network models (left column) and in 

the reversed network models (right column) were computed.  

Figure 2-7 compares the directionality of edges in network models reconstructed from 

steady-state data (ssMIKANA), time-series data (tsMIKANA), and the combination of 

the two (cMIKANA), respectively. We evaluated the number of edges in canonical 

networks present in forward network models (the left column in Figure 2-7) and in 

reversed network models (the right column in Figure 2-7). A significant number of edges 

in canonical networks are inferred with a reverse-directionality, either from steady-state 
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data or time-series data. However, Figure 2-7 shows that tsMIKANA was able to recover 

many more edges with correct direction than ssMIKANA. When compared with 

tsMIKANA, cMIKANA determined approximately the same number of correct 

directional edges. Overall, time-series measurements provide directional information for 

identifying causal-and-effect relationships among genes. Incorporation of steady-state 

data does not appear to deteriorate identification of edge directionality. 

2.2.5 Application to endothelial dataset 

In a study of human umbilical vein endothelial cells (HUVECs), Hurley et al. (2012) 

generated a siRNA disruptant microarray dataset (379 probe sets) from siRNA-mediated 

knockdowns of 400 specific molecules and transcription factors, and a time-series 

microarray dataset (234 probe sets), where samples were harvested at 8 time points from 

a population of HUVECs after being treated with tumour necrosis factor (TNF) (see 

Methods 2.4.8). To assess the performance of MIKANA on real microarray experimental 

datasets, we reconstructed regulatory networks from these microarray datasets separately 

and as a combined steady-state and time-series dataset. To carry out a comparison, we 

used the subset of expression data of 50 RNAs that were collected in both the siRNA 

disruptant and TNF time course datasets (see Appendix B Table B-1). The networks 

generated using ssMIKANA (130 interactions inferred from the siRNA disruptant data), 

tsMIKANA (204 interactions inferred from the TNF time course data) and cMIKANA 

(738 interactions inferred from the combined dataset) for these 50 RNAs were then 

compared (these network models are presented in Appendix B Table B-2, B-3 and B-4, 

respectively). 

To illustrate the similarities and differences between these three networks, we performed 

a RNA-to-RNA edge-wise comparison between all three network models. Table 2-1 

summarises the number of directed edges overlapping between each pair of MIKANA 
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network models, and the Venn diagram shown in Figure 2-8 illustrates edge overlap in 

the three different networks. 15 edges were found in both the ssMIKANA (~12% 

coverage) and the tsMIKANA (~7% coverage) networks. Respectively, 28 edges in the 

ssMIKANA (~22%) and 68 edges in the tsMIKANA (~33%) networks could be found in 

the cMIKANA model, in which only 2 edges were from the overlap of ssMIKANA and 

tsMIKANA.  

To establish whether the network identified using cMIKANA was simply the addition of 

the ssMIKANA and tsMIKANA network models, we compared the cMIKANA network 

to the union of the ssMIKANA and tsMIKANA networks. 94 out of 319 interactions 

(~30% overlap) in the union network were found to overlap with interactions inferred 

from the combined dataset using cMIKANA.  

Overlaps of edges ssMIKANA tsMIKANA cMIKANA U(TS,SS) 

ssMIKANA 130 15 28 130 

tsMIKANA 15 204 68 204 

cMIKANA 28 68 738 94 

U(TS,SS) 130 204 94 319 

Table 2-1 Overlaps of edges between all pairs of 50-gene network models. We computed the common 

edges overlapping among MIKANA network models reconstructed from a siRNA disruptant dataset 

(ssMIKANA), TNF time course measurements (tsMIKANA) and the combination of the two  

(cMIKANA). In addition, a union network (U(TS, SS)) was constructed by combining the 

tsMIKANA and ssMIKANA network models. 
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Figure 2-8 Venn diagram showing the network edges present in three inferred models. The edge-wise 

comparison between the ssMIKANA, tsMIKANA and cMIKANA models which were reconstructed 

from the related endothelial dataset is made.  

‗Hub‘ genes in regulatory networks are genes with high out-degree, which influence the 

expression of many other genes. To determine the potential biological significance 

underlying each of the inferred network models, we ranked genes by out-degree (i.e. the 

number of target genes in the inferred network) from the three different models. Table 

2-2 summarises the top 10 hub genes (highest out-degree) for each of the three inferred 

networks. We found 3 hubs (ID1, FOS and CFB) overlapping between ssMIKANA and 

tsMIKANA network models. These hubs were highly enriched for the regulation of 

transcription from the Pol II promoter (GO: 0006357 with a Bayes factor of 7) according 

to the GATHER web tool (Chang and Nevins, 2006). Of these, FOS was also a hub in the 

cMIKANA network. Moreover, two other hubs IL15 (in the top 10 for ssMIKANA) and 

HIVEP2 (in the top 10 for tsMIKANA) were also found in the cMIKANA network. 
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ssMIKANA tsMIKANA cMIKANA 

Hubs 

Number 

of 

Children 

Hubs 

Number 

of 

Children 

Hubs 

Number 

of 

Children 

ID1 

NM_002165.1_PROBE1 
10 

DUSP1 

NM_004417.2_PROBE1 
35 

HIVEP2 

NM_006734.1_PROBE1 
43 

CXCL10 

NM_001565.1_PROBE1 
5 

ID1 

NM_002165.1_PROBE1 
30 

F3 

NM_001993.2_PROBE1 
39 

FOS 

1227212CB1_PROBE1 
5 

IRF7 

NM_004031.1_PROBE1 
30 

FOS 

1227212CB1_PROBE1 
37 

NFKB1 

NM_003998.1_PROBE1 
5 

FOS 

1227212CB1_PROBE1 
20 

TLR2 

NM_003264.1_PROBE1 
37 

CD69 

NM_001781.1_PROBE1 
4 

NFATC1 

8224569CB1_PROBE1 
11 

HIVEP2 

X65644_PROBE1 
33 

CFB 

NM_001710.2_PROBE1 
4 

IL6 

NM_000600.1_PROBE1 
10 

IL15 

2469073CB1_PROBE1 
26 

CXCL3 

NM_002090.1_PROBE1 
4 

PSMB9 

NM_002800.1_PROBE1 
9 

VCAM1 

NM_001078.1_PROBE1 
26 

ETS1 

AK001630_PROBE1 
4 

BCL3 

NM_005178.1_PROBE1 
8 

RELB 

NM_006509.1_PROBE1 
24 

IER3 

NM_003897.1_PROBE1 
4 

HIVEP2 

X65644_PROBE1 
7 

MAP3K8 

NM_005204.1_PROBE1 
23 

IL15 

2469073CB1_PROBE1 
4 

CFB 

NM_001710.2_PROBE1 
6 

TUBB2B 

X79535_PROBE1 
23 

Table 2-2 Top 10 hubs from the ssMIKANA, tsMIKANA and cMIKANA network models 

respectively, reconstructed from endothelial datasets.  

To determine biological function of these genes, we next used the GATHER web tool to 

perform a functional enrichment analysis of the hubs in each network model by 

comparing the hubs to the Gene Ontology (GO) database. Table 2-3 summarises the most 

significant biological annotations (from the GATHER report with Bayes factor > 6) of 

the hubs in the three different networks. Most of the hubs in the three networks (7 hubs in 

ssMIKANA, 5 hubs in tsMIKANA and 5 hubs in cMIKANA networks) were shown to 

be highly enriched for immune response (GO: 0006955). This is consistent with the 

methods used to generate the datasets: through the choice of siRNAs used to generate the 

steady-state disruptant dataset; and through perturbation of the cells using TNF (a 

cytokine involved in inflammation) for the temporal data. 

Overall, although the cMIKANA network model did have some overlaps, in edges and 

hubs, with the ssMIKANA and tsMIKANA network models respectively, relatively little 

overlap was discovered between cMIKANA and the union of the two network models. 

Our analyses implied that the cMIKANA model did not simply represent the addition of 
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the tsMIKANA and ssMIKANA networks, and that it may therefore reveal other 

interactions and important genes that cannot be found by either tsMIKANA or 

ssMIKANA alone. This suggests that a combination of dynamic and steady-state 

information may uncover biological characteristics of the regulatory system that cannot 

be discovered from each type of measurements individually. 
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ssMIKANA 

Gene Ontology 
Genes with 

Annotation 

ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

GO:0006952: defense response 8 13.02 15.55 11.01 

GO:0051244: regulation of cellular 

physiological process 
7 12.56 15.09 11.01 

GO:0009607: response to biotic stimulus 8 11.99 14.51 10.84 

GO:0006955: immune response 7 10.7 13.22 9.84 

GO:0050794: regulation of cellular process 7 10.31 12.83 9.69 

GO:0051243: negative regulation of cellular 

physiological process 
5 10.13 12.67 9.69 

GO:0050791: regulation of physiological 

process 
10 9.43 11.95 9.12 

GO:0050789: regulation of biological 

process 
10 8.34 10.84 8.15 

GO:0006954: inflammatory response 4 7.94 10.48 7.97 

GO:0043118: negative regulation of 

physiological process 
5 7.92 10.44 7.97 

GO:0006366: transcription from Pol II 

promoter 
5 7.79 10.31 7.94 

GO:0006916: anti-apoptosis 3 6.82 9.37 7.08 

GO:0050896: response to stimulus 8 6.67 9.16 7 

GO:0043066: negative regulation of 

apoptosis 
3 6.49 9.03 7 

GO:0009611: response to wounding 4 6.48 9 7 

GO:0043069: negative regulation of 

programmed cell death 
3 6.46 9 7 

TransFac     

V$NFKAPPAB65_01: NF-kappaB (p65) 7 9.66 12.19 6.69 

V$NFKB_C: NF-kappaB binding site 5 6.88 9.39 4.59 

tsMIKANA 

Gene Ontology 
Genes with 

Annotation 

ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

GO:0009607: response to biotic stimulus 6 7.9 10.25 5.32 

GO:0050791: regulation of physiological 

process 
8 6.83 9.17 5.28 

GO:0006955: immune response 5 6.4 8.74 5.28 

TransFac     

V$NFKB_C: NF-kappaB binding site 5 8.11 10.47 5.02 

cMIKANA 

Gene Ontology 
Genes with 

Annotation 

ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

GO:0006955: immune response 5 7.12 9.38 5.1 

GO:0006952: defense response 5 6.58 8.83 5.1 

Table 2-3 Biological enrichment analysis for the top 10 hubs in the ssMIKANA, tsMIKANA and 

cMIKANA network models. The categories in Gene Ontology and TransFac with Bayes factor > 6 

are summarised and the related number of genes with annotation in the hubs. The Fisher exact p-

value (FE: -ln[p value]) and false discovery rate (FE: -ln[FDR]) are presented. 
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2.3 Discussion 

This work focused on identifying gene regulatory interactions from the combination of 

steady-state and temporal gene expression data in order to improve network identification. 

We reformulated a general ODE-based REA from two existing inference approaches, 

such that both steady-state and time-series microarray gene expression data could be used 

simultaneously for identifying network inference without any prior knowledge about the 

underlying network. 

Synthetic data simulation incorporates pairwise TFs to capture 

synergistic behaviour 

Up until now no biological regulatory network has been completely understood for 

network validation. The most common technique used for assessing the performance of 

inference algorithms is to generate simulated datasets from artificial networks. Therefore, 

it is important to develop simulation model which provides a realistic representation of 

biological networks and to design suitable experiments for generating steady-state and 

time-series data that accurately mimic real biology.   

The synthetic dataset used by Wildenhain and Crampin (2006) only considered 

independent parents for each gene, meaning that if several regulators are controlling one 

common target gene, each of them can stimulate the regulation of activation or inhibition 

of the target gene in the absence of other TFs. However, gene regulation in higher 

organisms commonly requires multiple TFs (Lahdesmaki et al., 2008). If the combined 

effect of multiple regulators is larger than the sum of their individual effects, the 

regulators are said to act in synergy (Schilstra and Nehaniv, 2008). In gene expression, 

the significant synergistic action indicates the deviations from linear or additive 

behaviour of the effects of transcription factors, i.e. nonlinear behaviour dominates 
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(Herschlag and Johnson, 1993) and this demonstrates the interdependency between the 

mechanisms of the action of TFs (Salvador, 2000). Therefore, by extending their 

simulation model we have introduced regulators with combinatorial effects to imitate 

synergistic regulatory behaviour for synthetic networks based on user selection.  

Nonlinear ssMIKANA improves prediction of interactions 

Wildenhain and Crampin (2006) suggested that linear regulatory models inferred from 

microarray gene expression data can reasonably provide some useful information near its 

steady state (ssMIKANA). However, in the real biological world, the nature of biological 

systems is often nonlinear and many experiments have shown deviations from steady 

state and nonlinear responses of the network to the large perturbations. The linear 

approximation is not sufficient for replicating biological nonlinearity in real complex 

molecular networks. It may easily miss useful information underlying microarray data 

and introduce artefacts in the modelling of regulatory behaviour.  

To improve the performance of the inference while preserving computational efficiency, 

we incorporated the nonlinear basis function into the pseudo-linear steady-state ODE-

based inference method proposed by Wildenhain and Crampin (2006) to extract the 

nonlinearity underlying the data. The nonlinear ssMIKANA presented a better 

performance on scale-free and hierarchical topologies compared to that on a random 

topology (shown in Figure 2-1), which is consistent with what has been found by linear 

ssMIKANA (Wildenhain and Crampin, 2006). This is because the random topology was 

simulated by assuming that the distribution of the number of connections per gene 

follows a Poisson distribution, while the algorithm does not make any assumption about 

the degree distribution underlying the network. The nonlinear MIKANA, however, 

performed consistently across random topologies. 
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By comparing the inference performance between linear and nonlinear ssMIKANA on 

the simulated nonlinear expression data, we showed that incorporation of the nonlinear 

basis function improved the inference for different topologies across networks of 10-100 

genes (Figure 2-1). On average more than 10% improvement was demonstrated with true 

positives. This implied that a nonlinear basis function is able to capture the nonlinearity 

underlying gene expression data that may be missed by linear approximations. Moreover, 

we examined the performance of ssMIKANA under different levels of noise (Figure 2-2). 

The results indicated that the inference of an ODE-based algorithm from steady-state 

datasets was robust at low noise levels. The steady-state network model inferred from an 

ODE-based algorithm was determined by capturing the information from the relative 

difference between the initial condition and the new steady state of the system after being 

perturbed, which is not easily disturbed by low levels of noise. However, when the noise 

level was elevated, the information presented in the new steady state of the system was 

strongly disturbed, which in turn deteriorated the performance of ssMIKANA. By 

comparing the performance of the linear and nonlinear ssMIKANAs, it was established 

that a nonlinear basis function can improve the inference of regulatory interactions in 

response to noise, particularly at the noise levels > 20% (shown in Figure 2-2). Although 

the true positives were about the same, the false positives were kept about 10% lower 

than they were in the linear MIKANA by incorporating nonlinearity in the algorithm. 

Why combine steady-state and time-series data for ODE-based network 

inference? 

In real biological regulatory networks, steady-state data points can be measured either 

from perturbation experiments, knockdown ‗disruptant‘ data as studied here, or clinical 

measurements of patients, which are in a constant state of flux. However, the steady state 

assumption inherent in MIKANA is almost always violated in tumour data from the lab 
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and from real tumours due to factors such as experiment environment; it is uncertain 

whether biological data is ever collected at a genuine steady state of the system (Bonneau 

et al., 2006; Bonneau, 2008). For example, although data from siRNA treatment of cells 

in the laboratory is a type of steady state data, we recognise that in most cases the siRNA 

treatments have not persisted long enough for true steady state equilibrium to be reached. 

In addition to uncertainty about the steady state of some biological datasets, a steady-state 

experiment does not provide a dynamic description of the system, and arguably is less 

well suited therefore for inference of directed gene networks, which seek to reveal causal 

regulatory relationships between genes rather than only correlations between gene 

expression patterns. Therefore, it is suggested that combining two types of measurements 

will maximise the information that can be used to improve the prediction of gene 

regulatory interactions. Unlike other network inference methods, such as the Bayesian 

approaches and mutual information, which require different assumptions and separate 

formulations for dynamic network inference and steady-state models, the steady-state 

analysis of an ODE-based dynamic system, which uses the same formulation as dynamic 

ODE-based regression model, provides the opportunity to take advantage of both steady-

state and temporal data simultaneously. In our study, we implemented the biochemical 

kinetic inference model (Crampin et al., 2004a) to identify dynamic gene regulatory 

interactions by incorporating a nonlinear basis function (tsMIKANA). It used the same 

iterative model selection technique as the one adopted by steady-state MIKANA 

(Wildenhain and Crampin, 2006), providing a consistent framework to derive an 

inference approach for the reconstruction of networks from combinations of steady-state 

and time-series data. 
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The impact of noise on the performance of tsMIKANA and cMIKANA 

We found that both tsMIKANA and cMIKANA performed consistently on noiseless data 

from across networks of 10-100 genes for three topologies. It has been demonstrated that 

the interactions identified by MIKANA was based on the dynamic information 

underlying the expression data rather than on chance alone (shown in Figure 2-3). The 

difference between the tsMIKANA and cMIKANA inference was observed as the 

network size became larger than 20 genes. More correct interactions can be predicted 

from the integration of steady-state and time-series measurements compared to that from 

the time-series data alone (in comparison to tsMIKANA, similar FDR but higher 

sensitivity was observed for cMIKANA at larger network size, as shown in Figure 2-3). 

The advantage of network inference from the combination of both steady-state and 

dynamic information of gene expression was also demonstrated as the noise level was 

increased. The performance of the ODE-based inference algorithm on time-series data 

was significantly sensitive to noise. Even a small amount of noise, for example 1%, can 

adversely affect the accuracy of regulatory interaction predictions, as shown in Figure 2-4. 

This is because the ODE-based dynamic model was determined from the expression 

profiles across two consecutive time points, meaning the relationship could be easily 

destroyed by noise. Nevertheless, this limitation can be improved by incorporating 

steady-state data. The inference with simulated datasets showed that the true positives 

were found to be about 5% higher and the false positives about 3% lower with the 

combined dataset compared to those with time-series data alone.    

The limitations of sample size and number of replicates in real time-

series data collection 

Microarray experiments are expensive. The high costs prevent from collecting a large 

number of time-series measurements. Most of time-series datasets contain only a few 
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time points and are limited to a small number of replicates. For example, the time course 

data prepared by Hurley et al. (2012) were sampled at only 8 time points in triplicates. 

Therefore, the dynamic information is typically limited by a large number of genes being 

measured against a small number of available samples. 

Sampling rate affects the performance of a network inference approach only if the 

variation in gene expression profiles is severe over time. This may lead to information 

loss between two successive data points when the data points are collected at large steps. 

In general, however, the variation in microarray experiments is limited, leading to no 

significant deviations between two consecutive time points. This feature was retained in 

the simulated expression data over time. We found a moderate deterioration in 

tsMIKANA inference on temporal measurements as the sampling step size became larger 

(shown in Figure 2-5). This can be remedied by incorporating steady-state data, which 

was demonstrated by the inference of cMIKANA. In our simulation, for example, each 

steady-state dataset generated from a scale-free network of 100 genes contained 100 

samples. A 200-sample combined dataset could be obtained by combining this steady-

state dataset to a 100-sample time-series dataset in which the data were collected at every 

8th time point (5 samples per experiment) in 20 replicates. Although there were many 

fewer time-series data samples in the combined dataset (100 time-series samples), Figure 

2-5 shows that cMIKANA inference was as good as the inference that was made from a 

200-sample time-series dataset in which the time-series measurements were collected at 

every 4th time point (10 samples per experiment) in 20 replicates. This suggests that 

improvement in prediction of regulatory interactions between genes can be expected from 

the inclusion of steady state data, especially when only a few time-series data points are 

available. 
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Another factor that may affect the performance of dynamic network inference is the 

number of experimental replicates. Limited replicates may not provide sufficient 

information to characterise the dynamic regulatory mechanisms of the system, and hence 

it may restrict network reconstruction and its related validation. This is consistent with 

what we observed from simulated datasets that MIKANA inference did not perform well 

with time-series data in fewer than 3 replicates but the performance was largely improved 

when 3 and more replicates were available in combination (shown in Figure 2-6). 

Moreover, the simulated datasets can help to determine the optimal range of experimental 

replicates which is able to achieve the balance between the experiment cost and the 

accuracy in prediction of regulatory interactions from time-series measurements. As 

shown in Figure 2-6, the optimal number of replicates of time-series measurements for 

MIKANA inference was found to be 10. We also observed that the inference with limited 

number of replicates could perform reasonably well by including steady-state data. Given 

two datasets which contained similar numbers of samples (the 500-sample combined 

dataset and 520-sample time-series dataset), the comparison between the performance of 

cMIKANA inference at 10 replicates and tsMIKANA inference at 13 replicates (Figure 

2-6) suggests that steady-state information can improve the performance of MIKANA 

when limited replicates are available for time-series measurements.  

Directionality of edges implies cause-and-effect relationships 

ODE-based reverse-engineering approaches are deterministic, identifying causal 

relationships among RNAs. The directionality of the interactions in the network models 

indicates that the variation in the expression of one gene can, either directly or indirectly, 

induce changes in the expression of another gene. This is one of the important aspects of 

network analysis for identifying putative upstream regulators of downstream targets in a 

transcriptional pathway. 
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The inference methods are able to yield ‗directed‘ network models from either time-series 

or steady-state gene expression data. However, steady-state data is intrinsically less able 

to distinguish directionality than time-series data. As we can see in Figure 2-7, the 

ssMIKANA model did not recover many correct directional edges compared with the 

tsMIKANA model.  

The inferred network models on simulated datasets show that MIKANA is more likely to 

identify bidirectional edges from steady-state data. That is, if a directional edge is 

assigned from gene A to gene B, it is likely that another edge will be allocated from gene 

B to gene A. In the ssMIKANA model, the edge from A to B indicates that the 

expression profile of gene A can be used to explain the variation in the expression of 

gene B. For each child gene (target gene), ssMIKANA attempts to allocate parent genes 

whose expression profiles are highly correlated to the child gene. Therefore, if gene A 

can be selected as a parent for gene B, it is possible that gene B can be a parent of gene A 

as well. This also implies that highly correlated gene expression profiles may not provide 

much information about the causal influential relationship between RNAs.  

Time-series measurements reveal dynamic variations in gene expression over time, 

however. The edges from gene A to gene B in the tsMIKANA model indicate that the 

rate of change of gene B is controlled by the expression of gene A. This may provide 

much more directional information for revealing cause-and-effect relationships between 

RNAs. Our comparison, shown in Figure 2-7, indicates that a combination of steady-state 

and dynamic information about gene expression may improve the correctness of the 

causal influence relationship among genes.  
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Using scrambled data analysis to test the inferred output 

We also compared the inference of various types of MIKANA with those from scrambled 

datasets to determine whether the algorithm can more truly infer the regulatory 

interactions characterised by the real steady-state or dynamic regulatory information 

underlying microarray data rather than chance alone (Figure 2-1 and Figure 2-3). Each 

sample of data was shuffled so that the steady-state information about the system and the 

kinetic expression profiles across time were completely destroyed, while their 

distribution for each experiment or at each time point was preserved.   

We found that networks reconstructed from scrambled datasets presented a low number 

of true positives (almost zero) and quite high FDRs (close to 1) at various conditions, 

across different noise levels, at different network sizes, with different numbers of samples, 

and with different replicates of time-series measurements. This large deviation from the 

results of the original datasets is presumably a result of the loss of useful dynamic 

information about gene regulations. Few or none of the true interactions could be 

identified by the algorithm once the expression patterns had been destroyed because no 

sensitive dynamic information was preserved. This suggests that the regulatory 

interactions between genes are connected by MIKANA according to the true information 

underlying the expression profiles rather than being randomly connected. 

Learning real biological networks: Application to endothelial datasets 

Based on the results we achieved from simulated datasets, we hypothesised that the ODE-

based network model inferred from the combination of steady-state and time-series data 

may reveal biological features that cannot be identified from steady-state data or time-

series data alone. This hypothesis was tested using a steady-state siRNA disruptant 

microarray dataset and a temporal response to perturbation with TNF microarray dataset 
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from HUVECs (Hurley et al., 2012). Notably, we assumed that both datasets interrogated 

the same biological system, since both experiments focused on extracting information 

mainly related to inflammatory process in endothelial cells. However, the two novel 

microarray datasets were prepared using different procedures: one was generated to 

provide regulatory information around the Rel/NFkB family and the other was generated 

for abstracting interactions related to TNF-regulated RNAs. It is therefore likely that the 

pathways activated by these interventions, and hence the regulatory networks inferred 

from these data, described different aspects of the same biological system. To achieve the 

most relevant comparison, we focused on 50 RNAs that were present and activated in 

both the siRNA disruptant and TNF time course datasets. 

Our analyses of the networks inferred from these two datasets separately and in 

combination suggest that biologically plausible hub genes were identified in each of the 

different networks, even though there was relatively low overlap between the hubs and 

edges identified in the networks determined from the combined dataset with those 

identified from the time-series and steady-state data individually (12% of interactions in 

ssMIKANA can be found in tsMIKANA; while 7% of interactions in tsMIKANA can be 

found in ssMIKANA). There are several reasons why the overlap may be low. Using the 

steady-state formulation of the network inference model, for networks reconstructed 

using ssMIKANA (e.g. siRNA disruptant dataset in the analysis) a gene (parent gene) 

whose expression profile has high variation across samples and is highly correlated with 

the expression profile of the ‗regulated‘ gene (child gene) is more likely to be selected as 

a regulator of that gene in the network model. An edge in this model implies that the 

variation in the abundance of the regulator RNA (parent gene) can explain (some of) the 

variation in the abundance of the regulated RNA (child gene) across the experimental 

samples. Using the temporal formulation of the model, however, for networks inferred 

using tsMIKANA (e.g. TNF time course measurements in the analysis) an edge indicates 
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that the variation in the abundance of a regulating RNA (parent gene) affects the rate of 

change in abundance of the regulated RNA (child gene). Another potential reason is that 

regression methods will select one member of a highly correlated set of genes as a 

regulator, but different methods select a different member of the same set of highly 

correlated genes. Greater overlap may therefore be found by preprocessing the data to 

cluster together gene sets which are highly correlated across all experimental 

measurements, and to use a single representative from each such highly correlated set for 

network analysis. Despite these reservations, the inference from the combination of the 

two datasets using cMIKANA recapitulated 33% of interactions in tsMIKANA and 22% 

of interactions in ssMIKANA. This suggests that cMIKANA network does not simply 

represent the union of the tsMIKANA and ssMIKANA networks, but may identify 

regulatory interactions that were not shown in either the siRNA disruptant network or 

TNF time course network alone.  

Conclusions 

In conclusion, we have developed an ODE-based regression model for reverse-

engineering, called cMIKANA, to identify gene regulatory networks from gene 

perturbation experiment measurements combining steady-state and time-series gene 

expression data. The combined use of time-series and steady-state data outperformed the 

inference from time-series data only and had a comparable performance under moderate 

noise level, small numbers of samples, and low numbers of experimental replicates. 

Although different types of microarray experiment measurements may describe different 

aspects of the regulation underlying the system, our results suggest that combining 

steady-state and temporal measurements can improve the prediction of gene regulatory 

interactions and may reveal regulatory information that may not be observed from either 

steady-state or time-series data alone.  
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2.4 Materials and Methods 

The network simulation, synthetic data generation, and algorithm validation were 

executed using the framework proposed by Hurley et al. (2012). 

2.4.1 Experiment simulation 

Perturbing the expression level of one gene can cause a change in the rate of expression 

of other genes in the regulatory network via their regulatory interactions, which may 

subsequently settle down into a new steady-state expression profile (Wildenhain and 

Crampin, 2006). In order to capture the characteristics behind the regulatory networks, 

different kinds of perturbation experiments have been designed by scientists, which are 

motivated by the idea that it is possible to identify the regulatory interactions between 

genes in an unknown network structure by perturbing each gene interacting with other 

genes and examining the response. To examine the network inference algorithms under 

various conditions two types of numerical experiments were designed for simulating 

steady-state datasets and time-series datasets of gene expression in response to external 

stimuli. The experiments were designed according to the microarray studies in HUVECs 

(see Section 2.4.8) described in Hurley et al. (2012). In our simulation, steady-state data 

was generated to simulate a series of siRNA knockdown experiments in which a different 

single gene in the network was perturbed in each experiment. Time-series data was 

simulated by perturbing the initial conditions of all genes in the network. 
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Simulation of steady-state data 

 

Figure 2-9 Schematic illustrating the simulation of steady-state microarray experiments. In each 

knockdown experiment, the initial condition of expression level of a different gene was changed and 

the expression of all genes were collected at the new steady state. The number of knockdown 

experiments was the same as the number of genes in the network. The steady-state datasets were 

generated by combining the steady-state measurements from all knockdown experiments. 

Two assumptions were made for simulating knockdown experiments: (1) The system is 

originally at a steady state, which is considered as the reference state for knockdown 

experiments; (2) the initial concentration of mRNA of target gene at the reference state is 

changed once siRNA is added. The simulation has two steps: reference state generation 

and knockdown experiment simulation. 

Numerical experiments started with all variables 𝑥 (mRNA concentrations) being at 

reference steady state values. In each knockdown experiment, a perturbation was made to 

knock down a different single gene in the network. Once the system reaches a new steady 

state, the expression levels of all genes were measured against the unperturbed state 

(reference steady state).  
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To select an appropriate reference state, the steady state of a set of ODEs was solved with 

a set of randomly generated initial condition: 

 0 = 𝑓𝑖(𝑥1
𝑠𝑠 , 𝑥2

𝑠𝑠 , … , 𝑥𝑛
𝑠𝑠) − 𝛿𝑖𝑥𝑖

𝑠𝑠  (2.1)    

This steady-state solution was selected as the reference state 𝑥𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 , which was also 

used as the initial condition for the knockdown experiments. Each single knockdown 

experiment perturbed a different gene – Once variable (gene) is selected and knockdown 

was simulated by holding that variable at a fixed, reduced level such that 𝑥𝑡𝑎𝑟𝑔𝑒𝑡
𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 =

𝑥𝑡𝑎𝑟𝑔𝑒𝑡 ,𝑠𝑠
𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒  1 − 휀% .  The strength of perturbation was determined by  휀% which 

represented the percentage of the expression level of a target gene that would be removed 

(by siRNA for example) at the beginning of the knockdown experiment. The amount of 

휀% was randomly selected from a uniform distribution with a range of [0, 1]. The 

perturbation would drive the entire system moving away from the reference steady state 

until a new steady state was reached. The simulation steps for each perturbation 

experiment is summarised as follows: 

1). Generation of a reference steady state 

2). Simulation of knockdown experiment:  

i. Set the reference steady state as the initial condition 

ii. 휀% is randomly generated from a uniform distribution with a range of [0, 1]   

iii. The expression level of a target gene is reduced by 휀% :  

𝑥𝑡𝑎𝑟𝑔𝑒𝑡
𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 = 𝑥𝑡𝑎𝑟𝑔𝑒𝑡 ,𝑠𝑠

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
(1 − 휀%) 

iv. For the remaining variables, the set of ODEs is solved to find a new steady state 

v. Record the expression levels of all genes at the new steady state  
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In our simulation, the process was repeated for each gene, and the corresponding new 

steady states of all genes in the network were recorded. Therefore, the number of samples 

in a steady-state dataset was the same as the number of genes in a network. 

Simulation of time-series data 

 

Figure 2-10 Schematic illustrating the simulation of time-series microarray experiments. In each 

experimental replicate, the initial conditions of expression levels of all genes were changed and the 

data were collected at a series of time points between the initial condition and the new steady state. 

The time-series datasets were generated by combining the time-series measurements from multiple 

experimental replicates. 

Similar procedures were applied to simulate time-series data in a perturbation experiment. 

Instead of perturbing one gene each time, all genes in the network were perturbed 

simultaneously to capture the variations in gene expression in responses to external 

stimuli. The number of experimental replicates 𝑀 was pre-selected. 

For each experiment, a perturbation 휀𝑖% was generated from a uniform distribution with 

a range of [-1, 1] for gene 𝑖. Instead of changing the initial condition of one target gene, 

the initial condition of the expression levels of all genes in the system were modified 



122 Chapter 2. Integration of Steady-State and Temporal Data 

by  휀𝑖%  such that 𝑥𝑖 ,0
𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 = 𝑥𝑖 ,𝑠𝑠

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
(1 + 휀𝑖%) , and then the ODE model was 

solved. A number of gene expression data were collected at 𝑚 sequential time points as 

the system evolved to a new steady state. Given number of replicates, the procedure of 

simulating a time course experiment is summarised as follows: 

1). Generation of a reference steady state 

2). Simulation of perturbation experiment:  

i. Set the reference steady state as the initial condition 

ii. Randomly generate 휀𝑖% from [-1, 1] for gene 𝑖 

iii. The initial expression levels of all gene are changed by the corresponding 휀𝑖%:  

 𝑥𝑖 ,0
𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 = 𝑥𝑖 ,𝑠𝑠

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
(1 + 휀𝑖%) 

iv. Solve this set of ODEs 

v. Record the expression levels of all genes at a number of time points between the 

reference steady state and the new steady state  

In our simulation, the process was repeated 𝑀  times (replicates) with 𝑚  time points, 

generating a 𝑀 × 𝑚-sample time-series dataset.  

2.4.2 Noise model 

Biological variance and measurement noise are two important sources of noise in 

microarray experimental datasets. In this work, to assess the effects of noise on the 

performance of an ODE-based algorithm we modelled noisy gene expression data 𝑦𝑖 𝑡  

by adding noise that was randomly generated from a Gaussian distribution to the 

noiseless synthetic data 𝑥𝑖 𝑡 : 

 𝑦𝑖 𝑡 = 𝑥𝑖 𝑡 ×  1 + 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝑁𝑜𝑖𝑠𝑒%  (2.2)  
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where 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝑁𝑜𝑖𝑠𝑒% is drawn from Gaussian distribution with a zero mean and a 

specified standard deviation 𝜎 for each noise level, defined as follows: 

MATLAB function randn generates a set of pseudorandom values (in a matrix with 

dimension m × n for a dataset with m rows and n columns) from the standard normal 

distribution. 

2.4.3 Statistical analyses 

The tools of statistical analysis we used were the scoring sensitivity and FDR of the 

inferred network (candidate) compared to generated networks (canonical networks) with 

defined structures and properties. Sensitivity, also known as ‗recall rate‘, measures the 

proportion of actual interactions which are correctly identified in the inferred network. 

The FDR measures the proportion of interactions that are incorrectly identified in the 

inferred network. These two are defined as follows: 

 Sensitivity: 𝑆𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (2.4)  

 False Discovery Rate (1- specificity): 𝐹𝐷𝑅 =
𝐹𝑃

𝑇𝑃+𝐹𝑃
 (2.5)  

where TP stands for true positives: the correctly identified interactions; FP is false 

positives: the interactions wrongly identified as interactions; FN is false negatives: no 

interactions (zeros) wrongly identified as interactions. 

For an inference to have high accuracy, the sensitivity needs to be as high as possible, i.e. 

close to 1, and the FDR needs to close can be toward to zero. The optimal result would be 

Sn = 1 while FDR = 0, where the algorithm is able to infer all interactions correctly 

without any extra incorrectly identified edges between genes, indicating that the 

candidate network is exactly the same as the canonical network.   

 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝑁𝑜𝑖𝑠𝑒% = 𝜇 + 𝜎 × 𝑟𝑎𝑛𝑑𝑛(𝑚, 𝑛) (2.3)  
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The performance of the algorithm was tested under several different conditions according 

to real experimental environments and data analysis. To examine the performance of the 

model under each condition, we fixed all the rest variables. For example, when testing the 

performance under different levels of noise, we chose the best number of sampling points 

and the best number of experimental replicates in order to analyse the pure effects of 

noise on the performance of inference algorithm.  

2.4.4 Scrambled datasets  

Each simulated steady-state dataset contained the expression of genes at the new steady 

state of the system after each gene had been perturbed. Each column of synthetic dataset 

represented a data distribution for gene expression after one single perturbation. To create 

a scrambled dataset, we randomly selected a data from this distribution for each gene 

with replacement. By doing this, the sensitive information in the synthetic data could be 

removed while the characteristics of data were preserved for each perturbation 

experiment. 

Each synthetic time-series dataset contained dynamic information of gene regulations 

across over a given time range, and each column of synthetic dataset represented a data 

distribution for gene expression at each time point. To create a scrambled dataset, we 

shuffled data in each column such that the real dynamic information of each gene could 

be removed across time points while the distribution of gene expression data at each time 

point was preserved. 

2.4.5 MIKANA inference 

On the basis of the Methodology for Inference of Kinetics and Network Architecture 

(MIKANA) (Crampin et al., 2004a; Mourão et al., 2011), Wildenhain and Crampin (2006) 

proposed an ODE-based REA to analyse gene networks from perturbation experiments. 
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The inference method identifies gene regulatory interactions using singular value 

decomposition (SVD) approach. 

General formulation 

MIKANA method uses a set of ODEs, one for each gene, describing gene regulation as a 

function of other genes. It relates the rate of change in one gene transcript concentration 

to all the other gene transcript concentrations in the network as follows: 

 
𝑑𝑥𝑖

𝑑𝑡
= 𝑓𝑖 𝑥1(𝑡), … , 𝑥𝑁(𝑡) − 𝛿𝑖𝑥𝑖 𝑡 + 𝑢𝑖  (2.6)   

where 𝑥𝑖  represents the expression level (transcript abundance) of gene 𝑖. The first term 

on the right hand side of the equation, 𝑓𝑖 𝑥1(𝑡), … , 𝑥𝑁(𝑡) , represents the transcription 

rate of gene 𝑖, which is determined by the expression level of the genes in the network via 

function 𝑓𝑖 . The second term on the right hand side represents the degradation rate of 

gene 𝑖; this is assumed proportional to its expression level with proportionality 𝛿𝑖 . The 

term 𝑢𝑖  represents the strength of a perturbation applied to the 𝑖th gene, which moves the 

system away from its steady state. 

In this model, the key point of modelling gene regulatory network has been restricted to 

define a function 𝑓𝑖 . The primary motivation for selecting  𝑓𝑖  was to create models which 

would represent the regulatory interactions between genes in a meaningful way. When 

considering the efficiency of data fitting and nonlinearity in a biological system, it is 

pragmatic to choose models that are weighted linear combinations of nonlinear functions. 

A linear summation of weighted basis functions gives the ‗pseudo-linear model‘:   

 𝑓𝑖  =  𝑎𝑖𝑗∅𝑗  𝑥1(𝑡), … , 𝑥𝑁(𝑡)  

𝑁

𝑗=1

 (2.7)    
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This is an optimal form that provides information about the underlying structure of the 

network and can be interpreted in terms of the potential regulatory interactions, 

represented by basis functions ∅𝑗  𝑥1(𝑡),… , 𝑥𝑁(𝑡)  , between genes in the network. In 

general  ∅𝑗  𝑥1(𝑡), … , 𝑥𝑁(𝑡)   could be any functions of the independent variable 𝑥. As 

the expression levels of genes in the network are measured by microarray experiments 

the only unknowns needing to be determined in the model are the weights 𝑎𝑖𝑗 , which 

indicate how significant the potential regulatory effect of regulator gene 𝑗 on the target 

gene 𝑖 is.  

Let 𝑦𝑖  =
𝑑𝑥𝑖

𝑑𝑡
 and combining Equations (2.6) and (2.7), the model becomes: 

 𝑦𝑖  = 𝐹𝑖 𝑥, 𝑎, 𝑢 =  𝑎𝑖𝑗∅𝑗  𝑥1(𝑡),… , 𝑥𝑁(𝑡)  

𝑁

𝑗=1

− 𝛿𝑖𝑥𝑖 𝑡 + 𝑢𝑖  (2.8)   

Given known perturbations  𝑢𝑖 , the process of model construction is considerably 

simplified to find parameters 𝑎𝑖𝑗  in Equation (2.8) which provides the most accurate 

description of microarray data 𝑥. This can be achieved by solving a set of linear equations 

in unknowns 𝑎𝑖𝑗  in the least square sense – that is, by minimising the sum of squared 

residuals 𝐸𝑖 : 

 
𝑚𝑖𝑛𝐸𝑖 = 𝑚𝑖𝑛  𝑦𝑖 − 𝐹𝑖 𝑥, 𝑎 , 𝑢  2

𝑚

𝑗=1

 (2.9)  

The residual error term 𝐸𝑖  is the difference between the observations and the predicted 

values from the model defined by a set of values 𝑎 𝑖𝑗 . 

Model selection 

The ODE-based algorithm applies an iterative selection scheme proposed by Judd and 

Mees (1995) to infer a network model on a gene-by-gene basis by adding or removing 
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interactions and estimating the corresponding effect on the residual error. At each model 

size 𝑘 for a particular gene, the optimal subset of 𝑘 basis functions is selected from the 

set of all basis functions by the iterative selection technique which uses a sensitivity 

analysis to expand or contract the current basis. During iteration, an unused basis 

function that contributes the greatest marginal improvement to the mean squared error 

when being added into the current model is selected to add into the current basis. The 

selection is performed by finding the element with largest absolute value in 𝜇𝑖 = −𝑉𝑇 ∙

𝐸𝑖
 𝑘 

,  i.e. the projection of the residuals 𝐸𝑖
 𝑘 

 (model reconstruction error  𝐸𝑖
 𝑘 

 is the 

residual error at a model of size 𝑘) onto the model design matrix 𝑉 (a matrix of all basis 

functions). Similarly, a basis function, corresponding to the smallest coefficient 𝑎 𝑖𝑗  in the 

current model that will cause least marginal damage to the approximation if it is removed 

is eliminated to contract the size of the model.  

These two criteria suggest two approaches for model construction by successively adding 

interactions into an initially unconnected group of genes, i.e. simple-to-general (s2g), or 

removing interactions from a fully connected network, i.e. general-to-specific (g2s). In 

the presented work, all MIKANA network models were constructed by the s2g route 

because of its efficiency. Briefly, s2g starts with a single interaction and uses the iterative 

process to expand model size by adding interactions. At a model size of 𝑘, the adding and 

eliminating criteria are applied alternatively to keep swapping basis functions in and out 

of the current model until there is no further change to the mean squared error, i.e. where 

the one to be removed is the same as the one being added. By using this approach, the 

model size is being successively increased by one, i.e.,𝑘 + 1, each time and the whole 

process is repeated until the optimal model size is found with minimum cost (a flow chart 

of the s2g route for building a MIKANA network model is shown in Appendix A.3 

Figure A-5). 
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Cost function 

Due to the high dimensionality of microarray data, ODE-based network inference is often 

an underdetermined system, i.e. fewer data points are available than are required to 

determine the parameters 𝑎. This can result in over-fitting. This issue can be remedied 

based on one of the important characteristics of gene networks – genes are only sparsely 

connected to each other. Since the average number of connections per node in the 

network is quite small in comparison to the number of nodes, only a subset of basis 

functions is required to reconstruct a sparse network.  

To circumvent this problem, Wildenhain and Crampin (2006) adopted a cost function to 

measure how well a given model fits with data. The cost function combines a maximum 

likelihood estimation and a penalty term. The most favourable model is determined at the 

minimum of the cost function, where a compromise between a goodness-of-fit and model 

complexity is achieved. The cost function we used for this work is the Bayesian 

Information Criterion (BIC): 

 𝐵𝐼𝐶 = 𝑚𝑙𝑛 
𝐸 𝑘 𝑇𝐸 𝑘 

𝑚
 + 𝑘𝑙𝑛 𝑚 , (2.10)   

where 𝑚 is the number of data points available for creating a model, 𝑘 is the model size, 

(i.e. number of interactions in a particular model), and 𝐸 is a vector of residuals. The 

number of interactions for each gene is determined when the cost function has been 

minimised, where the balance between goodness of fit and the number of terms applied in 

the model has been achieved. The penalty term 𝑘𝑙𝑛 𝑚  in the cost function discourages 

over-fitting and decides which of the components of 𝑎 =  𝑎1, 𝑎2, … , 𝑎𝑚  should be non-

zeros. This finds the model that best explains the data with a minimum number of free 

parameters and thus enforces a sparse network.  
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2.4.6 Nonlinear basis functions 

Each basis function ∅𝑗  𝑥1, … , 𝑥𝑁    in the model design matrix represents one putative 

regulatory interaction whose regulatory effect on the target gene is governed by a 

function of all genes in the system. The selection of basis function is motivated by the 

desire of producing models which can represent gene regulatory mechanism in a 

meaningful way. Wildenhain and Crampin (2006) used a linear approximation 

∅𝑗  𝑥1,… , 𝑥𝑁 = 𝑥𝑗  to simplify the system with the consideration of the response to small 

perturbations from steady state. However, most biological regulations, such as 

protein/protein interactions and gene regulatory interactions, are highly nonlinear. The 

linear model is limited to steady-state data only and cannot be a good representation for a 

dynamic system under different conditions.  

To incorporate nonlinearity of functional interactions into the MIKANA model, a 

nonlinear basis function derived from the Hill activation function (Alon, 2007) was 

adopted in this work to capture the nonlinear regulatory behaviour underlying data. To 

simplify computational complexity, we only considered the independent regulatory effect 

of each individual parent 𝑗 on the target 𝑖, thus the nonlinear basis function used in this 

work was ∅𝑗  𝑥𝑗  =
2𝑥𝑗

 1+𝑥𝑗  
− 1. 

2.4.7 Reformulation of steady-state and time-series models 

Combining Equations (2.6) and (2.7), the general form of the ODE-based MIKANA can 

be obtained: 

 
𝑑𝑥𝑖

𝑑𝑡
=  𝑎𝑖𝑗∅𝑗  𝑥1(𝑡), … , 𝑥𝑁(𝑡)  

𝑁

𝑗=1

− 𝛿𝑖𝑥𝑖 𝑡 + 𝑢𝑖  (2.11)   
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where 𝑖 =  1, ⋯ , 𝑁 . 𝑥𝑖  denotes the expression level of gene 𝑖. The coefficient 𝑎𝑖𝑗  

represents the regulatory strength of gene 𝑗 on gene 𝑖. ∅ is model design matrix (MDM), 

which represents the regulatory interaction of parent genes 𝑗 on child gene 𝑖. 𝛿𝑖  is the self-

degradation rate and 𝑢𝑖  is the strength of the perturbation applied to the 𝑖th gene.  

Following Wildenhain and Crampin (2006), the steady-state regression form of 

MIKANA (ssMIKANA) is derived as follows: 

Writing 
𝑑𝑥𝑖

𝑑𝑡
= 0 when the system is at steady state and rearranging Equation (2.11) gives: 

 −𝑢𝑖 =  𝑎𝑖𝑗∅𝑗  𝑥1
𝑠𝑠 , … , 𝑥𝑁

𝑠𝑠 

𝑁

𝑗=1

− 𝛿𝑖𝑥𝑖
𝑠𝑠  (2.12)   

where  𝑥𝑖
𝑠𝑠  is the expression of gene 𝑖  measured at steady state. In real microarray 

experiments (for example, see Methods 2.4.8), it is often difficult to establish the strength 

of a perturbation 𝑢𝑖  applied to the system (Equation (2.6)). Instead of specifying an 

arbitrary value for 𝑢𝑖 , to deal with the situation where, for example, the knockdown 

perturbation is not known, in ssMIKANA the observation of the perturbed gene is 

removed from the regression for that gene. 

Following Srividhya et al. (2007), we extended the dynamic model (tsMIKANA) for 

time-series gene expression data to identify dynamic regulatory interactions and to 

explain the transient response in gene regulatory mechanisms. The tsMIKANA is derived 

as follows:  

Given time-series measurements collected at time points 𝑡1, 𝑡2 , … , 𝑡𝑇 , rates of change of 

expression levels are approximated using 
𝑑𝑥𝑖

𝑑𝑡
=

𝛥𝑥

𝛥𝑡
=

𝑥𝑖
𝑚 −𝑥𝑖

𝑚−1

𝑡𝑚 −𝑡𝑚−1
. The general form for the 

regression then becomes: 
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𝑥𝑖

𝑚 − 𝑥𝑖
𝑚−1

𝑡𝑚 − 𝑡𝑚−1
− 𝑢𝑖 =  𝑎𝑖𝑗∅𝑗  𝑥1(𝑡𝑚), … , 𝑥𝑁(𝑡𝑚)  

𝑁

𝑗=1

− 𝛿𝑖𝑥𝑖 𝑡𝑚   (2.13)    

For the time-series microarray experiments considered here, the perturbation 𝑢𝑖  is set to 

zero for tsMIKANA as we assume that the perturbation is applied to the initial conditions 

and is not sustained. 

Noticing that the right hand sides of Equations (2.12) and (2.13) are identical, we can 

write the regression model in a form such that steady-state data and time-series 

measurements can be combined for model fitting simultaneously. Overall, the combined 

form of general MIKANA is: 

 𝑝𝑖 =  𝑎𝑖𝑗∅𝑗  𝑥1, … , 𝑥𝑁   

𝑁

𝑗=1,𝑗≠𝑖

− 𝛿𝑖𝑥𝑖  (2.14)    

Using the nonlinear basis function  ∅𝑗  𝑥𝑗  =
2𝑥𝑗

 1+𝑥𝑗  
− 1 , we have the regression for 

cMIKANA: 

 𝑝𝑖 =  𝑎𝑖𝑗  
2𝑥𝑗

 1 + 𝑥𝑗  
− 1 

𝑁

𝑗=𝑖,𝑗≠𝑖

− 𝛿𝑖𝑥𝑖  (2.15)    

where 

𝑋 =  
𝑥1
𝑡1 ⋯ 𝑥1

𝑡𝑇

⋮ ⋱ ⋮

𝑥𝑁
𝑡1 ⋯ 𝑥𝑁

𝑡𝑇

   
𝑥1

𝑠𝑠1 ⋯ 𝑥1
𝑠𝑠𝑀

⋮ ⋱ ⋮
𝑥𝑁

𝑠𝑠1 ⋯ 𝑥𝑁
𝑠𝑠𝑀

  

𝑃 =

 
 
 
 
 𝑥1

𝑡1 − 𝑥1
𝑡0

𝛥𝑡
⋯

𝑥1
𝑡𝑇 − 𝑥1

𝑡𝑇−1

𝛥𝑡
⋮ ⋱ ⋮

𝑥𝑁
𝑡1 − 𝑥𝑁

𝑡0

𝛥𝑡
⋯

𝑥𝑁
𝑡𝑇 − 𝑥𝑁

𝑡𝑇−1

𝛥𝑡

   
0 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 0
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The matrix 𝑋 represents a collection of gene expression measurements for all 𝑁 genes in 

the system. It combines the time-series data measured at a series time points 𝑡0, … , 𝑡𝑇  and 

the steady-state data collected from M knockdown experiments, for which  𝑥𝑖𝑗  is the 

expression of 𝑖th gene at 𝑗th time point or experiment. The matrix 𝑃 is the combination of 

the left hand side of Equations (2.12) and (2.13), for which 𝑝𝑖  is the 𝑖th row of 𝑃. 

2.4.8 Endothelial cell microarray datasets 

In this work, we have used two experimental microarray datasets in HUVECs: siRNA 

disruptant and TNF time course microarray datasets. These two microarray datasets were 

prepared previously (Hurley et al., 2012) by using siRNA transfection and TNF treatment, 

respectively of cultured HUVECs. 

To prepare the siRNA disruptant microarray dataset, Hurley et al. (2012) selected 400 

siRNA targets, including transcription factors, signalling molecules, receptors and ligands 

that are related to endothelial cell biology. HUVECs were perturbed by siRNA treatment 

against each of the selected target RNAs. The global variations in transcript abundance 

resulting from the siRNA-mediated knockdowns were then measured by the CodeLink 

UniSet Human 20K Bioarray microarrays. The siRNA disruptant microarray datasets 

contained 400 samples.  

Inflammation is one of the important physiological processes governed by HUVECs. To 

prepare the TNF time-series microarray dataset, HUVECs were treated with the pro-

inflammatory growth factor TNF for 24 hours. Samples were then harvested at 0, 1, 1.5, 2, 

3, 4, 5 and 6 hours after being treated and were prepared in triplicate. In each of three 

replicates, the abundance of transcript was measured by CodeLink Uniset microarrays at 

each time point.  
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Functional enrichment analysis of gene lists was facilitated by the GATHER web tool 

with default parameters (Chang and Nevins, 2006) to obtain the GO and TransFac 

functional annotations for the top 10 hub genes identified from HUVECs data. GATHER 

tests for enrichment against the whole human genome (55% of the human genes in Entrez 

Gene that were not annotated with GO code were discarded). We used a Bayes factor 

generated by GATHER to understand the enrichment of molecular functions, biological 

processes and putative transcription factor binding sites overrepresented in a set of genes 

(the Bayes factor quantifies the strength of evidence for an association of an annotation 

with a list of genes compared to that with other genes in the genome). We note that 

GATHER does not allow user to select a background gene set (reference gene set) 

(Chang and Nevins, 2006). Theoretically, bias may be induced in the enrichment analysis 

result when the whole genome, rather than the genes in the analysed dataset, is selected 

as a background gene set. The reason is that only part of this genome is capable of being 

a member of any experimentally derived gene list – the part of the genome that is 

expressed in the cell type we are working on. 
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Modulators are usually defined as anything that modifies the association between a 

transcription factor (TF) and a target. Both genes and non-molecular clinical variables 

can be included as potential modulators that control the transcriptional activity of TFs in 

the pathways underlying breast cancer. To provide a better understanding of conditional 

dependence between gene interactions, in this work we modified an ordinary differential 

equation (ODE)-based reverse-engineering algorithm, called ssMIKANA (introduced in 

the previous chapter) by incorporating a pairwise basis function to identify putative 

modulators that influence the regulatory effect of a TF on its downstream targets. First, 

we used a permutation analysis approach, coupled with Cox proportional hazards (PH) 

analysis, to select putative modulator candidates. The candidates were selected according 

to two conditions: the variations in their expression were associated with clinical 

outcomes, such as survival; and their expression profiles were highly associated with the 

correlation between the expression of the TF and its downstream targets. The selected 

modulator candidates were then clustered by the similarity in their expression patterns. 

The inference algorithm determines the optimal combinatorial interactions of a TF and 

modulator clusters that control the expression of downstream targets, without making any 

prior assumptions of interactions underlying the data. The method was applied to identify 

potential modulators of cancer-related TF regulatory modules based around the key TFs – 

ESR1, E2F1, MYC and STAT1 – from human breast cancer data. The identified 

modulators were shown to be statistically significant and biologically related for the 

corresponding regulatory modules. The reverse-engineering approach is a novel method 

to identify both molecular and clinical variables that modulate the transcriptional activity 

in TF pathways. Further experimental validation for clinical use will be required.  
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3.1 Background 

Dysregulation of transcriptional activity in molecular pathways has been shown to play 

an important role in the development of tumours (Croce, 2008). A small change in a 

regulatory pathway may alter downstream cellular response dramatically, such as cell 

proliferation, cell cycle and cell death, and consequently modifies the risk of recurrence 

for cancer (Hu et al., 2009). Results from microarray experiments have provided 

invaluable insight into gene regulation in cancer, and important gene regulatory modules 

(e.g. TFs and their downstream targets) have been identified as underlying tumour 

development (Matys et al., 2003; Fritz and Fajas, 2010; Mehta et al., 2010). Yet, these 

module-related regulatory programmes remain incompletely understood. An important 

goal for microarray studies in cancer biology is to determine the factors that modulate the 

regulatory relationship between TFs and their downstream targets as these may partly 

determine clinical outcomes, such as patient survival (Everett et al., 2010).  

In the past decades, various reverse-engineering algorithms (REAs) have been developed, 

based on different assumptions, in an attempt to identify the functional interactions 

underlying diseases and to improve our understanding of regulatory mechanisms 

(Margolin et al., 2006; Wildenhain and Crampin, 2006; Bansal et al., 2007; Patrick et al., 

2007; Albert et al., 2008; Mordelet and Vert, 2008; Patrick et al., 2010). The majority of 

these network models provide representations of either co-expression relationships (such 

as a set of genes downstream of a TF) or causal interactions between genes (such as TF-

target interactions) from mRNA expression levels measured across all conditions in a 

dataset. However, there is evidence that co-expression interactions, or regulation of 

downstream targets by TFs, are likely to be themselves controlled by one or more other 

factors, known as modulators (Salvador, 2000; Choi et al., 2005; Wang et al., 2005; Hu et 

al., 2009; Tesson et al., 2010). Specifically, in this work we considered the case where an 
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interaction between genes is regulated by a third gene (molecular variable) and its 

dependence on a clinical factor (non-molecular variable). 

Gene regulation in higher organisms commonly requires multiple regulators (Lahdesmaki 

et al., 2008). TFs usually do not work independently, but in combination with regulatory 

proteins, known as transcriptional co-regulators. These proteins can be classified as co-

activators and co-inhibitors, which interact with TFs to either amplify or repress the 

transcription of downstream targets (Karp, 2005). The combinatorial regulatory action in 

gene expression was found to cause significant deviation from simple linear additive 

effects of TFs (Herschlag and Johnson, 1993) and this demonstrates the interdependency 

underlying the action of TFs in regulatory mechanisms (Salvador, 2000). Given the 

dependence of the downstream activity of a TF on the expression level of its co-

regulators (molecular modulators), these co-regulators may be as important as the TF 

itself in mediating transcriptional response. The variations within TF co-regulators may 

modify cellular response and consequently, alone or by interacting with TFs, alter breast 

cancer risk (Li et al., 2011b). 

Furthermore, gene expression patterns have been shown to be statistically dependent on 

experimental factors, tumour samples or pathology-status (non-molecular modulators) 

including lymph node status (LN+ or LN-), histological tumour grade (G1, G2 and G3) 

and estrogen receptor status (ER+ or ER-) (Ivshina et al., 2006; Sotiriou et al., 2006; 

Bonneau, 2008; Kayano et al., 2009). These clinical variables can be considered as 

surrogates for cellular states. Some genes are found to be co-expressed in some 

conditions while their expression profiles are uncorrelated under other conditions. Such 

conditional dependence implies molecular heterogeneity between patient samples 

(Bonneau et al., 2006; Spitale et al., 2009). 
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Identifying modulators and uncovering their relevant roles and functions may therefore 

improve our understanding of the gene regulatory mechanisms underlying context-

specific transcription pathways in cancer development. This information is crucial for the 

advancement of knowledge about regulatory programmes which reflect tumour diversity, 

and hence for understanding heterogeneous disease, in particular during cancer 

development (Wang et al., 2009a).  

Recently several different computational approaches have been developed to examine 

modulatory regulation based on various assumptions and models. Wang et al. (2009a) 

proposed Modulator Inference by Network Dynamics (MINDy) to identify from genome-

wide dataset modulators the genes that control the transcriptional programme of a TF at 

post-translational level. Incorporating nonlinearity, the algorithm detects modulator genes 

whose expression is highly correlated with the variation in TF activity. This is achieved 

by computing an information-theoretic measure – conditional mutual information (CMI) 

– between the expression profiles of a TF and one of its downstream targets, given the 

expression of a putative modulator gene. By the same principle, Barbur et al. (2010) 

developed a probabilistic method, Gene Expression Modulation (GEM), to predict direct 

modulators of TF-target interactions from a gene expression dataset. This model 

identifies the most likely modulator of TF-target interaction based on the hypothesis that 

the correlation between the modulator and target varies depending on the expression level 

of the TF. By comparing the results of testing the modulators of the androgen receptor 

(AR) between GEM and MINDy, Barbur et al. (2010) argued that GEM provides 

significant improvements in both detection and classification of modulators. However, 

GEM uses a linear causal model which is not able to accurately identify feedback loops. 

Moreover, in the AR tests, it identified AR modulators from a list of known interactors 

with AR from the Human Protein Reference Database (HPRD) (Keshava Prasad et al., 

2009). A similar method of differential correlation has been adopted by Hansen et al. 
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(2010), who developed Mimosa, an approach to identify differentially co-expressed TF-

targets between subsets of samples. The partition of the samples in Mimosa is determined 

by the expression level of gene modifiers (potential modulators) using a maximum 

likelihood estimation (MLE) approach. However, this method is based on the assumption 

that the TF and target are significantly correlated under one subset of samples but totally 

uncorrelated in the rest, and that the sample partition is characterised by the expression of 

a single gene.  

In this work, we took an alternative approach and used an ODE regression-based REA to 

detect putative modulators for cancer-related transcriptional pathways from gene 

expression data in human breast cancer. The data-driven computational approach 

determined TF cofactors, which modulate the differential correlation between a TF and 

its downstream targets, without any pre-selection of candidates based on biological 

assumptions. In particular, we used a Cox PH model to analyse the association between 

each gene expression and patient disease-free survival (DFS) time from a breast cancer 

dataset of 7756 probe sets across 960 patient samples. Genes present with strong 

association were selected as cancer-related modulator candidates. We focused on four 

TFs – ESR1, E2F1, MYC and STAT1 – in this work for their importance in tumour 

development (Wu and Yu, 2009; Doherty et al., 2010; Lorentzen et al., 2011; Avalle et 

al., 2012). We then used a permutation analysis to determine modulator candidates whose 

expression profiles were highly associated with the correlation between a TF and its 

related downstream targets. The selected candidates were then clustered into ‗meta-

modulators‘ using a hierarchical clustering approach, coupled with complete-linkage.  

We also considered the dependence of TF transcriptional activities on clinical variables, 

including ER status, LN status and tumour grade, which were treated as non-molecular 

modulator candidates. Instead of using information-theoretic maximum entropy-based 

techniques, we extended an ODE-based inference algorithm, MIKANA (Wildenhain and 
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Crampin, 2006), by incorporating a nonlinear pairwise basis function to identify putative 

meta-modulators that control the regulatory effect of TFs on the corresponding 

downstream targets. Finally, we showed that the algorithm was able to identify putative 

modulators, including both clinical variables and biologically meaningful gene modifiers, 

of a TF transcription pathway guided by data without any prior assumptions about the 

underlying properties of the interactions. This work presents a novel approach towards 

analysing gene expression data for identifying potential cancer-related modulators for 

transcriptional activities. 

3.2 Results 

3.2.1 A network inference approach for modulator identification 

Wildenhain and Crampin (2006) proposed an ODE-based REA (ssMIKANA) which uses 

a set of ODEs to reconstruct gene regulatory systems near steady state. It adopts a linear 

basis function approach to represent the regulatory effect of a parent gene on a target 

gene. This provides a good framework for identifying independent parent genes 

(regulators), for a child gene, such as a downstream target. Figure 3-1 shows an example 

of the expression of the gene TFF1 being regulated by two parent genes. The model in 

Figure 3-1(A) indicates that the expression of TFF1 is activated by either ESR1 or 

GATA3. This can be represented by the ssMIKANA network model, in which each edge 

connecting a parent gene and a child gene represents an independent regulatory 

interaction. In order to identify putative modulators for a TF-target interaction, we 

extended the model underlying MIKANA by including combinatorial regulatory 

interactions (TF-modulator pairs) to simulate a dependent regulatory effect on a target. 

The combinatorial regulatory effect holds that a target gene is regulated by multiple 

parent genes simultaneously. In other words, the expression of a gene is activated by a 

parent gene only if the other parent gene is present. This is akin to the concept of 
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modulation, which holds that the regulatory effect of a TF on a target is controlled by a 

third factor. Figure 3-1(B) illustrates such combinatorial regulation of TFF1 by ESR1-

GATA3, in which the regulation between the TF ESR1 and its main downstream target 

TFF1 is modulated by the expression level of GATA3.  

 

Figure 3-1 Simple network models with (A) showing independent regulators of TFF1 (ssMIKANA 

network model), and (B) showing pairwise combinatorial regulators of TFF1 (pwMIKANA network 

model). (A) demonstrates that the expression of TFF1 can be explained by the expression of ESR1 or 

the expression of GATA3. The independent regulatory interactions can be characterised by an 

additive function of the expression levels of two regulators; (B) demonstrates that the expression of 

TFF1 can only be activated when both ESR1 and GATA3 are present simultaneously. The pairwise 

regulatory interaction can be characterised by a product function or a minimum function of the 

expression levels of the two regulators.  

3.2.1.1 Model development with a pairwise basis function 

To fit a combinatorial TF-modulator interaction to a target gene, we extended the ODE-

based algorithm by incorporating a nonlinear multiple basis function.  
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Recall the MIKANA inference with a steady-state dataset from Chapter 2: 

 
𝑑𝑥𝑖

𝑑𝑡
=  𝑎𝑖𝑗∅𝑗  𝑥1(𝑡), … , 𝑥𝑁(𝑡)  

𝑁

𝑗=1

− 𝛿𝑖𝑥𝑖 𝑡 + 𝑢𝑖  (3.1)   

On the basis of the algorithm developed by Wildenhain and Crampin (2006), the steady-

state form of MIKANA (ssMIKANA) is derived as follows: 

Given a system at steady state, i.e., 
𝑑𝑥𝑖

𝑑𝑡
= 0, and the model is applied to breast cancer 

patient data where the perturbation is unknown, the model in Equation (3.1) becomes: 

 0 =  𝑎𝑖𝑗∅𝑗  𝑥1
𝑠𝑠 , … , 𝑥𝑁

𝑠𝑠 

𝑁

𝑗=1,𝑗≠𝑖

− 𝛿𝑖𝑥𝑖
𝑠𝑠  (3.2)   

where 𝑥𝑖
𝑠𝑠  is the expression of gene 𝑖 being measured at the steady state.  

In the study of Wildenhain and Crampin (2006), the model design matrix 

∅𝑗  𝑥1
𝑠𝑠 , … , 𝑥𝑁

𝑠𝑠  was expanded by using a linear basis function of the expression level of 

each individual gene: ∅𝑗  𝑥1
𝑠𝑠 , … , 𝑥𝑁

𝑠𝑠 = 𝑥𝑗
𝑠𝑠 . Yet, the approach only considered the 

independent regulatory effect of a single parent gene 𝑗 on the target gene 𝑖. Moreover, the 

additive linear approximation is not sufficient to identify nonlinear regulatory behaviour 

arising from the combinatorial regulation of multiple genes. In an attempt to address this 

problem, we expanded the model design matrix with a set of higher-order combinatorial 

basis functions ∅𝑗  𝑥1, … , 𝑥𝑁  to incorporate the dependent regulatory interactions. 

There are many different possible combinations of multiple regulators. Due to the 

limitations of data and computational complexity, in this work we only considered the 

case where two regulators act together to control the expression of a target gene. Given 

that the expression of a target gene 𝑐 is regulated by parent genes 𝑎 and 𝑏, the pairwise 
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regulatory effect can be characterised by the basis function ∅𝑗  𝑥𝑎 , 𝑥𝑏  of the expression 

levels of gene 𝑎 and gene 𝑏. 

∅𝑗  𝑥𝑎 , 𝑥𝑏  𝑥𝑎  𝑥𝑏  

High High High 

Low High Low 

Low Low High 

Low Low Low 

Table 3-1 The pairwise basis function illustrates the regulatory effect of two dependent regulators 

gene 𝒂 and gene 𝒃 on a target gene. The expression of the target is activated only if the expression 

levels of both parent genes 𝒙𝒂 and 𝒙𝒃 are high. 

According to combinatorial regulation, the basis function ∅𝑗  satisfies the following rule: 

∅𝑗  𝑥𝑎 , 𝑥𝑏  activates the expression of gene 𝑐 only if both gene 𝑎 and gene 𝑏 are highly 

expressed. Table 3-1 summarises the pairwise regulatory effect of gene 𝑎-gene 𝑏 on a 

target. It shows that gene 𝑎 and gene 𝑏 have a strong regulatory effect on gene 𝑐 when 

they are in combination but not in isolation. Such a dependent regulatory effect can be 

modelled by an AND logic function. 

Pairwise basis function  

We took z-scores to normalise gene expression data 𝑥 across all samples: 

 𝑥𝑧−𝑠𝑐𝑜𝑟𝑒𝑠 =
𝑥 − 𝜔

𝜎
 (3.3)   

where 𝜔  is the average expression of gene 𝑥 and 𝜎  is the standard deviation of the 

expression across all samples. To capture the nonlinear response of the underlying gene 

regulation, we chose a logistic function (sigmoid shape) to simulate the regulatory effect 

of a parent gene: 

 𝑔 𝑥𝑧−𝑠𝑐𝑜𝑟𝑒𝑠  =
2

1 + 𝑒−𝑥𝑧−𝑠𝑐𝑜𝑟𝑒𝑠
 (3.4)  
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The logistic function gives 𝑔(𝑥) ∈ (0,2). 𝑔(𝑥) = 1 if the expression level of the gene 𝑥 

remains at the average expression 𝜔; 𝑔(𝑥) ∈ (0,1) if the expression level of the gene 𝑥 is 

repressed(𝑥 < 𝜔); and 𝑔(𝑥) ∈ (1,2) if the expression of the gene 𝑥 is activated (𝑥 > 𝜔). 

 Product function 

A possible basis function for the AND logic interaction could be a product function: 

   ∅𝑗  𝑥𝑎 , 𝑥𝑏 = 𝑔(𝑥𝑎) ∙ 𝑔(𝑥𝑏) (3.5)   

in which 𝑥𝑎  and 𝑥𝑏  represent the z-score of the expression of gene 𝑎  and gene  𝑏 , 

respectively.  ∅𝑗  𝑥𝑎 , 𝑥𝑏 ≤ 1  if either the expression level of parent gene 𝑎  or parent 

gene 𝑏  is low or remains at the average expression level ( 𝑔(𝑥) ∈ (0,1] ). The 

combinatorial regulatory effect is significant (∅𝑗  𝑥𝑎 , 𝑥𝑏 > 1) only if both expression 

levels of 𝑎 and 𝑏 are highly expressed (𝑔(𝑥) ∈ (1,2)). 

 Minimum function 

Another possible choice of a pairwise basis function is a truncated form of an activation 

function for transcriptional control, proposed by Bonneau et al. (2006):  

 ∅𝑗  𝑥𝑎 , 𝑥𝑏 = 𝑚𝑖𝑛(𝑔(𝑥𝑎), 𝑔(𝑥𝑏)) (3.6)   

By comparing the expression of two regulators in a pair, Equation (3.6) indicates that the 

combinatorial regulatory effect is dependent on the regulator with lower expression level. 

The combinatorial regulatory effect is significant ( ∅𝑗  𝑥𝑎 , 𝑥𝑏 > 1 ) when the lower 

expression is higher than its average expression (  𝑔(𝑥𝑙𝑜𝑤𝑒𝑟 ) ∈ (1,2) ). If the lower 

expression is lower than its average expression   𝑔 𝑥 ∈  0,1  ,  the combinatorial 

regulatory effect is relatively low and is not able to activate the expression of a target 

gene. 
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General forms of combinatorial basis function  

The basis functions also can be extended to model the combinatorial regulatory effects of 

three or more regulators on a target. The general form of a basis function to model a joint 

interaction with 𝑁 regulators is:  

 Product function: ∅𝑗  𝑥1, 𝑥2, … , 𝑥𝑁 = 𝑔(𝑥1) ∙ 𝑔(𝑥2) ∙ … ∙ 𝑔(𝑥𝑁)  

 Minimum function: ∅𝑗  𝑥1, 𝑥2, … , 𝑥𝑁 = 𝑚𝑖𝑛(𝑔(𝑥1), 𝑔(𝑥2),… , 𝑔(𝑥𝑁)) 

Again, in this work we have only considered the pairwise basis function (a product 

function of two components, see Equation (3.5)) for encoding combinatorial regulatory 

effects, in which we allocated a TF for one component and a potential modulator 

candidate for the other: ∅𝑗  𝑇𝐹, 𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑜𝑟 . 

3.2.1.2 A method for identification of molecular modulators 

Wildenhain and Crampin (2006) and other studies have demonstrated the performance of 

their inference methods on simulated datasets and small experimental datasets under 

various assumptions. However, only a few of them assessed the inference ability of 

reconstructing regulatory interactions from real human data.  

To test whether MIKANA is able to identify biologically relevant causal relationships in 

transcriptional regulatory modules, we applied MIKANA inference approach to a breast 

cancer patient dataset. The dataset we used in this work consisted of the expression of 

genes (7750 probe sets) across 960 breast tumour samples, which were collected from 7 

independent microarray studies (see Methods 3.4.1 and Appendix D Table D-1). 

We began by considering a regulatory module around TF ESR1 consisting of 5 elements 

(TF: ESR1 205225_at_s, target: TFF1 205009_at, putative modulators: GATA3 

209604_s_at, FoxA1 204667_at and XBP1 200670_at; 5 probe sets were measured across 
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960 breast tumour samples; see Methods 3.4.3). A reference model, shown in Figure 3-2, 

was constructed according to the current knowledge of the regulation of ESR1 reported in 

the literature. 

 

Figure 3-2 Schematic of the TF ESR1 5-gene regulatory module. The regulatory module around TF 

ESR1 consists of 5 elements: the TF ESR1 and its main downstream target TFF1, as well as three 

putative modulators GATA3, FoxA1 and XBP1. The edges between the 5 elements are derived based 

on the current knowledge of ESR1 regulation reported in the literature (Lacroix and Leclercq, 2004; 

Tong and Hotamisligil, 2007; Albergaria et al., 2009). 
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The expression data across all tumour samples of these 5 elements were extracted and 

combined with a synthetic dataset simulated from a 5-gene artificial network with the 

same data distribution as real human data. Firstly, in order to test whether MIKANA 

could distinguish biological signals from noise in the data, we used the MIKANA 

algorithm with a linear basis function (linear ssMIKANA) to infer connections from the 

combined dataset. As shown in Figure 3-3, the ssMIKANA model with independent 

interactions revealed no connection between the 5-element ESR1 transcription module 

(nodes in red) and the synthetic network (nodes in grey). 

 

Figure 3-3 A ssMIKANA model with independent regulators inferred from a combination of the 

expression of the 5-element ESR1 group (nodes in red) and the simulated expression data of 5 

synthetic genes (nodes in grey). The synthetic gene expression data was simulated from a 5-gene-

artificial network with the same data distribution as real human data. No connections between the 5-

element ESR1 transcription module and the synthetic network were identified. 

We also tested the inference on data combining the 5-element ESR1 module expression 

profiles and the expression data of 16 probe sets that are not biologically related to ESR1-

TFF1 interaction. As shown in Figure 3-4(A), ssMIKANA did not identify any regulatory 

interaction from these 16 probe sets acting on the ESR1 module. The results of the above 
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two tests support the reliability of MIKANA to distinguish the ESR1-TFF1-modulators 

group from unrelated genes, and suggest that the regulatory interactions inferred between 

the selected genes are unlikely to be inferred by chance. Moreover, the inferred edges 

between the 5 elements in ESR1 module (the connections between red dots shown in 

Figure 3-4[A]) do present some overlaps of interactions, including ESR1-TFF1, GATA3-

ESR1, GATA3-FoxA1 and FoxA1-XBP1, which are commonly known biological 

interactions identified in previous studies (see Figure 3-2). 

Next, to assess the performance of MIKANA algorithm with a pairwise basis function 

(pwMIKANA) in identifying potential modulators, we compared the 5-element ESR1 

pwMIKANA model (Figure 3-4[B]) to the ssMIKANA model (Figure 3-4[A]). The 

pairwise regulatory interaction model indicated that FoxA1 is a potential direct co-

activator (modulator) of ESR1-TFF1. This is consistent with the findings of a previous 

study by Tong and Hotamisligil (2007), who suggested that FoxA1 might interact with 

ESR1 to activate the transcription of ESR1 target genes. By contrast, in previous result 

(Figure 3-4[A]), the influence of FoxA1 on ESR1-TFF1 was only implied indirectly 

through bidirectional interactions between GATA3-ESR1 and GATA3-FoxA1. Taken 

together, our results suggest that incorporating the pairwise basis function can improve 

the identification of higher-order combinatorial regulatory interactions. 
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(A) 

 

 (B)  

 

Figure 3-4 MIKANA models of the 5-element ESR1 regulatory module: (A) MIKANA with 

independent basis function reconstructs the interaction model from the combination data of the 5-

gene-ESR1 regulatory module (nodes in red) and 16 genes (nodes in grey) that are non-biologically 

related to ESR1-TFF1. No regulatory edges from the 16 non-related genes to the 5-gene-ESR1 

regulatory module were identified. (B) MIKANA with a pairwise basis function identifies FoxA1 as a 

co-activator of ESR1 to regulate the expression of TFF1. Edges with an arrow indicate positive 

regulatory interactions (activation) and edges with a bar indicate negative regulatory interactions 

(inhibition). 
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3.2.1.3 Incorporation of clinical variables 

In the previous sections we discussed the regulation of a TF-target interaction by a 

putative molecular modulator. Another possible type of conditional TF-target interaction 

is the dependence on clinical variables. 

 

Figure 3-5 Schematic illustrating the dependency of an A-B expression pattern on estrogen receptor 

(ER) status. It shows that ER status is highly associated with the transcript-to-transcript relationship 

of A and B. The expression profiles of A-B are not correlated in the ER- samples, while their 

expression profiles are highly correlated in the ER+ samples. 

As shown in Figure 3-5, the expression profiles of transcript A and B are highly 

correlated in the ER+ tumour samples while they are not correlated in the ER- tumour 

samples. The dependence of a TF-target interaction on a clinical factor (CF) can be 

modelled by including clinical variables in the pairwise basis function. Instead of a 

molecular modulator component ∅𝑗  𝑇𝐹, 𝑐𝑜𝑟𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟 , we can use a clinical variable in 

the pairwise basis function (∅𝑗  𝑇𝐹, 𝐶𝐹 ) to identify putative clinical modulators. 

The clinical variables that might be related to patient clinical outcome are estrogen 

receptor (ER) status (ER+, ER-), lymph node (LN) status (LN+, LN-), histological grade 

(G1, G2 and G3), molecular tumour subtype (basal-like, HER2, luminal A, luminal B and 
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normal-like), tumour size, and patient‘s age. In our analysis, we considered clinical 

variables as surrogates of cellular states, which were combined with gene expression data 

(molecular variables) as potential modulator candidates. To determine the relation 

between clinical variables and patient survival, multivariate analysis of clinical variables 

was performed using the Cox PH model to estimate their statistical association to patient 

disease-free survival (DFS). Each categorical clinical variable was entered as discrete 

data, while tumour size and patient‘s age was discretised into groups (see Methods 3.4.4). 

The multivariate analysis, shown in Table 3-2, revealed that tumour grade (multivariate 

Cox PH p-value = 1.64×10
-7

) and LN status (p-value = 0.000931) were significantly 

associated with DFS across 960 patient samples, followed by ER status (p-value = 

0.016085). Therefore, the conventional prognostic markers LN status, ER status and 

tumour grade were selected to be incorporated with gene expression data. We noted that 

tumour subtype was significantly associated with patient survival time. Yet, due to the 

fact that tumour subtype was characterised from gene expression profiles (molecular 

signatures), we did not include tumour subtype as a potential modular candidate. 

Across all patient 

DFS time 
MultiVariate 

Variable p-value Significance 

LN.status 0.000931 *** 

ER.status 0.016085 * 

Grade 1.64×10
-7

 *** 

Size 0.080302 . 

Age 0.020554 * 

Subtype 0.087884 . 

Table 3-2 A multivariate Cox PH model was used to assess the association of clinical variables to 

patient disease-free survival (DFS) time. Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘-’ 1. 

The clinical variables were allocated discrete numeric values to indicate the association 

with the risk of breast cancer (see Methods 3.4.5) – the status of a clinical variable with a 
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higher value is associated with the higher risk of breast cancer. The combined dataset was 

then normalised using z-scores (Equation (3.3)) for the MIKANA inference. 

To test whether the ODE-based inference algorithm was able to identify biologically 

relevant interactions more accurately than chance alone, we incorporated the clinical data 

into the 5-gene regulatory module with the inclusion of the expression data of genes that 

are non-biologically related to ER pathway.  

 

Figure 3-6 MIKANA models of the 5-element ESR1 regulatory module with clinical variables 

included. A MIKANA with both independent basis function and combinatorial basis function 

reconstructs the interaction model from the combination data of 5-gene-ESR1 regulatory module 

(nodes in red), 16 genes (nodes in grey) that are non-biologically related to ESR1-TFF1 and clinical 

variables (nodes in pink) including ER status and tumour grade. No regulatory edges between the 16 

non-related genes and the 5-gene-ESR1 regulatory module were identified. Edges with an arrow 

indicate positive regulatory interactions (activation) and edges with a bar indicate negative 

regulatory interactions (inhibition). 

Figure 3-6 shows that no direct edges were identified between the 16 genes that are non-

biologically related to ESR1 pathway and the 5-element-ESR1 group. ER status was 
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identified as a modulator of ESR1-TFF1 in addition to FoxA1. The edges between ER 

status and tumour grade indicate that tumours with higher grades are more likely to be 

ER-, which is consistent with the knowledge that ER- tumours and tumours with higher 

grades are associated with higher risk and poorer prognosis. 

3.2.2 A method for pre-selection of possible triplets using a three-way 

interaction framework 

To identify putative modulator candidates for a specified cancer-related TF regulatory 

pathway, we used a permutation analysis derived from a three-way interaction (Zhang et 

al., 2007) (see Methods 3.4.6 and 3.4.7) to detect genes whose expression is highly 

associated with the correlation between the expression of a TF and the expression of its 

downstream target, as shown in Figure 3-7. 

 

Figure 3-7 Schematic showing a three-way interaction pattern. Transcript-to-transcript relationship 

(A-B) is conditional on a factor (C), which can be either the expression level of a third transcript or 

the status of clinico-pathological factor. The A-B pair can be considered as a TF-target interaction.  

In particular, we assessed the statistical correlation (quantified by Spearman‘s correlation 

coefficient) between the expression of the TF and a target in three subsets of the data – 

the bottom 30%, top 30% and the middle 40% of the samples ranked by expression level 
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of the putative modulator from low to high, as indicated in Figure 3-7. In each subset, the 

Spearman‘s correlation coefficients were estimated for 100 bootstrapped sample sets, 

each containing samples that were randomly selected from 40% of the subset without 

replacement. The average expression level of the putative modulator was computed for 

each bootstrapped sample set. The strength of association between the TF-target 

correlation (the Spearman‘s correlation coefficient) and the expression of the putative 

modulator (the average expression level) was then quantified by the Spearman‘s 

correlation coefficient estimated from the combination of three subsets (300 bootstrapped 

samples in total). The probe sets whose expression was significantly associated with the 

TF-target correlation (the 98th percentile of the Spearman‘s correlation coefficient) were 

selected as modulator candidates for a TF-target interaction, from which the MIKANA 

inference would be used to identify optimal putative co-regulators for the specified TF-

target interaction. 

3.2.3 Application to breast cancer data 

To identify putative modulators for cancer-related regulatory modules whose 

transcription activities are important for prognosis of patient survival outcome, we 

assessed the association between probe set expression profiles and the DFS time of 960 

patients. This was achieved by a univariate Cox PH model, which estimated the 

probability of gene expression being associated with the recurrence of breast cancer. 

Among 7756 probe sets, 3449 probe sets were found to be statistically associated with 

DFS (univariate Cox PH p-value < 0.1). We then used the GATHER web tool (Chang 

and Nevins, 2006) to test the biological significance for these probe sets (see Appendix 

C.1 Table C-1 for the GATHER report). We found that genes corresponding to these 

probe sets were significantly enriched for cell cycle annotation (237 probe sets were 

annotated for cell cycle [GO: 0007049] with a Bayes factor of 30; 318 were annotated for 
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cell proliferation [GO: 0008283] with a Bayes factor of 27; 83 were annotated for mitotic 

cell cycle [GO: 0000278] with a Bayes factor of 20; and 137 were annotated for 

regulation of cell cycle [GO: 0000074] with a Bayes factor of 17). The 3449 probe sets 

were then considered as a set of genes that would be responsible for survival-related 

transcriptional activities in the available dataset. We used the three-way interaction-based 

permutation approach (see previous Section 3.2.2, Methods 3.4.6 and 3.4.7) to select 

putative modulator candidates from the 3449 probe sets for each of the following TF 

regulatory modules whose downstream activities were known to be highly associated 

with clinical outcome: ESR1, E2F1, MYC and STAT1. Downstream targets of each TF 

were downloaded from TFactS (Essaghir et al., 2010) (see Methods 3.4.1). 

Probe sets with similar expression patterns (i.e. that are highly correlated) may have a 

similar regulatory effect in combination with a TF (in terms of pairwise basis functions) 

on the same target. In this case, MIKANA inference selects only one of the highly 

correlated basis functions, which could result in false negatives, and hence some 

important modulators may be overlooked. To circumvent this limitation and to improve 

computational efficiency during machine learning, we used a clustering approach to 

extract unique expression characteristics underlying the data. We generated ‗meta-

modulators‘ from modulator candidates having similar expression profiles using a 

hierarchical clustering technique (see Methods 3.4.8). We then applied principal 

component analysis (PCA) to obtain the representative meta-modulator expression profile 

for each cluster of modulators (see Methods 3.4.9). The principal components of each 

meta-modulator, determined by singular value decomposition, provide a statistical 

summary of the expression of its constituent genes across samples in different orientation. 

The first principal component (PC1) of each modulator cluster was computed as the 

representative expression profile of the meta-modulator, which was highly correlated 

with the average expression of its gene members and explains the most variations in the 
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data. In the same manner, the expression patterns of downstream targets of each TF were 

clustered to assemble a ‗meta-target‘ and a representative expression profile (PC1) was 

generated to summarise the downstream activities of the TF. To assess the dependence of 

the TF transcriptional activities on clinical variables, we also incorporated clinical 

variables into the pairwise basis function to characterise the combinatorial effect of a TF-

CF pair on a given target. 

i) ESR1 regulatory module  

The probe set 205225_at_s was mapped for ESR1, and we also mapped 30 probe sets 

from our dataset to ESR1 target genes listed in TFactS (see Appendix C.2 Table C-2). By 

examining the association between each of the 3449 candidate probe sets and the 

correlation of ESR1-targets (3449×30 pairs), 1463 probe sets whose expression was 

found to be significantly associated with the correlation between ESR1 and its targets 

(absolute value of Spearman‘s correlation coefficient > 0.8221 for more than the 98th 

percentile) were determined. The hierarchical clustering technique was then used to 

generate unique molecular signatures from the 1463 probe sets. According to similarity in 

their expression patterns, 175 modulator clusters (meta-modulators) were obtained. We 

generated a representative expression profile of ESR1 downstream targets (PC1) to 

assemble a meta-target of ESR1. MIKANA was then used to select possible 

combinatorial regulatory interactions of ESR1-modulators from the combination of 

molecular clusters and clinical factors. 

18 meta-modulators (174 probe sets) out of 175 were determined by MIKANA inference 

as ESR1 cofactors which modulated the regulation of ESR1 downstream activities. The 

interaction coefficients of ESR1-modulator combinatorial regulatory effects are 

summarised in Table 3-3, in which the positive and negative sign indicates whether the 
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inferred ESR1-MetaModulator combinatorial pairs up- or down-regulate the 

transcriptional activities of ESR1 downstream, respectively. We found 11 meta-

modulators down-regulated ESR1 targets in combination with ESR1 (the negative 

interaction coefficients shown in Table 3-3) and 7 up-regulated ESR1 targets (the positive 

interaction coefficients). The dependence of the interaction of ESR1-targets on ER status 

was also identified. 

TF  

(30 downstream 

probe sets) 

Inferred meta-

modulator 

Interaction 

coefficient 

ESR1 modulator30 -0.35106 

ESR1 modulator91 -0.27396 

ESR1 modulator87 -0.27131 

ESR1 modulator77 -0.23158 

ESR1 modulator125 -0.19846 

ESR1 modulator124 -0.19025 

ESR1 modulator15 -0.18297 

ESR1 modulator65 -0.17782 

ESR1 modulator161 -0.17076 

ESR1 modulator86 -0.11783 

ESR1 modulator62 -0.06926 

ESR1 modulator89 0.180015 

ESR1 modulator4 0.180423 

ESR1 modulator73 0.189428 

ESR1 modulator146 0.228937 

ESR1 modulator163 0.296217 

ESR1 modulator144 0.38137 

ESR1 modulator88 0.418873 

ESR1 ER status 0.121043 

Table 3-3 pwMIKANA identified 19 meta-modulators that control the interaction of ESR1-

downstream targets, including 18 molecular modulator (174 probe sets) and the clinical variable 

estrogen receptor (ER) status. The coefficient of each ESR1-modulator combinatorial regulatory 

interaction is recorded. The transcriptional activity of ESR1 targets (30 probe sets) are up- and 

down-regulated by 7 (those with positive coefficient) and 11 pairs (those with negative coefficient) of 

the ESR1-modulator, respectively. The larger the absolute value of a coefficient the stronger the 

regulatory effect. (See Appendix C.3 Table C-6 for the gene membership of these meta-modulators.) 
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To examine the dependence of the differential correlation between ESR1 and its 

downstream activity on the identified meta-modulators, the PC1 of 30 ESR1 targets was 

plotted against ESR1 expression profiles (shown in Figure 3-8 as grey dots). 

 

Figure 3-8 PCA showing the transcriptional activity of ESR1 downstream (the PC1 of 30 ESR1 

known targets) plotted against mRNA expression of ESR1 (205225_at) across all samples (grey dots). 

In each subplot, tumour samples are ranked in ascending order of the representative expression 

profile of a meta-modulator. A red linear best fit line is superimposed on the top 25% of the samples 

(red crosses) and a blue linear line is fitted to the bottom 25% of the samples (blue dots). The mutual 

information (MI) between ESR1 expression and the PC1 of its targets is estimated for both sets, 

respectively (annotated at the top right corner of each subplot). The interaction coefficient of each 

pair of ESR1-modulator is shown at the top of each subplot. 
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Figure 3-9 Tumour samples are ranked by the representative expression profile of meta-modulator 

(C) in the ascending order. The mutual information (MI) between a TF (A) and its meta-target (B) is 

computed for the bottom and top 25% of samples. 

In each subplot of Figure 3-8, the tumour samples are ranked by the representative 

expression profile of a meta-modulator in ascending order. We estimated the mutual 

information (MI) between the expression of ESR1 and the representative expression 

profile of its downstream targets (the PC1 of 30 probe sets) in the bottom 25% and the 

top 25% of the samples, respectively, as illustrated in Figure 3-9. The numeric values of 

MI for the subsets of samples are shown at the top right corner of each subplot. As an 

example, the identified pair ESR1-MetaModulator88 has a positive interaction coefficient 

0.4189 (Table 3-3), which indicates that the combinatorial effect of ESR1-

MetaModulator88 up-regulates the expression of ESR1 downstream targets. The MI 

between the expression of ESR1 and its downstream targets is 0.4241 and 0.1397 in the 

subset of samples associated with bottom 25% and top 25% of the representative 

expression level of meta-modulator 88, respectively. This implies that the association 

between ESR1 and its downstream is high when the expression of meta-modulator 88 is 

low. 
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To assess the biological significance of these inferred meta-modulators, 174 probe sets of 

18 meta-modulators were compared with the Gene Ontology (GO), TransFac and KEGG 

databases using the GATHER web tool. Figure 3-10 shows that the molecular modulators 

that participate in the regulation of the ESR1-MetaTarget interaction were found to be 

enriched for EGR/KROX family and were associated with E2F binding site; it also shows 

that the ESR1 transcription activity was dependent on the ER status. 

 

Figure 3-10 Regulation of ESR1-targets interaction. Genes that modulate the interaction of ESR1 and 

its downstream targets were shown to be highly associated with E2F binding site and EGR/KROX 

family. The interaction of ESR1-targets is also dependent on estrogen receptor (ER) status. 

TransFac Coverage 
ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

V$E2F1_Q6: E2F-1 80.46% 6.22 10.79 5.68 

V$KROX_Q6 69% 6.75 11.22 5.68 

Table 3-4 Gene set functional enrichment analysis by GATHER revealed the biological annotations 

of the TransFac category enriched in the 174 probe sets associated with the inferred meta-

modulators of ESR1-downstream. In each category, the functional terms are ranked by the coverage 

of genes enriched for and their related significance is shown by Bayes factor, negative log of the 

Fisher exact p-value (FE: -ln[p value]) and negative log of the Fisher exact false discovery rate (FE: -

ln[FDR]). 

The functional annotation analysis (Table 3-4) revealed that 120 out of 174 probe sets 

(~69% coverage) were highly associated with the motif V$KROX_Q6 (with a Bayes 

factor of 6.75) and 140 out of 174 probe sets (~80% coverage) were significantly 

enriched for V$E2F1_Q6: E2F-1 (with a Bayes factor of 6.22). Genes associated with 

these probe sets, such as MYB, CEBPB, E2F5 and EGR3, belong to the EGR/KROX 
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family. They are known to be active in controlling cell differentiation, proliferation, and 

apoptosis to stimuli (Thiel and Cibelli, 2002). In a recent study by Kumbrink and Kirsch 

(2012), the EGR/KROX family has been shown to be associated with breast cancer 

progression and anti-estrogen resistance. In particular, EGR3 was found to be a key 

regulator in estrogen-mediated invasion in breast carcinoma (Suzuki et al., 2007). In 

addition to molecular modulators, MIKANA also identified that ER status was a strong 

factor for explaining the variations in the expression of ESR1 downstream targets. The 

association of ESR1 transcription and ER status has been shown in many previous studies 

(Kim et al., 2012; Laenkholm et al., 2012), and ER status has been widely used in the 

prognosis and prediction of patient survival in breast cancer. This suggests that the 

identified molecular and non-molecular modulators are biologically related to the ESR1 

regulatory pathway. 

ii) E2F1 regulatory module 

The same approach was applied to the E2F1 regulatory module. In our work, we chose 

E2F1 204947_at as the TF, and the 85 probe sets from the data were mapped to E2F1 

downstream targets listed in TFactS (see Appendix C.2 Table C-3). We searched for 

association between each of the 3449 genes and the correlation of each E2F1-target pair 

(3449×85 pairs). Using the permutation analysis with cut-off at the 98th percentile, we 

found that 2246 out of 3449 DFS-related probe sets were highly associated with the 

correlation of the expression of E2F1 204947_at and its downstream target (association 

meaning the absolute value of Spearman‘s correlation coefficient > 0.7450). According to 

similarity in the expression patterns of 2246 probe sets, 293 meta-modulators were 

determined by hierarchical clustering. MIKANA inference was then applied to identify 

putative co-regulators of E2F1 downstream targets (meta-target) and 12 meta-modulators 

(118 probe sets) were selected from 293 meta-candidates. As summarised in Table 3-5, 5 
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meta-modulators (those with negative interaction coefficients) down-regulated the 

interaction between E2F1 and its targets and 7 (those with positive interaction 

coefficients) up-regulated it. 

TF  

(85 downstream 

probe sets) 

Inferred meta-

modulator 

Interaction 

coefficient 

E2F1 modulator206 -0.35978 

E2F1 modulator189 -0.28143 

E2F1 modulator65 -0.21435 

E2F1 modulator182 -0.09048 

E2F1 modulator185 -0.0699 

E2F1 modulator120 0.097971 

E2F1 modulator177 0.101583 

E2F1 modulator145 0.109945 

E2F1 modulator205 0.112758 

E2F1 modulator125 0.123824 

E2F1 modulator157 0.132192 

E2F1 modulator232 0.653887 

Table 3-5 pwMIKANA identified 12 meta-modulators (118 probe sets) that control the interaction of 

ESR1-downstream targets. The coefficient of each E2F1-modulator combinatorial regulatory 

interaction is shown. The transcriptional activity of E2F1 targets (85 probe sets) are up- and down-

regulated by 7 pairs (those with positive coefficients) and 5 pairs (those with negative coefficients) of 

E2F1-modulator, respectively. The larger the absolute value of a coefficient the stronger the 

regulatory effect (See Appendix C.3 Table C-7 for the gene membership of these meta-modulators.) 

To demonstrate the differential association between E2F1 and its downstream activity, 

Figure 3-11 presents a scatter plot of the E2F1 downstream representative expression 

profile (meta-target) versus the expression of E2F1 (dots in grey). In each subplot, the 

tumour samples are ranked in ascending order by the representative expression profile of 

the meta-modulator. The MIs for E2F1-targets were estimated in the subsets of samples 

associated with the bottom 25% (the blue dots in Figure 3-11) and the top 25% (the red 

crosses in Figure 3-11) of the representative expression of the meta-modulator, 

respectively. The MIs in the two subsets of samples implied a conditional dependence of 

the interaction between E2F1 and its meta-target on the expression level of each of the 
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inferred meta-modulators. For example, meta-modulator 232 inferred by MIKANA 

shows an interaction coefficient of 0.6539 in combination with E2F1 (Table 3-5). This 

indicates that the expression of the downstream targets of E2F1 is up-regulated by the 

pair of E2F1-MetaModulator232. The MI of E2F1-MetaTarget is 0.1626 at the high 

expression level of meta-modulator 232 and the MI is 0.0318 at the low expression level 

of meta-modulator 232. This implies that the association of E2F1 and its downstream 

targets is dependent on the representative expression of meta-modulator 232, and the 

association becomes stronger as the representative expression of meta-modulator 232 

increases. 

 

Figure 3-11 PCA showing the transcriptional activity of E2F1 downstream (the PC1 of 85 known 

E2F1 targets) plotted against mRNA expression of E2F1 (204947_at) across all samples (the grey 

dots). In each subplot, tumour samples are ranked in the ascending order of the representative 

expression profile of a meta-modulator. A red linear best fit line is superimposed to the top 25% of 

the samples (red crosses) and a blue linear line is fitted to the bottom 25% of the samples (blue dots). 

The mutual information (MI) between E2F1 expression and the PC1 of its targets are estimated for 

both sets, respectively (shown at the bottom right corner of each subplot). The interaction coefficient 

of each pair of E2F1-modulator is shown at the top of each subplot. 
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Next, we determined the biological significance of these 12 meta-modulators by 

analysing the functional enrichment of their gene members (118 probe sets). As 

illustrated in Figure 3-12, the identified gene modulators of the E2F1-MetaTarget 

interaction were found to be enriched for biosynthesis and were associated with E2F 

binding sites. 

 

Figure 3-12 Regulation of E2F1-targets interaction. Genes modulating the interaction of E2F1 and 

its downstream targets were shown to be enriched for protein biosynthesis and the modulators were 

highly associated with the E2F binding site. 

Gene Ontology Coverage 
ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

GO:0044238: primary metabolism 53.39% 7.84 11.17 11.94 

GO:0044249: cellular biosynthesis 16.94% 9.36 11.17 13.6 

GO:0009058: biosynthesis 16.94% 8.6 11.17 12.83 

GO:0006412: protein biosynthesis 16.30% 7.38 10.47 11.67 

TransFac Coverage 
ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

V$E2F1_Q6: E2F-1 80.51% 6.17 9.01 9.46 

Table 3-6 Gene set functional enrichment analysis by GATHER revealed the biological annotations 

of the GO and TransFac categories enriched in the 118 probe sets associated with the inferred meta-

modulators for E2F1-downstream. In each category, the functional terms were ranked by the 

coverage of genes enriched for and their related significance is shown by the Bayes factor, negative 

log of the Fisher exact p-value (FE: -ln[p value]) and negative log of the Fisher exact false discovery 

rate (FE: -ln[FDR]). 

Table 3-6 summarises the functional annotations found by GATHER for the 118 probe 

sets. We observed that 20 out of the 118 probe sets (~17% coverage) were enriched for 

cellular biosynthesis [GO: 0044249] with a Bayes factor of 9.36; and 63 probe sets (~53% 

coverage) were enriched for primary metabolism [GO: 0044238] with a Bayes factor of 
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7.84. These modulator probe sets were also found to be highly enriched for the E2F1 

and/or E2F binding sites, in which 95 probe sets (~81% coverage) were highly associated 

with motif V$E2F1_Q6: E2F-1 (with a Bayes factor of 6.17). 

iii) MYC regulatory module 

For the determination of possible modulators for the MYC regulatory module, the 

expression data of MYC 202431_s_at was chosen for its TF profile and we mapped 388 

probe sets to the downstream targets of MYC listed in TFactS (see Appendix C.2 Table 

C-4). The association between each of the 3449 genes and the correlation of each pair of 

MYC-target (3449×388 pairs) was examined using the three-way interaction-based 

permutation analysis approach. 3091 probe sets were found to be strongly associated with 

the correlation of the expression of MYC 202431_s_at and its downstream targets 

(association at the absolute value of Spearman‘s correlation coefficient > 0.7663). We 

used hierarchical clustering to allocate the 3091 probe sets into 389 meta-modulators by 

the similarity in their expression patterns. The MIKANA inference found 12 meta-

modulators (225 probe sets) that could be used, in combination with MYC, to explain the 

variation in MYC downstream activity. The interaction coefficients of the combinatorial 

interactions are shown in Table 3-7. It can be seen that 6 pairs of MYC-MetaModulator 

(those with negative interaction coefficients) down-regulated the downstream activity of 

MYC and 6 pairs (those with positive interaction coefficients) up-regulated it. 
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TF  

(388 downstream 

probe sets) 

Inferred meta-

modulator 

Interaction 

coefficient 

MYC modulator169 -0.38064 

MYC modulator40 -0.18317 

MYC modulator378 -0.15508 

MYC modulator380 -0.14593 

MYC modulator242 -0.11068 

MYC modulator170 -0.10057 

MYC modulator116 0.076475 

MYC modulator194 0.12511 

MYC modulator375 0.186149 

MYC modulator282 0.212965 

MYC modulator200 0.283512 

MYC modulator336 0.356666 

Table 3-7 pwMIKANA identified 12 meta-modulators (225 probe sets) that control the interaction of 

MYC-downstream targets. The coefficient of each MYC-modulator combinatorial regulatory 

interaction is recorded. It shows that the transcriptional activity of MYC targets (388 probe sets) are 

up- and down-regulated by 6 pairs (with positive coefficients) and 6 pairs (those with negative 

coefficients) of MYC-modulator, respectively. The larger the absolute value of a coefficient the 

stronger the regulatory effect. (See Appendix C.3 Table C-8 for the gene membership of these meta-

modulators.) 

Figure 3-13 demonstrates the differential association between MYC and its downstream 

targets (the PC1 of 388 MYC targets) on the expression level of each meta-modulator. 

Meta-modulator 169, for example, was identified by MIKANA to have a combinatorial 

interaction coefficient of -0.3806, which indicates that the pair of MYC-

MetaModulator169 down-regulated the transcriptional activity in the downstream of 

MYC. The MIs of the MYC-MetaTarget in the subset of tumour samples associated with 

the top 25% (red crosses in subplot 1 of Figure 3-13) and the bottom 25% (blue dots in 

subplot 1 of Figure 3-13) of the expression level of meta-modulator 169 are 0.0843 and 

0.2507, respectively. This implies that the association between MYC and its downstream 

targets becomes weaker as the expression level of meta-modulator 169 increases. 
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Figure 3-13 PCA showing the transcriptional activity of MYC downstream (the PC1 of 388 MYC 

known targets) plotted against mRNA expression of MYC (202431_s_at) across all samples (the grey 

dots). In each subplot, tumour samples are ranked in the ascending order of the representative 

expression profile of a meta-modulator. A red linear best fit line is superimposed to the top 25% of 

the samples (the red crosses) and a blue linear line is fitted to the bottom 25% of the samples (the 

blue dots). The MIs between MYC expression and the PC1 of its targets are estimated for both sets, 

respectively (shown at the bottom right corner of each subplot). The interaction coefficient of each 

pair of MYC-modulator is shown at the top of each subplot. 
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The functional enrichment analysis by GATHER revealed that gene members (225 probe 

sets) of the inferred meta-modulators were significantly associated with cell cycle and 

cell proliferation, and that they were enriched for E2F binding sites, as illustrated in 

Figure 3-14. Details of the biological annotations are summarised in Table 3-8, where the 

coverage of genes enriched for each annotation in the GO, KEGG and TransFac 

databases, as well as their related significance, are presented. 

 

Figure 3-14 Regulation of MYC-targets interaction. The genes that modulate the interaction of MYC 

and its downstream targets were shown to be enriched for cell proliferation and cell cycle. The 

modulators are highly associated with the E2F binding site. 
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Gene Ontology (GO) Coverage 
ln(Bayes 

factor) 

FE:  

-ln(p value) 

FE:  

-ln(FDR) 

GO:0050875: cellular physiological 

process 
64.16% 7.72 12.37 8.5 

GO:0044237: cellular metabolism 51.33% 7.92 12.41 8.5 

GO:0006139: nucleobase, nucleoside, 

nucleotide and nucleic acid metabolism 
28.76% 7.38 11.85 8.13 

GO:0008283: cell proliferation 18.14% 17.28 22.06 17.65 

GO:0007049: cell cycle 15.93% 21.81 26.68 21.42 

GO:0006259: DNA metabolism 10.18% 9.32 14.12 9.96 

GO:0000278: mitotic cell cycle 8.41% 20.06 25.04 20.29 

GO:0000280: nuclear division 7.96% 20.67 25.66 20.69 

GO:0000279: M phase 7.96% 19.87 24.86 20.29 

GO:0000074: regulation of cell cycle 7.96% 7.2 12.01 8.22 

GO:0007067: mitosis 7.52% 22.47 27.48 21.56 

GO:0000087: M phase of mitotic cell 

cycle 
7.52% 22.22 27.23 21.56 

GO:0000067: DNA replication and 

chromosome cycle 
6.64% 12.57 17.52 13.24 

GO:0006260: DNA replication 4.87% 7.62 12.57 8.51 

KEGG Coverage 
ln(Bayes 

factor) 

FE:  

-ln(p value) 

FE:  

-ln(FDR) 

path:hsa04110: Cell cycle 5.75% 14.01 17.99 14.12 

TransFac Coverage 
ln(Bayes 

factor) 

FE:  

-ln(p value) 

FE:  

-ln(FDR) 

V$E2F1_Q6: E2F-1 84.96% 16.94 21.94 16.77 

V$E2F_Q3_01 67.26% 16.62 21.47 16.77 

V$E2F1_Q6_01 67.26% 12.94 17.74 13.55 

V$E2F_Q4: E2F 65.04% 16.92 21.77 16.77 

V$E2F1DP1_01: E2F-1:DP-1 

heterodimer 
53.98% 6.75 11.34 8.03 

V$E2F1_Q4_01 47.35% 14.79 19.6 15.19 

V$E2F_Q4_01 42.48% 10.95 15.7 11.85 

V$E2F_Q6_01 30.09% 11.12 15.94 11.93 

V$E2F_03 26.55% 8.94 13.74 10.02 

V$E2F_02: E2F 9.73% 7.18 12.23 8.82 

V$E2F_Q3: E2F 9.73% 7.18 12.23 8.82 

V$E2F4DP1_01: E2F-4:DP-1 

heterodimer 
9.73% 7.18 12.23 8.82 

Table 3-8 Gene set functional enrichment analysis by GATHER reveals the biological annotations of 

the GO, TransFac and KEGG categories enriched in the 225 probe sets associated with the inferred 

meta-modulators for MYC-downstream. In each category, the functional terms are ranked by the 

coverage of genes enriched for and their related significance is shown by Bayes factor, negative log of 

the Fisher exact p-value (FE: -ln(p value))  and negative log of the Fisher exact false discovery rate 

(FE: -ln[FDR]). 
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We observed that these probe sets were strongly enriched for cell cycle (for example, 41 

probe sets (~18% coverage) were enriched for cell proliferation [GO: 0008283] with a 

Bayes factor of 17; 36 probe sets (~16% coverage) were enriched for cell cycle [GO: 

0007049] with a Bayes factor of 22; 17 probe sets (~8% coverage) were enriched for 

mitosis [GO: 0007067] with a Bayes factor of 22; 19 probe sets (~8% coverage) were 

enriched for mitotic cell cycle [GO: 0000278] with a Bayes factor of 20; 13 probe sets 

(~6% coverage) were highly enriched for the KEGG pathway [hsa04110: Cell cycle] with 

a Bayes factor of 14). These modulator probe sets were also found to be highly enriched 

for E2F1 and/or E2F binding sites, in which 192 probe sets (~85% coverage) were 

enriched for V$E2F1_Q6: E2F-1 with a Bayes factor of 17; 147 (~65% coverage) were 

enriched for V$E2F_Q4: E2F with a Bayes factor of 17; and 152 (~67% coverage) were 

enriched for V$E2F_Q3_01 and V$E2F1_Q6_01 with a Bayes factor of 17 and 13, 

respectively. 

By taking a close look at the membership of the inferred meta-modulators, we found that 

some of the gene members, such as ESR1, ERBB4, CDC2, CDK2, FOSB and MCM2, 

have been identified as key regulators of MYC transcriptional activity. For example, MYC 

degradation was demonstrated to be affected by the activation of the estrogen pathway 

(Rodrik et al., 2006), which supports the finding here that ESR1 and genes related to 

ESR1 regulation are the potential modulators of MYC-targets transcriptional activities. 

Moreover, the study of Qi et al (2007) revealed that the c-myc mediated cell cycle 

regulation was conditionally dependent on cyclin A and CDK2. This suggests that the 

inferred modulators of MYC transcriptional activities are biologically meaningful. 
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iv) STAT1 regulatory module 

STAT1 is another important TF whose expression profile is highly associated with breast 

cancer patient survival. In this analysis, the expression data of probe set 209969_s_at 

(STAT1) was selected as the TF, and 38 probe sets were mapped to the transcriptional 

targets of STAT1 listed in TFactS (see Appendix C.2 Table C-5). The permutation 

analysis found 3076 probe sets that were found to be highly associated with the 

correlation of STAT1 and its downstream targets (association at the 98th
 
percentile giving 

the absolute value of Spearman‘s correlation coefficient > 0.8309). Hierarchical 

clustering allocated these probe sets into 116 meta-modulators by their expression 

patterns. MIKANA identified 8 meta-modulators (corresponding to 123 probe sets), in 

which 5 pairs of STAT1-MetaModulators (those with negative interaction coefficients) 

down-regulated the targets of STAT1 and 3 (those with positive interaction coefficients) 

up-regulated it, as shown in Table 3-9. 

TF  

(38 downstream 

probe sets) 

Inferred meta-

modulator 

Interaction 

coefficient 

STAT1 modulator36 -0.107048 

STAT1 modulator25 -0.10467 

STAT1 modulator13 -0.10421 

STAT1 modulator62 -0.09163 

STAT1 modulator60 -0.08505 

STAT1 modulator67 0.089595 

STAT1 modulator107 0.155473 

STAT1 modulator63 0.974213 

Table 3-9 pwMIKANA identified 8 meta-modulators (123 probe sets) that control the interaction of 

STAT1-downstream targets. The coefficient of each STAT1-modulator combinatorial regulatory 

interaction is recorded. The transcriptional activity of STAT1 targets (38 probe sets) are up- and 

down-regulated by 3 pairs (those with positive coefficients) and 5 pairs (those with negative 

coefficients) of the STAT1-modulator, respectively. The larger the absolute value of a coefficient the 

stronger the regulatory effect. (See Appendix C.3 Table C-9 for the gene membership of these meta-

modulators.) 
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To assess the dependence of STAT1-MetaTarget interaction on the expression of these 

meta-modulators, we plotted the STAT1 downstream transcriptional activity (the PC1 of 

38 STAT1 targets) against the expression of STAT1 on the expression level of each 

inferred meta-modulator, as shown in Figure 3-15. For example, the transcriptional 

activity of STAT1 downstream targets was found to be up-regulated by the combinatorial 

interaction of STAT1-MetaModulator63 (with positive interaction coefficient of 0.9742 as 

shown in Table 3-9). In subplot 1 of Figure 3-15, the MIs of STAT1-MetaTarget were 

estimated in the subsets of samples associated with the top 25% (red crosses; MI = 

0.4066) and the bottom 25% (blue dots; MI = 0.1473) of the expression of meta-

modulator 63, respectively. This suggests that the association of STAT1-MetaTarget is 

significant when meta-modulator 63 is highly expressed. 

 

Figure 3-15 PCA showing the transcriptional activity of STAT1 downstream (the PC1 of 38 STAT1 

known targets) plotted against mRNA expression of STAT1 (209969_s_at) across all samples (the 

grey dots). In each subplot, tumour samples are ranked in the ascending order of the representative 

expression profile of a meta-modulator. A red linear best fit line is superimposed to the top 25% of 

the samples (the red crosses) and a blue linear line is fitted to the bottom 25% of the samples (the 

blue dots). The MIs between STAT1 expression and the PC1 of its targets were estimated for both 

sets, respectively (shown at the bottom right corner of each subplot). The interaction coefficient of 

each pair of STAT1-modulator is shown at the top of each subplot. 
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The functional enrichment analysis by GATHER indicated that the gene members (123 

probe sets) of the 8 meta-modulators were enriched for immune response, as illustrated in 

Figure 3-16. 

 

Figure 3-16 A diagram illustrating the regulation of STAT1-targets interaction. The genes that 

modulate the interaction of STAT1 and its downstream targets were shown to be enriched for 

immune response.  

Gene Ontology (GO) Coverage 
ln(Bayes 

factor) 

FE: 

-ln(p value) 

FE: 

-ln(FDR) 

GO:0006955: immune response 20% 6.87 11.05 5.17 

GO:0006952: defence response 20% 6.45 9.77 10.59 

Table 3-10 Gene set functional enrichment analysis by GATHER reveals the biological annotations of 

GO category enriched in the 123 probe sets associated with the inferred meta-modulators for STAT1-

downstream. In each category, the functional terms are ranked by the coverage of genes enriched for 

and their related significance is shown by Bayes factor, negative log of the Fisher exact p-value (FE: -

ln[p value])  and negative log of the Fisher exact false discovery rate (FE: -ln[FDR]). 

GATHER reports (see Table 3-10) revealed that the inferred meta-modulators were 

enriched for immune response [GO: 0006955] (with ~20% coverage) and defence 

response [GO: 0006952] (with ~20% coverage) with a Bayes factor of 7. The gene 

members FAS, IFI16 and IL16 of the meta-modulators were found to be annotated with 

these functional terms. This is supported by many findings in the literature showing that 

regulation of JAK/STAT transcription pathway plays an important role in the regulation of 

immune response (Shuai and Liu, 2003). This suggests that the identified molecular 

modulators are biologically significant to the STAT1 regulatory group.  
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3.3 Discussion 

The work presented here focused on identifying putative modulators of transcription 

factor (TF) regulatory pathways from microarray gene expression data. The function of a 

TF cofactor (a molecular modulator) is to modulate the transcriptional activity of a TF 

pathway, which in turn modifies the downstream cellular response, and ultimately 

contributes to determining the clinical outcome for breast cancer patients. In this work, 

we considered two types of TF modulators: the regulation of a TF-target interaction by a 

third gene (molecular modulator); and the dependence of a TF-target interaction on a 

clinical variable (non-molecular modulator). 

We proposed using an ODE-based REA (MIKANA) to identify putative modulators of a 

TF which control the regulatory effect of the TF on their downstream targets. This was 

achieved by incorporating pairwise interactions (between the TF and putative modulators) 

into the regression used in the inference algorithm to characterise the combinatorial 

regulatory effects of multiple parent genes (a TF and modulator candidates) on a target 

gene. This modulator identification approach was guided by gene expression data only, 

without pre-selection of modulator candidates based on biological annotations and 

without making any prior assumptions about the regulatory network underlying the data. 

These analyses were done on a breast cancer patient dataset collected from 7 studies and 

the data were pre-processed to remove cohort-related batch variation across the 960 

samples, including patients who had or had not received adjuvant treatment. This ensured 

that significant biological variability across gene expression profiles and would provide a 

wide range of differential clinical outcomes in the dataset. The interactions identified by 

MIKANA from gene expression patterns were guided by molecular variations. 
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We used the inference method, coupled with statistical analyses, to identify the putative 

modulators of cancer-related regulatory pathways, including ESR1, E2F1, MYC and 

STAT1, and their transcriptional activities. Using functional enrichment analysis, we 

found that the inferred molecular modulators were statistically significant and 

biologically important for each of the TF-regulatory modules. 

Pre-selection of modulator candidates 

Identification of the key genes, such as biomarkers, for cancer patient prognosis is one of 

the most common objectives of microarray studies. Many computational approaches 

(Schilstra and Bolouri, 2002; Gardner et al., 2003; Kato et al., 2004; Choi et al., 2005; 

Wang et al., 2005; Patrick et al., 2007; Braunstein et al., 2008; Kayano et al., 2009; 

Lemmens et al., 2009; Dao et al., 2010; Patrick et al., 2010; Tesson et al., 2010; Wang 

and Gotoh, 2010), coupled with statistical techniques, have been developed to explore 

gene expression profiles to extract important regulatory information. During machine 

learning processes, large variation in gene expression profiles is required to provide more 

regulatory information and to identify putative regulatory interactions between genes. 

Given a set of co-expressed genes, those with significant variation in their expression are 

more likely to be selected by algorithms. However, in the expression network, genes 

interact with each other and their expression can be amplified through cascades of 

expression of other genes. Therefore, the significance in variations of some genes (such 

as downstream targets) may be induced by small changes in the expression of truly 

important upstream regulatory genes (such as TFs). In this case, the chance of 

downstream targets being selected by an algorithm is much higher compared to that of 

TFs. A common practice to remedy this situation in previous studies (Wang et al., 2009a; 

Babur et al., 2010; Hansen et al., 2010) is to pre-define a list of modulator candidates 

based on prior biological knowledge, such as molecular interaction data from Ingenuity 
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Systems (Ingenuity Systems, 2012) or based on literature analyses and text processing 

approaches. Yet, current knowledge of regulatory pathways underlying good vs. poor 

prognosis of breast tumour is incomplete. Although pre-selection of biologically 

meaningful candidates would largely narrow down the size of data and improve 

computational efficiency, the vast majority of putative TF modulators could be easily 

neglected due to the limited information. To address the problem, therefore a de novo 

approach with no assumed prior knowledge is required. 

Zhang et al. (2007) claimed a type of interaction in which the co-expression between a 

pair of genes is dependent on a third gene, the expression of which is associated with 

specific biological conditions. This three-way interaction analysis provides a good 

paradigm to identify conditional differential correlation between TFs and the 

corresponding downstream targets. In this work, instead of pre-selecting a list of 

modulator candidates according to known biology, we used a Cox PH model and a 

permutation analysis, developed from the idea of three-way interaction analysis (Zhang et 

al., 2007), to extract additional information about the relationships between genes from 

their expression patterns. This pre-selection step was mainly developed from the 

statistical relationship between genes according to: (1) the association with survival 

outcome; and (2) the definition of modulation, that is, the relationship between a TF and 

its downstream targets is modulated by the expression of a third gene or is dependent on 

the status of a clinical variable (non-molecular modulator). In order to identify cancer-

related cofactors (molecular modulators) whose expression patterns were highly 

associated with the regulation of TF-targets, we first used the Cox PH model to remove 

genes whose expression profiles did not have strong association with patient disease-free 

survival (DFS) times across all samples. Then we used the permutation analysis approach 

to remove genes whose expression profiles did not vary in strong association with the 
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correlation of TF-downstream targets. The pre-selection steps promised sufficient variety 

in the expression of modulator candidates across all samples for MIKANA inference. 

A common practice for previous partition-based modulator identification methods (Segal 

et al., 2003; Zhang et al., 2007; Wang et al., 2009a; Babur et al., 2010; Hansen et al., 

2010) was to determine whether differential co-expression of a gene pair could be 

detected between two sets of samples or conditions. The sample partition was 

characterised by a pre-selected modulator candidate based on the expression of a third 

gene or a clinical status. However, in most biological cases, multiple molecular 

signatures interact with each other and characterise cell response simultaneously. 

Therefore, a single gene signature is not sufficient for an appropriate sample partition to 

identify conditional differential correlation. In this work, we used the permutation 

analysis to identify all possible modulators that could affect the correlation of each 

individual TF-target pair and then extracted the unique molecular profiles from the 

modulator candidates by hierarchical clustering technique. The process largely reduced 

the number of modulator candidates but preserved a sensible conditional dependency 

relationship in gene expression patterns. 

Another point to note here is the association assessment we used in the permutation 

analysis. In our work, we used the Spearman‘s correlation coefficient to assess the 

correlation between a TF and its downstream targets, which was also used as an 

association assessment between the expression of a third gene and the correlation of TF-

target. This choice was made by considering the nonlinearity underlying gene regulation. 

MI was another option for assessment of the association between the putative modulator 

and the TF-target pairing. Our findings were not significantly altered by the choice of 

correlation assessment. 
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MIKANA inference requires unique molecular signatures 

High-dimensional gene expression data provides quantitative information about gene 

regulatory interactions for model learning. However, genes participating in the same 

regulatory pathway or biological function are more likely to be co-expressed, and these 

co-expressed genes may behave similarly across samples and provide similar expression 

profiles. High similarity in gene expression patterns does not improve network inference 

and moreover it may induce information redundancy for model learning. This is not the 

case for the approaches that identify a co-expression relationship, such as co-expression 

network identification methods, where all the highly correlated pairs are found; however, 

it is common in most network inference approaches that use a linear regression technique. 

In particular, the regulatory effects of co-expressed genes characterised by basis functions 

may be similar to each other, in which case MIKANA is not able to distinguish between 

co-expressed genes and it is difficult to determine the optimal model. This could result in 

bias – such as over-estimation – and high computation cost. Therefore, it is essential to 

perform a clustering on gene expression data prior to network inference to improve the 

efficiency of machine learning. 

To overcome this problem, we used a clustering technique to group modulator candidates 

based on the similarity of their expression profiles. Each group of modulator candidates 

(meta-modulators) was a representative of genes with similar expression behaviour. This 

improved computation efficiency and the key biological information could be retained by 

a summary of gene activities. We used the first principal component (PC1) to generate 

the unique molecular signatures extracted from high-dimensional gene expression data. 

Another way of generating a representative expression profile is to take the average 

expression of genes in the same cluster. The PC1 is highly correlated to the average 

expression profile, and each is a good representation of genes with similar association in 
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their expression patterns. The benefit of using PC1 as a representative expression profile 

is that it summarises the most variation of the gene cluster across samples. Therefore, it 

can provide the most significant variety in expression patterns across samples for network 

inference processes. 

The choice of a pairwise basis function 

As discussed previously, most partition-based modulator identification methods detect 

possible modulators by estimating the association between genes at two subsets of 

samples. However, it is unclear how to correctly identify a differentially co-expressed 

gene pair if the appropriate partition of samples is unknown. This is an example of a 

practical limitation especially with large heterogeneous patient samples collected from 

many different cohorts. 

Therefore, instead of using sample partition, our ODE-based network inference approach 

treated a modulator as a cofactor of a TF and the expression of the target was controlled 

by the TF-modulator combinatorial regulatory interaction. Co-regulation reflects the 

characteristics of modulation, where the regulation of a target by a TF is dependent on the 

variation in a third factor, which implies nonlinearity underlying gene regulation. To 

identify possible cofactors of TFs that modulate their downstream activities, the additive 

linear approximation models of independent parent genes may not be adequately flexible 

to identify all aspects of the regulatory interactions that arise in gene regulation, therefore 

MIKANA requires a higher degree of basis function (i.e. a pairwise basis function) to 

replace the simple linear functions. The choice of a pairwise basis function for MIKANA 

is the kernel for modelling combinatorial regulatory interactions to identify putative 

modulators. By considering the regulation of a target which required multiple parent 

genes bounded simultaneously, we chose an AND logic function (a product function, see 

Equation (3.5)) to characterise the combinatorial regulatory effect of a TF and a potential 
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modulator candidate. Alternatively, Bonneau et al. (2006) proposed a simple minimum 

function of an interacting pair to model the combinatorial regulatory effect (see Equation 

(3.6)). This is a truncated form of an activation function for transcriptional control. The 

effect of this combinatorial regulation is dominated by the parent gene with the lower 

expression level in the pair. This minimum function is a computationally efficient method 

for incorporation of pairwise interactions. It satisfies the rule of the AND logic function 

and can be easily encoded into the model design matrix. By using the minimum function 

for the pairwise basis function of the pwMIKANA network model, we obtained similar 

modulator lists without significant deviation (data was not shown). 

Potential limitations of pairwise analysis 

Our data-driven approach required a wide range of variation in gene expression and 

different statuses for clinical variables, as mentioned above. It focused on the genes and 

clinical factors that are highly associated with patient survival. Any modulator candidates 

that did not satisfy these two conditions were not tested by the MIKANA inference. 

Therefore, some genes, such as GATA3, which are biologically related to a selected TF, 

such as ESR1, could not be chosen as a modulator candidate. Also we are aware of the 

limitation of this approach, which excludes the targets of a TF from being modulator 

candidates. In gene regulatory modules, downstream targets of a TF might act as an 

activator or inhibitor of the signalling pathway. However, the expression levels of a TF 

and its targets were more likely to be correlated and this would greatly increase the 

chance of a target being selected as a modulator during machine learning. To avoid bias, 

we enforce that a modulator candidate should not be a target of a TF for MIKANA 

inference. 
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Biological implication underlying inferred modulators 

In this work, we have implemented a REA, coupled with a statistical approach, to 

identify putative modulators for the ESR1, E2F1, MYC and STAT1 regulatory modules 

from human breast cancer data. We showed that modulators identified for each regulatory 

module are biologically significant and some of the modulators are well supported by 

previous studies. 

The identified gene modulators for ESR1-downstream targets, such as MYB, CEBPB, 

E2F5 and EGR3, were found to be associated with the members of the EGR/KROX 

family. These genes feature in recent studies (Suzuki et al., 2007; Kumbrink and Kirsch, 

2012) that have supported their regulatory role in controlling transcriptional activities in 

ESR1-related pathways which are relevant to breast cancer progression. MYC is a 

downstream effector of several signal pathways and the regulation of MYC and its 

downstream transcriptional activity has been found to be highly associated with cell 

proliferation and relevant to breast cancer progression (Chen and Olopade, 2008; Meyer 

and Penn, 2008; Xu et al., 2010). This supports the inferred modulators of MYC 

transcriptional activities, such as ESR1, ERBB4, CDC2, CDK2, FOSB and MCM2, which 

were found to be enriched for cell cycle and proliferation. Genes such as FAS, IFI16 and 

IL16 were identified as putative modulators of STAT1 downstream transcriptional 

activities. These genes were enriched for immune response, which is consistent with the 

fact that regulation of the JAK/STAT transcription pathway is important in the immune 

system (Shuai and Liu, 2003). 

We also examined the dependence of differential association between TFs and 

downstream activity on clinical variables, including LN status, ER status, tumour grade 

and tumour subtype, as shown in Appendix C.4 Figure C-1. By estimating the MIs of the 

expression of a TF and its meta-target in subsets of tumour samples associated with LN+ 
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and LN-, we found that the TF-target association was independent of LN status for the 

four TFs. This is consistent with what we observed from a univariate Cox PH model – 

that LN status alone was not strongly associated with patient survival (DFS, univariate 

Cox PH p-value = 0.0887). Nevertheless, significant differences in MIs were observed in 

tumour samples associated with ER+ and ER- for ESR1-MetaTarget (ER+: 0.125; ER-: 

0.383) and MYC-MetaTarget (ER+: 0.074 and ER-: 0.319). This implies that ER status 

might be a putative modulator of the ESR1 and MYC regulatory pathways. This supports 

the finding that ER status was one of the modulators identified for ESR1-target 

interaction and ESR1 was a member of the meta-modulators identified for the MYC 

regulatory module. 

Conclusions 

In conclusion, we propose using a reverse-engineering approach to identify putative 

modulators that control the interaction between TFs and their downstream targets. The 

co-regulatory effect was modelled by incorporating a pairwise basis function into the 

MIKANA algorithm. This approach was shown to be statistically and biologically useful 

for identifying the clinical variables and biological significant genes (TF cofactors) that 

modulate the transcriptional activities of TFs downstream. It provides a useful tool to 

determine putative modulator candidates of TF pathways for future experimental 

validation in clinical use. 
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3.4 Materials and Methods 

3.4.1 Data and preprocessing  

The data we used in this work was a combination of clinico-genomic data collected from 

7 independent breast cancer tumour microarray studies: GSE1456 (159), GSE3494 (232), 

GSE6532_U133A (154), GSE6532_U133plus2 (87), GSE7390 (198), NZ_U133A (30) 

and Singapore (100), as described in Lasham et al. (2011). The microarray gene 

expression data contains more than 20,000 probe sets across 960 tumour samples from 

patients who had or had not received adjuvant or neo-adjuvant chemotherapy, endocrine-

based therapy or radiotherapy. The expression of genes was measured in terms of mRNA 

abundances using Affymetrix HG-U133A and HG-U133PLUS2 GeneChip arrays, and 

the data was quantile normalised across all patient samples (Lasham et al., 2011). 

The genomic data was pre-processed by a filtration step to remove genes without 

significant variation across samples. We estimated a noise level based on the mean signal 

of the BioB 3‘ probe set across all chips and retained all probes that were expressed 

above the noise estimation in at least 10% of chips. Since Affymetrix HG-U133A 

microarrays include multiple probe sets annotated with the same official gene symbol 

(OGS), to avoid inclusion of outlying probe sets and to reduce computational cost, probe 

sets without OGS annotation in version 2.6.3 of the Bioconductor hgu133a.db annotation 

package were removed. In addition only one probe set for each OGS was included in the 

dataset we analysed. This representative probe set was the one with expression that had 

the highest correlation to the median expression of all probe sets annotated to the same 

OGS. By this procedure, the dimensions of the dataset were reduced to 7756 probe sets 

and 960 tumour samples. To remove non-biological variation associated with cohort, 

ComBat (Johnson et al., 2007) processing was applied to adjust for cohort-correlated 

batch effect across the dataset. 
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The clinical information associated with these 960 patients is summarised in (Appendix 

Table D-1), including tumour grade (G1, G2 and G3), estrogen receptor status (ER+ and 

ER-), progesterone receptor status (PgR+ and PgR-), lymph node status (LN+ and LN-), 

tumour size, patient‘s age, treatments applied (adjuvant, endocrine and chemotherapy), 

tumour subtype (basal-like, HER2, luminal A, luminal B or normal-like), and the clinical 

outcomes (survival information) for recurrence or death from breast cancer: disease-free 

survival (DFS), distant metastasis-free survival (DMFS) and disease-specific survival 

(DSS) with censored data. 

Downstream targets of each transcription factor (TF) were downloaded from TFactS 

(Essaghir et al., 2010). ‗Download catalogues‘ under the ‗TFactS: (TF activity)‘ section 

from TFactS provides lists of TF target genes that are obtained from literature and 

databases including PAZAR (Portales-Casamar et al., 2007; Portales-Casamar et al., 

2009), NFIregulomeDB database (Database for genes regulated by Nuclear Factor I 

Family), curated TRED (Transcriptional Regulatory Element Database) (Zhao et al., 

2005) and TRRD (Transcription Regulatory Regions Database) (Kel' et al., 1997). 

3.4.2 Identification of TF cofactors 

To identify modulators on transcriptional pathways, we extended the ODE-based network 

inference method, the MIKANA inference approach (Wildenhain and Crampin, 2006), 

whose formulation and model selection was discussed in Chapter 2. The inference 

method is able to allocate putative parent genes to each child gene, such that regulatory 

interactions between genes, such as a TF and a target, can be identified. 

By incorporating pairwise interaction, the inference approach is then able to allocate 

putative combinatorial TF-modulator pairs to a target, such that the combinatorial 

interaction between a TF-modulator and a target can be built. The model design matrix 
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(MDM) composed of all pairwise basis functions represents the combinatorial regulatory 

effects of the TF and all possible modulators. By using an iterative model selection 

scheme (Judd and Mees, 1995), MIKANA is then able to iteratively select the 

combinatorial regulatory interaction of a TF-modulator from the MDM for a given child 

(target) gene. The interaction model is expanded from one with a pairwise interaction to 

one with all possible pairwise interactions being added. The optimal size of the model is 

determined at the minimum of the Bayesian information criterion (BIC) function, where 

the balance between the complexity of the model and the cost of the model is achieved. 

The pairwise interactions selected at the optimal model size are the most likely 

combinatorial regulatory interactions that can be used to explain the variation in the 

expression of a given target gene, and the genes in the modulator components of the pairs 

are the putative modulators. 

3.4.3 5-element ESR1 regulatory module and modulator identification 

The probe set 205225_at was selected for the TF ESR1 whose expression plays an 

important role in breast tumour classification. The probe set 205009_at was chosen for 

TFF1 which is one of the main downstream targets regulated by estrogen in breast cancer 

MCF-7 cells. GATA3 209604_s_at, FOXA1 204667_at and XBP1 200670_at were shown 

to be closely correlated to ESR1 expression by microarray analyses and therefore were 

more likely to be modulating ESR1-target interactions. These 5 probe sets were used for 

the ESR1 regulatory module inference by the MIKANA model from human breast cancer 

datasets. 

To identify modulators on ESR1-TFF1 interaction, we made a few modifications to the 

algorithm such that it was able to add and remove edges in and out of a fixed ESR1-TFF1 

interaction by an iterative selective technique to find out the possible modulators. 
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Algorithm with independent regulatory interactions (ssMIKANA)  

In the additive model, ssMIKANA was modified to identify possible parents for one 

target TFF1 only and enforced ESR1 as a compulsory parent for TFF1 in the regulatory 

model. The iterative selective technique adds or removes other parents (i.e. optional 

terms for possible modulators) in or out of the current model, ESR1-TFF1, until the 

minimum of cost function is reached. The optional parents of TFF1, in addition to ESR1, 

can be treated as putative modulators of the ESR1- TFF1 interaction. 

Algorithm with combinatorial regulatory interactions (pwMIKANA) 

In this case, the MDM was modified by using combinatorial basis functions only and 

excluding independent parents. The combinatorial interactions were limited to a 

combination of two regulators ESR1 AND X. ESR1 and gene X was encoded by an AND 

logic function to imitate the combinatorial regulatory effect on TFF1. Gene X (the co-

regulator) can be considered as a putative modulator candidate that controls the 

interaction of ESR1 and TFF1. This modified pwMIKANA (see Methods 3.4.2) was also 

applied to identify pairwise regulatory interactions (TF-MetaModulator) on a MetaTarget. 

The MDM can be expanded to include both independent and combinatorial basis 

functions, so that the algorithm is able to identify independent regulators of a target as 

well as combinatorial regulators that potentially modulate the regulation of ESR1-TFF1. 

3.4.4 Cox proportional hazards analysis 

To identify modulators that control the regulatory pathway activities responsible for 

breast cancer development, we used a univariate Cox proportional hazards (PH) 

regression (Fox, 2000) to estimate the association between the expression profile (mRNA 

abundance) for each gene and breast cancer recurrence measured in terms of patient DFS. 
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The analysis computed a p-value for each gene which indicates the probability of the 

gene being associated with clinical outcome: a smaller Cox PH p-value corresponds to a 

higher strength in association with survival. Genes at a specified significance can be 

obtained by setting a cut-off for the Cox PH p-value. The univariate Cox PH analysis was 

executed by the coxphfit function in MATLAB. The association of clinical variables with 

patient survival outcome (DFS time) was assessed by the coxph function in survival 

package of R. These variables were entered as categorical variables: 

i). ER status: ER+, ER-  

ii). PgR status: PgR+, PgR-  

iii). LN status: LN+, LN-  

iv). Histological tumour grade: G1, G2 and G3,  

v). Tumour subtype: normal-like, luminal A, luminal B, HER2 and basal-like 

vi). Tumour size was binned into four groups: 𝑠𝑖𝑧𝑒 < 10𝑚𝑚,  10𝑚𝑚 ≤ 𝑠𝑖𝑧𝑒 <

20𝑚𝑚, 20𝑚𝑚 ≤ 𝑠𝑖𝑧𝑒 < 40𝑚𝑚 and 𝑠𝑖𝑧𝑒 ≥ 40𝑚𝑚.  

vii). Patient age was binned into four groups:  𝑎𝑔𝑒 < 40 𝑦𝑒𝑎𝑟𝑠, 40 𝑦𝑒𝑎𝑟𝑠 ≤ 𝑎𝑔𝑒 <

50 𝑦𝑒𝑎𝑟𝑠, 50 𝑦𝑒𝑎𝑟𝑠 ≤ 𝑎𝑔𝑒 < 60 𝑦𝑒𝑎𝑟𝑠 and 𝑎𝑔𝑒 ≥ 60 𝑦𝑒𝑎𝑟𝑠.  

3.4.5 Incorporation of clinical modulator candidate 

In order to incorporate categorical clinical variables with continuous gene expression data 

for MIKANA inference, we allocated numbers to indicate the statuses of each clinical 

variable according to its association with the risk of breast cancer: the higher numeric 

value corresponds to the higher risk of breast cancer (shorter DFS). In this work, we 

considered LN status, ER status, and tumour grade to be combined with gene expression 

data. 

 ER status: ER+ (0), ER- (1)  

 LN status: LN+ (1), LN- (0)  

 Histological tumour grade: G1 (1), G2 (2) and G3 (3) 

Once combined with molecular data, the combined dataset was normalised by taking z-

scores as shown in Equation (3.3). 
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3.4.6 Selection of molecular modulator candidates  

It is always challenging to identify modulators from a high-dimensional dataset 

composed of more than 7000 gene probe sets across 960 tumour samples. To improve 

computational efficiency, we reduced the size of the modulator candidates by searching 

through the association between their expression and the correlation between a TF and its 

targets. This was based on a three-way gene interaction, which refers to the interactions 

of transcript-to-transcript relationships (A-B) that are conditional on the expression level 

of a third transcript (C) (see Figure 3-7). The dependency can be determined by 

calculating the conditional correlation between three transcripts (Zhang et al., 2007), 

i.e., 𝐶𝑜𝑛𝑑𝐶𝑜𝑟𝑟 = 𝑐𝑜𝑟𝑟(𝐴, 𝐵|𝐶). 

To assess the conditional correlation between a gene C and a TF-target pair (A-B), we 

divided gene expression samples into three groups according to the expression of C. The 

tumour samples were allocated to either the low expression set (LES), median expression 

set (MES) and the high expression set (HES) according to whether the related expression 

of gene C was less than the 30-percentile, between the 30-percentile and the 70-percentile, 

and more than the 70-percentile of its expression profile across all tumour samples. The 

correlation between TF (gene A) and its target (gene B) was estimated by Spearman‘s 

correlation coefficient for each set, and the average expression profile of gene C was 

computed in LES, MES and HES respectively. This step was repeated by a permutation 

analysis (see Section 3.4.7) which estimated the correlation between the average 

expression of C and the Spearman‘s correlation coefficient of A and B across N 

subsamples. The assessment was performed for each possible triplet (TF[A]-target[B]-

modulator[C]), in which each probe set (C) cannot be a TF (A) or a member of its targets 

(B).  
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3.4.7 Permutation analysis  

We used a permutation analysis to assess how strongly a transcript (C) associated with 

the interaction between a pair of genes (A-B). This was able to reveal the likelihood of a 

gene (C) to be a potential modulator of a TF(A)-target(B) interaction. The permutation 

analysis was performed in LES, MES and HES data subsets, respectively. In each set, we 

randomly selected 40% of the samples without replacement and repeated the process N 

times to generate N bootstrapped datasets. For each bootstrapped dataset, the Spearman‘s 

correlation coefficient was calculated for the A-B pair and the average expression level of 

each probe set (C) across the subsamples was computed. This was done for each of LES, 

MES and HES. The Spearman‘s correlation coefficients of A-B and the average 

expression levels of C for the N bootstrapped datasets from LES, MES and HES were 

combined (3 sets × N repeats). The association between the expression of C and the 

interaction of A-B was measured by the Spearman‘s correlation coefficient between the 

average expression level of C and the Spearman‘s correlation coefficient of A-B. Probe 

sets (C) whose expression were found to be highly associated with the A-B interaction 

(the corresponding Spearman‘s correlation coefficients were higher than the 98th 

percentile of all computed Spearman‘s correlation coefficients) were selected as 

modulator candidates for the MIKANA inference. 

3.4.8 Hierarchical clustering 

In this study, we applied a standard hierarchical clustering technique to identify genes 

(particularly for modulator candidates) that have similar expression patterns. This 

technique evaluates the pairwise Spearman‘s correlation coefficient 𝜌𝑖𝑗  to measure the 

similarity between the expression profiles of gene 𝑖  and gene  𝑗 . The range of  𝜌𝑖𝑗  ∈

  −1, 1 , i.e. two expression profiles are completely correlated if 𝜌𝑖𝑗 = 1, completely anti-



Chapter 3. Beyond Pairwise Interactions 191 

 

correlated if 𝜌𝑖𝑗  =  −1 and uncorrelated if 𝜌𝑖𝑗 = 0. The distance between any two gene 

expression profiles is scored by 𝑑𝑖𝑗 = 1 −  𝜌𝑖𝑗  . 

Hierarchical clustering employs a complete-linkage approach to define the affinity 

between gene clusters by using the largest distance between genes in two clusters. It 

constructs a tree diagram iteratively, starting with the cluster size of one gene, and in 

each step the two clusters with the highest affinity, i.e. the smallest maximal pairwise 

distance, are combined. This ensures that all genes are clustered below a distance 

threshold satisfying the condition that 𝑑𝑖𝑗 ≤  𝑑∗, and that the distance between every gene 

pair within a cluster is statistically significant, meaning that none of gene pairs is 

neglected. 

An appropriate linkage cut-off 𝑑∗ was decided for the optimal number of clusters, each of 

which highly represents a set of co-expressed genes. The technique we used here 

involved defining the top boundary of distance above which genes cannot be identified as 

co-expressed. This was achieved by testing against a particular null hypothesis H0: a 

particular value of the distance arises by chance from two genes which are not co-

expressed. This null hypothesis can be tested by the distribution of distances derived from 

genes which are not co-expressed. Since the analytical description of such distance 

distribution was not available, we estimated the distribution of distance from surrogate 

gene expression profiles. Appropriate surrogate datasets in this case should preserve the 

characteristics of the gene expression data while do not present any correlation across 

different samples. Therefore, we applied a permutation method which shuffles gene 

expression data for each sample. The surrogate dataset was generated by re-sampling 

without replacement from original data at each sample independently, such that the 

original expression pattern across all chips could be completely destroyed while the 

distribution of data in each chip would remain.  
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We tested the null hypothesis at 95% significance level which allowed 5% chance that 

null hypothesis was falsely rejected. By doing this, we were 95% confident that in a tree 

diagram genes connected at any distance below the specified value distance value 

𝑑∗ were co-expressed. This specified threshold distance corresponds to the 5th percentile 

of the distribution that was obtained from a surrogate dataset. In particular, we iteratively 

shuffled each sample 1000 times to generate 1000 surrogate datasets. Each surrogate 

dataset generated a tree diagram by complete-linkage method, and a distance distribution 

was obtained from all linkage distances of the tree. The average of the 5th percentiles of 

linkage distance distributions obtained from many surrogates was then used as a robust 

estimate of distance cut-off 𝑑∗ for the tree diagram obtained from the original dataset. 

The cut-off determined how small the distance between a pair of genes should be for 

being co-expressed and this provided statistics significant clusters. Given 𝑑∗, we were 95% 

confident that any pairs of genes at the distance less than 𝑑∗ in a tree diagram obtained 

from the dataset were co-expressed.  

The hierarchical clustering was executed by the pdist, linkage and dendrogram 

functions in MATLAB. 

3.4.9 Principal component analysis 

Principal component analysis (PCA) can be used to generate a principal component (PC) 

as a statistical summary of expression of a group of genes. It is commonly used in 

reducing data dimensionality. It generates a set of linearly independent (uncorrelated, i.e. 

orthogonal) variables (PCs) as linear combinations of original variables (in our work, the 

expression level of genes in the same group). The first PC has the greatest variance in the 

original data variables and the second PC has the second greatest variance, and so forth.  
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PCs capture the most characteristics of the expression of many genes and can be used as a 

surrogate marker for the activation of TF-responsive gene expression programmes. In this 

work, we computed the first PC (PC1, first eigenvalue) as a representative expression 

profile (known as a meta-target) for probe sets that are known targets of a TF from 

TFactS (Essaghir et al., 2010). The same technique was used to generate the 

representative expression profile (known as a meta-modulator) of potential modulator 

candidates probe sets which had similar expression pattern. The meta-gene can be treated 

in any analysis as if it was a single gene. It provides a description of TF downstream 

transcriptional activity or a representation of genes participating in the same biological 

activity. In our analysis, the PCs were generated using a singular value decomposition 

(SVD) method and the princomp function in the stats package of MATLAB (Mardia et 

al., 1979) from the original dataset. 

3.4.10 Functional annotation analysis 

To further determine the biological significance of modulator candidates, we searched the 

biological functional enrichment of gene members of the inferred meta-modulators from 

the Gene Ontology (GO) and KEGG databases. We also compared the promoters of the 

inferred gene members using the TransFac Pro v8.2 transcription factor binding motif 

database. These enrichment analyses were facilitated by the GATHER web tool with 

default parameters (Chang and Nevins, 2006) to obtain the GO, KEGG and TransFac 

functional annotations for the gene sets whose expression profiles were found to be 

highly associated with the correlation of TF-gene pairs. GATHER tests for enrichment 

against the whole human genome. We used a Bayes factor generated by GATHER to 

understand the enrichment of molecular functions, biological processes and putative 

transcription factor binding sites overrepresented in a set of genes (the Bayes factor 
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quantifies the strength of evidence for an association of an annotation with a list of genes 

compared to that with other genes in the genome). 
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Since the development of gene expression profiling, many studies have revealed 

relationships between breast tumour phenotypes and variation in gene expression. On the 

basis of gene expression patterns breast tumours have previously been classified into five 

molecular subtypes: basal-like, HER2, luminal A, luminal B, and normal-like tumours. In 

addition to these subtypes, breast cancers have also been classified based on several 

genetic markers, histological and pathological features that are associated with 

differential patient prognosis. Despite this depth of information, the way in which 

multiple oncogenic gene regulatory modules are utilised in the heterogeneous breast 

tumours of different patients, and how they determine patient outcome, remain 

incompletely understood. Therefore, to map the use of gene regulatory modules across 

patients, we identified sets of mRNAs, known as biclusters, which are tightly co-

expressed across the breast tumours of restricted subgroups of patients. We then 

determined whether these biclusters, alongside clinical information, lead to better 

understanding of tumour biology and prediction of patient outcome. We found that the 

sets of co-expressed genes which defined the biclusters were significantly enriched for 

biological annotations and gene regulatory modules known to be associated with breast 

cancer biology. We also found that patients identified as being within the same bicluster 

were more likely to present with similar clinical features. Conditional inference tree and 

ridge regression class prediction were used to combine bicluster information with clinical 

information to predict patient outcome. We found that inclusion of molecular bicluster 

information improved prediction of early relapse. Stratification of patients based on 

molecular signatures over subsets of genes as well as clinical information identifies 

mixtures of gene regulatory modules that underlie tumour heterogeneity and may 

determine clinical course and treatment. 
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4.1 Background 

Breast cancer is a heterogeneous disease due to the combination of many intrinsic and 

extrinsic factors, such as the genetic background of the patient, the cell of tumour origin, 

accumulation of genetic changes in the tumour and the overlapping sets of active 

molecular pathways which the tumour has evolved to use. In the shift towards 

personalised medicine for breast cancer patients, we urgently need to improve our 

understanding of breast tumour heterogeneity between patients. Today breast tumours are 

primarily classified histo-pathologically especially based on grade. However, molecular 

analysis is playing an increasingly important role in the clinic, and numerous studies have 

correlated the variations in gene expression among individuals to the phenotypic diversity 

in breast tumours (Perou et al., 2000; Sørlie, 2004; Dolled-Filhart et al., 2006; Kapp et al., 

2006). 

Perou et al. (2000) pioneered breast tumour classification based on unique gene 

expression profiles of 8102 human genes across 65 breast tumours from 42 individuals. 

Using hierarchical clustering to group genes with similar expression, they identified 

biologically meaningful molecular portraits of tumours associated with features such as 

cellular proliferation and signalling pathway activity. Related work (Perou et al., 2000; 

Sørlie et al., 2001; Sørlie et al., 2003) ultimately classifies breast tumours into five 

distinct molecular based subtypes: basal-like, HER2, luminal A, luminal B and normal-

like breast tumours. 

In addition to these five molecular subtypes, many studies have defined breast cancer 

subtypes on gene signatures, whose expression profiles are highly correlated with clinical 

parameters (Pittman et al., 2004; Van't Veer et al., 2005; Dolled-Filhart et al., 2006; 

Cheang et al., 2008; Mehta et al., 2010). Each unique gene signature can be used to 
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characterise a biological state or a particular class of tumour, which can be distinctively 

reflected in their expression pattern (Gruvberger-Saal et al., 2006; Mehta et al., 2010). 

Information about expression of biologically important genes may improve clinical 

decision-making by improving the prediction of clinical outcomes, in comparison to 

traditional histological grade (Pittman et al., 2004; Sotiriou et al., 2006; Acharya et al., 

2008; Eddy et al., 2010; Guarneri et al., 2010; Maxwell, 2010; Normanno et al., 2010). 

Various clustering techniques (Cheng and Church, 2000; Tanay et al., 2002; Madeira and 

Oliveira, 2004; Krushevskaya et al., 2009; Weixiang et al., 2009; Furlan et al., 2011) 

have been developed with different assumptions. These methods in general detect gene 

clusters that have similar expression patterns over all tumours, which have been widely 

used to identify clinically relevant biomarkers for tumour classification. 

However, genes that are co-expressed across one subset of tumours may be expressed 

almost independently in another subset, just as they are in different experimental groups 

in the laboratory (Gonçalves et al., 2009). Therefore, subtle but important biological 

features characterised by specific gene sets may be missed when viewed across datasets 

made up of a wide range of tumours. The traditional clustering of breast tumours may 

therefore be insensitive to biologically and clinically important gene clusters that have 

high correlation in only a subset of tumours but low correlation when all tumours are 

analysed together. 

To overcome the limitations of standard clustering algorithms, the concept of grouping 

genes and tumour samples simultaneously, so-called biclustering, has been proposed. 

Biclustering attempts to find subsets of genes (―MetaGenes‖) with similar expression 

patterns over subsets of tumour samples (―MetaChips‖; so named as to reflect samples 

often being present in the form of gene chips or microarrays, although this approach is 

not restricted to array-based data). This idea was first applied by Cheng and Church 
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(2000) in gene expression profiling studies. Since then, various biclustering approaches, 

such as ISA (Bergmann et al., 2003), OPSMs (Ben-Dor et al., 2002), SAMBA (Tanay et 

al., 2002), cMonkey (Reiss et al., 2006), Noise-Robust algorithm (Ahn et al., 2010), and 

others (Murali and Kasif, 2003; Carmona-Saez et al., 2006b; Dharan and Nair, 2009; Part 

et al., 2010), have been proposed to identify local gene co-expression patterns (biclusters). 

Therefore, in breast cancer data we reasoned that biclustering may be able to detect 

significant biological and clinically-relevant gene expression modules, without prior data 

division according to the status of clinical factors (Madeira and Oliveira, 2004). In 

addition, genes and tumour samples can be allocated into more than one bicluster, 

consistent with the principle that genes may participate in more than one biological 

process or gene expression module (Bonneau, 2008). We used a biclustering technique, 

cMonkey, to group breast tumours from 437 patients into MetaChips, which were 

conditionally dependent on expression profiles of specific gene subsets. This allowed us 

to identify gene expression modules and their putative upstream regulatory pathways that 

operate in subsets of tumours and that are highly associated with distinctive clinical 

outcomes. Cox proportional hazards (PH) models quantified the association between 

MetaChips, clinical factors and patient survival, and allowed us to develop a conditional 

inference framework to construct a binary tree structure for prediction of patients‘ early 

or late relapse. 
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4.2 Results 

4.2.1 Preparation of non-adjuvant treated patient dataset. 

Affymetrix HG-U133A microarray data and matched clinical data from 437 primary 

breast tumours from patients that had not received adjuvant or neo-adjuvant 

chemotherapy, endocrine-based therapy or radiotherapy were assembled from 6 separate 

studies, i.e. GSE1456 (33), GSE3494 (122), GSE6532_U133A (44), GSE7390 (198), 

NZ_U133A (30) and Singapore (10), as described in Lasham et al. (2011). The data was 

normalised using the RMA method. Since Affymetrix HG-U133A microarrays include 

multiple probe sets annotated with same OGS, to avoid inclusion of outlying probe sets 

and to reduce computational cost, probe sets without OGS annotation in version 2.6.3 of 

the Bioconductor hgu133a.db annotation package were removed. In addition only one 

probe set for each OGS was included in the dataset we analysed. This representative 

probe set was the one whose expression had the highest correlation to the median 

expression of all probe sets annotated to the same OGS. By this procedure, the dimension 

of dataset was reduced to 7756 probe sets and 437 tumours. We restricted our analysis to 

non-adjuvant treated tumours so that direct associations between molecular information 

and long-term disease outcomes might be observed without the confounding effects of 

different treatments. The available clinical information for each patient included: lymph 

node (LN) status, hormone receptor status (estrogen receptor (ER) status and 

progesterone receptor (PgR) status), tumour grade, tumour subtype, tumour size, and 

patient age. The clinical information associated with these 437 tumours is summarised in 

Figure 4-1. More than 90% of these were lymph node negative (LN-) tumours, which is 

in line with the fact that a clinical decision had been made not to treat these patients with 

adjuvant therapy. 

 



Chapter 4. Biclustering in Tumour Classification  201 

 

 

Figure 4-1 Clinical information of patients without adjuvant therapy (437 chips). The percentage of 

patients in non-adjuvant treated subset belonging to each clinical category is denoted on the top of 

each bar. Clinical variables include cohort, lymph node (LN) status, estrogen receptor (ER) status, 

progesterone receptor (PgR) status, tumour histological grade (G1, G2, G3), tumour subtype (Basal, 

Her2, LumA, LumB, Normal, None), tumour size (mm), and patient age (years). NA indicates that 

the related clinical data was not available. 

4.2.2 Biclustering classifies patients on subsets of gene expression 

profiles.  

To identify the groups of patients with tumours sharing biologically- and clinically-

relevant gene expression modules, we used the cMonkey biclustering technique (see 

Methods 4.4.2). The cMonkey method was chosen over the other methods for 

biclustering mentioned above because of its computational efficiency in dealing with 

large gene expression datasets. We allowed each tumour sample and probe set to be 

assigned to more than one bicluster. 44 MetaChips were obtained with an average 

number of patients of 20 in each MetaChip (Figure 4-2). 

0

0.2

0.4

0.6

0.8

1

Singapore

NZ_U133A

GSE1456

GSE6532_U133A

GSE3494

GSE7390

COHORT

10%

100%
20.75%

28.57%

52.59%

100%

NA LN+ LN-
0

0.2

0.4

0.6

0.8

1

LN.STATUS

30.43%
8.88%

63.67%

NA ER- ER+
0

0.2

0.4

0.6

0.8

1
ER.STATUS

42.86%

70.27%

39.58%

PgR- PgR+ NA
0

0.2

0.4

0.6

0.8

1
PGR.STATUS

37.71%

30.16%

68.08%

NA G1 G3 G2
0

0.2

0.4

0.6

0.8

1
GRADE

33.33%

48.86%

48.5%

43.96%

P
ro

p
o

rt
io

n

Clinical Status

0

0.2

0.4

0.6

0.8

1

None
Her2

LumB
Norm

al
Basal

LumA

SUBTYPE

45.83%
42.27%

36.84%
50.61%

57.22%
41.61%

0 20 40 60
0

10

20

30

40

50

60

SIZE

(mm)

20 40 60 80 100
0

5

10

15

20

AGE

(years)

0
0

0.2

0.4

0.6

0.8

1

adjuv.

100%

0
0

0.2

0.4

0.6

0.8

1

endocrine.

85.69%

0
0

0.2

0.4

0.6

0.8

1

chemo.

52.4%



202 Chapter 4. Biclustering in Tumour Classification 

 

Figure 4-2 Distribution of MetaChips size. The histogram shows the distribution of number of chips 

in clusters of patients (MetaChips) on their molecular signatures. 

To determine whether the tumour subgroups (MetaChips) and corresponding gene 

modules (MetaGenes) identified by biclustering were biologically and clinically 

meaningful, we assessed whether tumours allocated to the same MetaChip had similar 

clinico-pathological annotations and clinical outcomes, and whether the genes 

contributing to these MetaChips were associated with the activity of distinct biological 

pathways. 

4.2.3 Biclustering breast cancer gene expression data identifies tumour 

subgroups with similar clinical features.  

To test the hypothesis that tumours identified in the same MetaChip, based on gene 

expression patterns, have similar clinico-pathological features, we examined clinical 

information associated with tumour samples in each MetaChip. Details of clinical 

information for each individual MetaChip are summarised in Appendix E Figure E-1. 
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First we looked at the cohort from which tumours in each MetaChip were collected to 

make sure that MetaChips did not simply recapitulate cohort. We then computed the 

proportion of samples in each category of clinical factor: lymph node (LN) status, 

hormone receptor status (estrogen receptor (ER) status and progesterone receptor (PgR) 

status), tumour grade, tumour subtype, tumour size, and patient age. Figure 4-3 illustrates 

the proportion of tumour samples in each category of histological grade, ER status, and 

molecular tumour subtype, respectively, across all MetaChips, which were ranked by the 

ascending order of the proportion of patients who had early relapse (  𝐷𝐹𝑆𝑡𝑖𝑚𝑒 ≤

2𝑦𝑒𝑎𝑟𝑠 . 

Figure 4-4  shows an example of clinical information for MetaChips 21 and 7. Both 

consist 31 tumour samples collected from 6 different cohorts. In MetaChip 21 most 

tumours (> 90%) have either Basal-like (42%) or HER2 (52%) intrinsic subtypes; most 

(~87%) are estrogen-receptor negative (ER-), and are histological Grade 2 (32%) or 

Grade 3 (58%). Therefore, the clinical information for MetaChip 21 suggests that 

tumours in this group are aggressive and have pathological features associated with poor 

prognosis. By comparison, tumours in MetaChip 7 are predominantly Luminal-like 

tumours, i.e. Luminal A (64%) and Luminal B (35%), and are estrogen-receptor positive 

(~93%) and histological Grade 1 (32%) or Grade 2 (55%). Thus the clinical information 

of tumours in MetaChip 7 suggests that patients in this group have clinical features that 

are generally associated with less aggressive tumours, and are associated with good 

prognosis. Similar patterns can be observed in the remaining MetaChips (see Appendix E 

Figure E-1). 

Overall, these data suggest that biclustering identifies subgroups of tumours (MetaChips) 

selected from multiple cohorts, which do not simply recapitulate existing clinical 

annotations, but which are similar in clinico-pathological characteristics. 
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Figure 4-3 Clinical information across all MetaChips sorted in ascending order of early relapse proportion. (A) Patients whose disease free survival (DFS) time was less 

than 2 years are classified into early relapse group (dark blue); Patients whose DFS time was more than 8 years are classified into late relapse group (dark red); and 

patients whose DFS time was between 2 and 8 years were grouped into the intermediate group (green). The proportion of samples in each group was computed and 

MetaChips were ranked in ascending order of early relapse proportion. For each MetaChip, the proportion of samples in each category of (B) Grade, (C) estrogen 

receptor (ER) status and (D) tumour subtype are presented. 
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Figure 4-4 Clinical information of tumour samples in (A) MetaChip21 (31 chips) and (B) MetaChip7 

(31 chips). It summarises the proportion/counts of tumour samples belonging to each category of 

clinical factors, including cohort, lymph node (LN) status (LN+, LN-), estrogen receptor (ER) status 

(ER+, ER-), progesterone receptor status (PgR+, PgR-), tumour grade (G1, G2, G3), tumour subtype 

(Basal, Her2, LumA, LumB, Normal, None), tumour size (mm), and patient age (years). MetaChips 21 

and 7 were composed of tumour samples from 6 cohorts. The y-axes of the SIZE and AGE histograms 

indicate the counts and the y-axes of the rest panels indicate the proportion of samples of the same 

category in each MetaChip. The percentage noted on each bar indicates the percentage of tumour 

samples of the specific category (in the non-adjuvant treated population) that are found in each 

MetaChip. Missing information is noted as NA (Not Available). 
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4.2.4 MetaChips are associated with differential survival outcomes.  

To test the hypothesis that subgroups of tumours identified in biclustering are associated 

with differential patient outcomes, we examined the disease-free survival (DFS) 

distribution of patients in each MetaChip. Figure 4-5 shows Kaplan-Meier survival curves 

of all 44 MetaChips (grey) superimposed on the survival curves for histological grade 

(panel A) and tumour subtype (panel B). MetaChip-associated survival curves show a 

greater range than the grade-associated and subtype-associated survival curves. To test 

whether this range of survival distributions might arise by chance, we randomly assigned 

(sampling with replacement) the 437 tumours into 44 arbitrary groups with the same 

distribution of sizes as found in the MetaChips (shown in Figure 4-2). The Kaplan-Meier 

survival curves of these arbitrary groups, presented at the top right corner of each panel in 

Figure 4-5, visually suggest that the MetaChip-specific survival curves are more widely 

separated than expected at random. In order to assess this statistically, we computed the 

logrank-p values (see Methods 4.4.3) for all possible pairings of MetaChips and for all 

possible pairings of the randomised groups. A two-sample Kolmogorov-Smirnov (KS) test 

was performed to compare the distributions of these two groups of logrank-p values. The 

test rejected at the 5% significance level the null hypothesis that these distributions were 

the same (KS p-value = 1.7193×10
-16

). These results indicate that membership of the 

MetaChips is associated with differential survival outcomes. 
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Figure 4-5 Kaplan-Meier estimate of disease-free survival (DFS) distribution for all biclustered patient 

groups (44 MetaChips) in grey, superimposed on (A) survival curve of histological grades; and (B) 

tumour subtypes. On the upper right corner of each panel, it demonstrates the Kaplan-Meier estimate 

of DFS for 44 groups with arbitrary patient membership (all patients were randomly allocated into 44 

groups), superimposed on survival curve of histological grades and tumour subtypes, respectively. 

Crosses marked on the curves are for censored data. Distribution of MetaChip-associated survival 

curves is much broader than the distribution of patient group-associated survival curves by chance. 
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4.2.5 Tumours grouped in MetaChips are molecularly distinct. 

To reveal molecular activities of oncogenic pathways associated with the MetaChips, we 

used a univariate Cox PH model to determine the molecular features most strongly 

associated with clinical outcome for each MetaChip (see Methods 4.4.6), identifying probe 

sets whose expression was significantly associated with DFS (Cox PH p-value < 0.01). We 

then used the GeneSetDB web tool (Araki et al., 2012) to identify the significantly 

enriched (GeneSetDB p-value < 0.01) functional annotations of these MetaChip-associated 

genes (see Methods 4.4.5). For example, RNAs associated with several of the MetaChips 

were enriched for cell cycle annotations (e.g. cell division [GO: 0051301] in MetaChip 1, 

cell cycle checkpoint [GO: 0000075] in MetaChip 10, mitotic cell cycle [GO: 0000278] in 

MetaChip 17 and mitotic cell cycle checkpoint [GO: 0007093] in MetaChip 26) and cell 

proliferation (e.g. decreased cell proliferation [MP: 0000352] in MetaChips 18, 20 and 26, 

cell proliferation [GO: 0008283] and decreased B cell proliferation [MP: 0005093] in 

MetaChip 23, increased cell proliferation [MP: 0000351] in MetaChip 33). RNAs 

associated with several of the MetaChips were also enriched for immune response 

annotations (e.g. immunological synapse [GO: 0001772] and wound healing [GO: 

0042060] in MetaChip 7). Genes strongly associated with specific MetaChips were also 

found to be significantly enriched for cancer-associated transcription factors, such as MYC 

(e.g. MetaChips 35 and 38), STAT1 (e.g. MetaChips 7 and 28), E2F (e.g. V$E2F_Q3_01 

and V$E2F1_Q6: E2F-1 in MetaChips 25 and 35), SP1 (e.g. MetaChips 30 and 33) and 

NFE2L2 (MetaChip 23), and enriched in regulatory pathways, which play an important 

role in breast cancer progress, such as Regulatory DNA replication (REACTOME Pathway 

ID: 69304) and p53-Dependent G1/S DNA damage checkpoint (REACTOME pathway ID: 

69620 and 69613) ) in MetaChip 23, G1/S-Specific Transcription (REACTOME pathway 

ID: 453279 and 69205) in MetaChips 18 and 20, Interferon signalling (REACTOME 

pathway ID: 913531) in MetaChips 7 and 10, and SREBP signalling (Wikipathway 
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PW:0000753) in MetaChip 23. Table 4-1 summarises biological meaningful annotations 

for MetaChips associated with low risk of disease recurrence and for MetaChips associated 

with high risk of relapse.  

Category Enrichment annotations 
Low risk of 

relapse 
High risk of relapse 

 MetaChip ID 35 30 38 13 17 20 7 25 27 23 12 

Cell Growth 

and Death 

cell cycle            

p53 signalling pathway            

apoptosis            

Proliferation cell proliferation            

Immune 

Response 

immunological synapse            

wound healing            

response to DNA damage 

stimulus 
           

Signal 

Transduction 

Wnt signalling pathway            

SREBP signalling            

EGFR1 Signalling 

pathway 
           

T cell receptor signalling 

pathway 
           

Transcription 

Factors 

E2F            

SP1            

NFE2L2            

STAT            

MYC            

CREB            

NFKB            

FOXO1            

Replication DNA replication            

Table 4-1 Functional annotation enriched in MetaChips associated with low risk of relapse (these are 

the MetaChips contained low proportion of tumour samples associated with early relapse) and in 

MetaChips associated with high risk of relapse (these are the MetaChips contained high proportion of 

tumour samples associated with early relapse. 

To compare the gene sets identified for each MetaChip, we searched for biologically 

significant genes which were differentially expressed between pairs of MetaChips, 

showing a significant difference (logrank p-value < 0.01; Appendix D - Figure D-1) in 

survival distribution. As an example, Table D-3 in Appendix D summarises significant 

differentially expressed genes between MetaChip 7 and MetaChip 21 (these genes were 



210 Chapter 4. Biclustering in Tumour Classification 

identified by the volcano plot shown in Appendix D - Figure D-2). We analysed these gene 

classifiers and found them to be highly enriched in GO categories including response to 

estrogen stimulus, mammary gland development, defence response and wound healing (a 

selected list of biological terms significantly enriched with differentially expressed genes 

between MetaChips 7 and 21 is summarised in Table D-5 in Appendix D). The gene 

classifiers were also highly associated with transcription factor STAT group (TransFac, p-

value < 0.001) and were significantly enriched in the regulatory pathway such as Down-

regulated of MTA-3 in ER-negative Breast Tumours (Biocarta, p-value = 1.80×10
-4

) and 

Role of ERBB2 in Signal Transduction and Oncology (Biocarta, p-value = 2.50×10
-3

). 

Breast abscess (Disease/Phenotype, p-value = 5.90×10
-6

) and abnormal mammary gland 

alveolus morphology (Disease/Phenotype, p-value = 7.90×10
-5

) were also found in genes 

characterising the difference in survival outcomes between these two MetaChips. 

Overall, these results imply that the MetaChips are molecularly defined by functionally 

coherent, but distinct, gene expression modules. 

4.2.6 MetaChip gene classifiers are different to commercial Oncotype DX 

and MammaPrint profiles.  

To determine whether currently known biomarkers are associated with the MetaChips, we 

examined gene expression for tumours in each MetaChip of genes from the 

commercialised Oncotype DX and MammaPrint diagnostic tests, the genetic grade 

signature proposed by Ivshina et al. (2006), and other key oncogenic markers.  

Our results are illustrated in Figure 4-6(A), where the columns represent tumour samples in 

MetaChips which were sorted by ascending order of the proportion of patients relapsed 

after 2 years, as shown in Figure 4-3(A), and the rows represent the activity of oncogenic 

pathways and genetic markers. The cyan, blue and magenta bars above this heatmap 
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indicate three broad groupings of MetaChips, which have significant differences in 

disease-free survival, shown in Figure 4-6(B). The first 10 MetaChips marked by cyan bar 

were associated with low risk of disease recurrence, which has the longest DFS. The last 

10 MetaChips marked by magenta bar were associated with high risk of disease recurrence, 

which has the shortest DFS. The association of MetaChips with clinical outcome is 

stronger than the information provided by the existing genetic markers and conventional 

clinical variables. The heatmap suggests that these known biomarkers are not able to 

distinguish patient subgroups identified by biclustering. 

We then looked at the genes and related pathways identified as being differentially 

expressed between MetaChips associated with low and high survival prognosis. 

Interestingly, many of these gene classifiers are not found in currently available prognostic 

gene classifiers for breast cancer. Among the gene classifiers for MetaChip 7 and 

MetaChip 21 (shown in Table D-3 in Appendix D), GRB7 and ERBB2 (highly expressed in 

MetaChip 21) and ESR1 and BCL2 (highly expressed in MetaChip 7) are members of the 

Oncotype DX gene list. For each pair of MetaChips showing differentially survival 

outcomes, we also used prediction analysis of microarrays (PAM) (Tibshirani et al., 2002) 

to identify those of probe sets which were able to accurately characterise survival outcome 

differences between the MetaChips (Table D-4 in Appendix D lists PAM gene classifiers 

for MetaChip 7 and MetaChip 21). Overall, however, we found only a small proportion of 

gene classifiers that coincide with the commercial gene lists. 
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Figure 4-6 (A) Heatmap of oncogenic pathway activity across MetaChips which were sorted by the proportion of tumour samples in early relapse (DFS ≤ 2 years) 

according to the order of MetaChip shown in Figure 4-3(A). The colour bar labelling is the same as the ones used in Figure 4-3. Each row represents a gene signature 

and each column represents a tumour. The red colour indicates that the expression of gene is higher than the average expression across all tumours; the green colour 

indicates that the expression of gene is lower than the average expression across all tumours. (B) Kaplan Meier (KM) plots for survival estimation of patients in first 10 

MetaChips (KM curve in cyan), last 10 MetaChips (KM curve in magenta) and the rest MetaChips (KM curve in blue). 

(A) (B) 
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4.2.7 MetaChips show strong prognostic association with breast cancer 

patient survival in comparison to conventional clinical markers.  

We next asked whether classifying tumours by biclustering in this manner would improve 

prognosis in comparison of using conventional clinical variables, such as molecular 

tumour subtype, or histological grade. We used a univariate Cox PH model (see Methods 

4.4.6) to examine the association between conventional prognostic factors (including 

immunohistochemical estrogen receptor (ER) status, lymph node (LN) status, tumour size 

and age) and disease-free survival (DFS) time. Clinical variables were entered as binary 

data while tumour size and age were discretised into categorical variables (Figure 4-7).  

 

Figure 4-7 Distribution of patients’ age and tumour size in non-adjuvant treated patient data 

superimposed with boundary of each bin of age and size respectively (red lines). 
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The strength of association between clinical variables and the survival outcome, as 

quantified by Cox PH p-values, was compared to prognostic significance of biclustered 

tumour groups, which was estimated in terms of the strength of association between 

MetaChip membership and DFS time using the same univariate Cox PH model. 

 MetaChip membership was found to have a strong association with DFS (univariate Cox 

PH p = 8.67×10
-5

), after LN status (univariate Cox PH p = 1.71×10
-5

) and tumour size 

(univariate Cox PH p = 7.44×10
-5

), shown in Table 4-2(a). We also found that MetaChips 

give better prognostication of relapse compared to the conventional molecular tumour 

subtype (univariate Cox PH p = 0.000427). To test the significance of biclustered 

classification for prognosis compared to be expected by chance, we randomly assigned 

patient membership of 44 arbitrary groups and estimated the association between 

arbitrary patient group membership and DFS.  The univariate Cox PH analyses revealed 

that there was no statistically significant association observed between arbitrary 

membership and survival outcome (Table 4-2[f] univariate Cox PH p = 0.721). 

Next, we used a multivariate Cox PH model to estimate the association of MetaChips 

with DFS in combination with the conventional clinical factors. We found that MetaChip 

membership was significantly statistically associated with DFS time (Table 4-2[a] 

multivariate Cox PH p = 0.00103; compared to randomly allocated groups, Table 4-2[f] 

multivariate Cox PH p = 0.6163).  
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(a) non-

adjuvant 

treated 

patient 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 LN.status 1.32×10
-5

 *** 0.00011 *** 1.71×10
-5

 *** 

 ER.status 0.38213 - 0.52406 - 0.0125 * 

 Grade 0.14412 - 0.30019 - 0.000832 *** 

 Size 0.01273 * 0.02041 * 7.44×10
-5

 *** 

 Age 0.29481 - 0.26868 - 0.034 * 

 MetaChips 0.00103 ** NA NA 8.67×10
-5

 *** 

 Subtype NA NA 0.07627 . 0.000427 *** 

        

(b) non-

adjuvant 

treated, LN- 

patient 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 ER.status 0.73452 - 0.7892 - 0.0233 * 

 Grade 0.24287 - 0.5485 - 0.00134 ** 

 Size 0.00935 ** 0.0111 * 0.000221 *** 

 Age 0.33012 - 0.3226 - 0.0212 * 

 MetaChip 0.00568 ** NA NA 0.000183 *** 

 Subtype NA NA 0.0687 . 0.000299 *** 

        

(c) non-

adjuvant 

treated, 

ER+ patient 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 LN.status 1.58×10
-7

 *** 5.94×10
-8

 *** 1.60×10
-7

 *** 

 Grade 0.06019 . 0.2499 - 0.00213 ** 

 Size 0.00587 ** 0.0115 * 7.93×10
-5

 *** 

 Age 0.09144 . 0.1042 - 0.0126 * 

 MetaChip 0.00645 ** NA NA 0.00406 ** 

 Subtype NA NA 0.0252 * 0.00221 ** 
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(d) 
non-adjuvant 

treated, G2 

patient 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 LN.status 0.006395 ** 0.05646 . 0.0138 * 

 ER.status 0.324682 - 0.4722 - 0.00406 ** 

 Size 0.141338 - 0.17665 - 0.0288 * 

 Age 0.005415 ** 0.00251 ** 0.00319 ** 

 MetaChip 0.000505 *** NA NA 0.000171 *** 

 Subtype NA NA 0.00126 ** 6.02×10
-5

 *** 

        

(e) 
non-adjuvant 

treated, G3 

patient 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 LN.status 0.00832 ** 0.00338 ** 0.000503 *** 

 ER.status 0.17142 - 0.69489 - 0.98231 - 

 Size 0.16938 - 0.16684 - 0.14402 - 

 Age 0.23706 - 0.30497 - 0.27163 - 

 MetaChip 0.01478 * NA NA 0.01531 * 

 Subtype NA NA 0.99592 - 0.91714 - 

        

(f) non-adjuvant 

treated 

patients 

Random 

assignment of 

all clinical 

information 

MultiVariate  

(MetaChip inclusive) 

MultiVariate  

(Subtype inclusive) 
UniVariate 

 

 Variable p-value Significance p-value Significance p-value Significance 

 LN.status 0.66812 - 0.58761 - 0.46825 - 

 ER.status 0.86291 - 0.75244 - 0.31724 - 

 Grade 0.78186 - 0.82313 - 0.68132 - 

 Size 0.88362 - 0.77523 - 0.21511 - 

 Age 0.67373 - 0.54212 - 0.93614 - 

 MetaChip 0.61631 - NA NA 0.72149 - 

 Subtype NA NA 0.75491 - 0.87412 - 

Table 4-2 Multivariate analyses of prognostic importance of biclustered patients’ classification in 

comparison with the conventional clinical factors as well as molecular tumour subtypes and genetic 

grade. Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘-’ 1. NA indicates that the variable 

was not included in the model. 
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Finally, we also found that MetaChip membership presented stronger prognostic 

association with disease recurrence within pathology-specific tumour subsets (LN- 

patient subgroup, Table 4-2[b]: univariate Cox PH p = 0.000183; ER+ patient subgroup, 

Table 4-2[c]: univariate Cox PH p = 0.00406; Grade 2 tumour subgroup, Table 4-2[d]: 

univariate Cox PH p = 0.000171; and Grade 3 tumour subgroup, Table 4-2[e]: univariate 

Cox PH p = 0.0153). In each of these pathology-specific tumour subsets, multivariate 

Cox PH analysis also demonstrated that the MetaChips were significantly in associated 

with DFS compared to molecular tumour subtype when combined with other 

conventional clinical variables (Table 4-2[b]-[e] MultiVariate analysis with MetaChip 

inclusive versus that with Subtype inclusive). 

These univariate and multivariate Cox PH analyses suggest that the classification of 

tumours using biclustering can, alone or in combination with other clinical factors, be a 

significant prognostic variable, especially in pathology-specific tumour subsets, in 

comparison to conventional clinico-pathological factors. 

4.2.8 Biclustered patient groups improve prediction of patient survival.  

The ultimate goal of tumour classification is to improve prediction of an individual‘s risk 

of relapse, so as to aid the clinicians in decision making on treatment strategy (e.g. 

whether a patient should or should not be given adjuvant therapy). To test whether 

biclustered patient groups improve prediction of patient survival, we used a conditional 

inference tree model to predict disease recurrence (see Methods 4.4.8). 

We chose to examine disease recurrence (relapse) within 2 years of primary surgery. 

Therefore, we defined a dichotomous clinical outcomes decision tree, in which early 

relapse equates to disease free survival time ≤ 2 years, and late relapse to DFS time ≥ 8 

years (defined in this manner the data set contains 92 early relapse and 211 late relapse 
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patients). Molecular information was included in terms of MetaChip membership, and 

clinical information was incorporated using binary clinical variables. We chose to include 

hormone receptor status (ER status), lymph node (LN) status and histological grade; 

tumour size and patient age were also discretised into categorical variables (Figure 4-7). 

MetaChip membership and clinical variables were entered as binary values for each 

tumour.  

Initially we generated a decision tree based on conventional clinical covariates only. 

Figure 4-8(A) demonstrates that lymph node (LN) status was found to be the most 

important clinical variable for estimation of patient clinical outcomes (p < 0.001) in 

comparison to the remaining clinical variables, followed by tumour grade (p < 0.001) and  

estrogen receptor (ER) status (p = 0.088). Since ~90% of the tumour samples in our 

dataset are LN- tumours, we constructed a decision tree for the LN- branch, shown in 

Figure 4-8(B). In LN- tumours, histological grade was the most significant variable (p < 

0.001), followed by tumour size (p = 0.027) and ER status (p = 0.183).  
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 (A) 

 (B) 

Figure 4-8 Conditional inference trees that were constructed based on conventional clinical variables 

only. (A) presents that lymph node (LN) status turns out to be the most significant factor followed by 

Grade and ER status. The clinical outcomes are displayed in bar graphs in which Group1 represents 

the proportion of patients with DFS time <2yrs (early relapse) and Group2 represents the proportion 

of patients with DFS time >8yrs (late relapse). The tree was trimmed at a significance of 0.5. (B) 

shows a decision tree constructed for the LN- tumours only. 
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Figure 4-9 A conditional inference tree that was constructed for LN- tumours by incorporating 

individual MetaChip information. The clinical outcomes are displayed in bar graphs in which 

Group1 represents the proportion of patients with DFS time <2yrs (early relapse) and Group2 

represents the proportion of patients with DFS time >8yrs (late relapse). The tree is trimmed at the 

significance of 0.5. 

Next we constructed a decision tree for LN- tumours using both MetaChips and clinical 

variables. By incorporating MetaChip membership, the decision tree presented in Figure 

4-9 shows that the membership of MetaChip36 (p = 0.001) and MetaChip21 (p < 0.001) 

were significant molecular covariates in LN- tumours compared to the other clinical 

variables. We determined similar decision trees for continuous DFS time without 

dichotomisation (data not shown). 

To assess the performance of the conditional inference tree predictors, we performed a 

cross-validation by generating 50 random splits of the data into training (80%) and test 

(20%) sets, ensuring that both training and test sets contained similar proportion of early 

and late relapse patients as the full data set. Biclustered patient groups (MetaChip 



Chapter 4. Biclustering in Tumour Classification  221 

 

memberships) derived by applying cMonkey to the training data only were combined 

with clinical variables and used to generate the decision tree. Performance was assessed 

by comparing relapse time predicted by the decision tree to the actual survival outcomes 

of patients in the test set. Tumours in the test set were assigned to MetaChips by 

calculating correlation with the first principal component of the gene expression profile 

of each MetaChip (see Methods 4.4.9). To assess the contribution of MetaChips to 

prediction of relapse times, we compared these results with relapse times predicted using 

decision trees constructed from clinical variables only. The average rate of correctly 

predicted early relapse increased from 41% to 58% by incorporating MetaChip 

membership into the predictors (data not shown).  

To assess the performance of prediction of relapse time for a pathology-specific subset of 

patients, we estimated of early relapse for patients with moderately differentiated Grade 2 

and poorly differentiated Grade 3 tumours. We found 17% and 20% improvements in 

prediction of early relapse in these patients by including MetaChip information (increase 

from 39% to 56% for patients with Grade 2 tumours and from 46% to 66% for patients 

with Grade 3 tumours) (data not shown).  

We note that the conditional inference tree prediction model performed consistently with 

different choice of survival time boundaries (data not shown): no significant deviation in 

the performance was observed when different cut-off times for relapse were chosen. We 

also considered an alternative prediction model. Bovelstad et al. (2007; 2009) performed 

a comparative study of six Cox regression model-based survival prediction methods, 

including univariate selection, supervised principal component analysis, partial least 

squares regression, ridge regression and lasso, finding that the ridge regression method 

presented the best overall performance. We repeated the above analysis using a Cox 

regression based ridge regression (RR) method. A higher median area under the ROC 
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curve (AUC) (Bøvelstad and Borgan, 2010) was observed, in particular for DFS time less 

than 2 years, across 50 random data splits when the model incorporated MetaChip 

information (Figure 4-10), indicating better prediction of early relapse compared to the 

model with clinical covariates only. This finding is qualitatively consistent with the 

results from the conditional inference tree. 

 

Figure 4-10 AUC evaluates the survival prediction of Cox PH based ridge regression model. This has 

been done through cross validation over 50 random slit training-test datasets.  

Taken together, these results suggest that combining conventional clinical information 

with MetaChip membership is able to provide a better prediction of early relapse in breast 

cancer patients. 

4.3 Discussion 

This study focused on identifying clinically relevant patient groups based on gene 

expression profiles. We proposed the idea of using a biclustering technique to identify co-

expressed tumour samples (MetaChips) characterised by unique molecular signatures 
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(MetaGenes). We demonstrated that biclustering is able to identify subgroups of tumour 

samples with similar pathological features, associated with similar clinical outcomes, and 

furthermore that these are derived from different molecular signatures. These analyses 

were done on non-adjuvant treated patient data collected from multiple studies and the 

data was pre-processed such that the cohort-related batch variation was removed. Thus, 

the strength of this approach is that it was able to identify these common, clinically 

relevant molecular features from a dataset comprising patients from multiple independent 

cohorts. 

We identified 44 MetaChips in the dataset studied here. The preliminary analysis with 

clinico-pathological information (Figure 4-4 and Appendix E Figure E-1) reveals that 

each MetaChip does not simply recapitulate a single, known status of clinical variables, 

but represents a group of tumours with similar clinical presentation in terms of recurrence 

risk. By comparing survival distributions and clinico-pathological annotations, we 

observed clinical and molecular heterogeneity between biclustered MetaChip-specific 

tumour groups that were shown to be associated with differential clinical outcomes 

(Figure 4-5). 

Comparisons showed that the tumours comprising some of these MetaChips were 

enriched for similar clinical features, showing no significant difference in their Kaplan-

Meier survival curves, despite subtle differences in the gene signatures contributing to the 

biclusters. These differences may provide important information for prognosis and may 

contribute to our understanding of genetic regulatory mechanisms characterising patient 

outcomes, i.e. different molecular signatures contributing to similar phenotype or disease 

state. We found that gene combinations which characterised individual MetaChips 

associated with good or poor survival outcomes were significantly enriched in immune 

response, cell cycle and estrogen response (Table 4-1). Our analysis suggests that 



224 Chapter 4. Biclustering in Tumour Classification 

unsupervised biclustering approach is able to discover tumour subgroups determined 

from biologically meaningful gene sets. 

We found that MetaChip membership presented strong prognostic association with 

patient survival outcome, especially in pathology-specific tumour subsets, compared to 

molecular tumour subtype. Moreover, the predictive value of biclustered patient groups 

in the prediction of early relapse was observed by comparing the performance of 

conditional inference trees constructed from only clinical covariates with trees 

constructed from the combination of clinical covariates and MetaChip membership. On 

average, in 95% cross validation trials of 50 random splits of the data, we successfully 

predicted early relapse in 10 patients out of total 17 by combining MetaChip information 

and the clinical variables (sensitivity = 0.58). This represents a near 20% improvement 

compared to the rate obtained using clinical covariates only (sensitivity = 0.41). This 

contribution of MetaChip information was observed in combination with conventional 

clinical variables in improved prognostic effect on survival and in prediction of early 

relapse in pathology-specific tumour subsets. 

Choice of cMonkey for biclustering patient groups 

In this work, we chose cMonkey (cmonkey package in R) to perform biclustering 

because of its computational efficiency in dealing with large size of data (437 chips 

across 7756 gene probe set) and its ability to detect co-expression patterns by considering 

the membership of tumours and genes simultaneously without with large overlap between 

biclusters. However, a limitation in patient classification conditional on subset of gene 

expression profiles with cMonkey is the narrow distribution of number of genes in each 

MetaChip (i.e. the number of columns, condition memberships, in biclusters is narrow). 

This is currently a known limitation of cMonkey, which leads to similar size of sets of 
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genes for each MetaChip in our application in classifying co-expressed tumour samples, 

although their gene memberships are different.  

Comparison of MetaChip gene classifiers to commercial Oncotype DX 

and MammaPrint profiles 

Previous studies have identified several mRNA-based profiles for prognosis and 

prediction of clinical outcomes in breast cancer. Among these, the 21-mRNA Oncotype 

DX RT-PCR assay (Paik et al., 2004) and the 70-mRNA MammaPrint profiles (van 't 

Veer et al., 2002) are two commonly available commercial gene-expression profiles in 

cancer treatment, which have been developed for determining the risk of breast tumour 

recurrence in patients with stage I or II node-negative breast cancer. By examining the 

expression pattern of Oncotype DX and MammaPrint profiles, as well as genetic grade 

markers proposed by Ivshina et al. (2006), across all MetaChips, we found that the 

expression patterns of these gene markers were associated with two broad groups of 

patients with differential clinical outcomes (see Figure 4-6). Membership of these groups 

is much broader than that of the MetaChips we have identified. Given the functional 

enrichment analyses of the MetaChip gene classifiers showing strong biological 

significance in breast cancer, this suggests a potential avenue for identifying new mRNA-

based profiles for predicting disease recurrence.  

MetaChips (biclusters) may overlap one another, both in the tumours and the gene 

signatures which determine them. The clinical and molecular heterogeneity within breast 

cancer suggests that it is unlikely that one may accurately determine the unique 

characteristics of tumours or predict patient clinical outcomes using a single or a small 

group of gene markers. Different combinations of molecular pathway signatures may be 

activated in, and therefore significantly associate with the recurrence of the disease in 

different patients. Therefore, MetaChip-specific patient groups which are determined 
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from multiple and potentially overlapping gene expression profiles may be more relevant 

in the context of personalised medicine, which requires finer groupings of patients with 

specific molecular and clinical characteristics. 

Prognostic effect of MetaChip membership compared to conventional 

clinical variables in pathology-specific tumours 

One major feature of the biclustered patient classification is its prognostic effect within a 

single clinical grouping of tumours. MetaChips have shown significant association with 

relapse-free survival in comparison to molecular tumour subtypes as defined by Perou, 

Sorile et al. (2000; 2003), as shown in Table 4-2(a).  The results from univariate and 

multivariate Cox PH analyses further demonstrated the prognostic association of 

biclustered classification in patient clinical subsets. Given the majority (> 90%) of non-

adjuvant treated patients had lymph node (LN-) tumours, Table 4-2(b) shows that 

membership of MetaChips presents the most significant prognostic variable for patients 

who had LN- tumours, followed by tumour size, tumour subtype and histological grade 

(univariate analysis). Its significant prognostic association was also demonstrated in 

combination with other clinical variables (multivariate analysis). Significant prognostic 

association of MetaChip membership was also indicated in patients who had ER+ 

tumours (Table 4-2[c]), as well as in patients who had moderately differentiated Grade 2 

(Table 4-2[d]) and poorly-differentiated and highly proliferate Grade 3 tumours (Table 

4-2[e]), respectively. It further contributed to the prognosis of pathology-specific patients, 

which may provide further information to oncologists in deciding whether a given 

treatment strategy is preferred to improve patient outcome. This demonstrates the 

potential of discrimination within specific clinically identified types of tumours using a 

further patient grouping based on biclustering of molecular data for improved prognosis 

of disease, which satisfies one requirement of personalised medicine. 
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Biclustered patient groups contribute to prediction of early relapse.  

Prediction of the actual survival time for each individual patient is very challenging. 

However, the more approachable problem of learning probability of early relapse is 

potentially clinically useful, and more so than prediction of late relapse, since clinicians 

may use this information in deciding whether or not a given intervention (e.g. adjuvant 

therapy) may be considered to prolong patient survival, given an individual‘s clinical-

genomic information. Based on this fact, our work took a simple approach for survival 

prediction by dichotomising survival times into two categories: early relapse and late 

relapse, to estimate whether a patient has a long or short survival time. We used 

conditional inference trees generated from binary recursive processes to predict early 

relapse. The advantage of this approach over other regression models (Bøvelstad et al., 

2007) is that it provides a binary decision tree to estimate the possible relapse of a patient 

conditionally on the categories of clinico-genomic covariates included in the model, 

which can be used as an easy clinical tool in decision making around a treatment strategy 

for individual patients. 

After lymph node status, histological grade was found to be the most important predictive 

factor, followed by estrogen receptor status in the decision tree constructed from 

conventional clinical covariates (Figure 4-8). By including molecular information, our 

results using conditional inference tree constructed by incorporating membership of 

MetaChips (shown in Figure 4-9) indicate that membership of biclustered patient groups 

is a significant predictive factor in survival estimation. In particular, they were important 

for further prediction of disease recurrence in subclasses of pathology-specific tumours, 

such as LN- tumours.  

In the setting of patient-specific clinical decision making, there is a need to determine 

whether a new case is a member of a given patient group (MetaChip). Different methods 



228 Chapter 4. Biclustering in Tumour Classification 

can be used in allocating the membership of MetaChips for patients. In performing cross-

validation analysis we assigned ‗test‘ tumours to MetaChips derived from the ‗training‘ 

set of tumours by ranking correlation with the first principal component of the gene 

signatures of each MetaChip. We found relatively high correlations between all members 

of the test set and all MetaChips. Nevertheless, samples were allocated to MetaChips 

with consistency in both molecular and clinical characteristics. In practice, new patients 

arriving in the clinic could be assigned to MetaChips on the basis of both tumour gene 

expression and clinical covariates (we have shown that MetaChip membership is 

associated with clinical variables, and so this may add further useful information in 

associating new patients with tumour subgroups). Furthermore, the power of the 

predictive model can be improved by including new cases into the current ‗training‘ 

population once clinical outcomes are known, hence re-determining MetaChips 

periodically.  

The early and late relapse groups in the presented results were defined by patients whose 

disease free survival time was less than 2 years and longer than 8 years, respectively. In 

our data, the number of patients in the late relapse group (211 patients) was more than 

twice of that in the early relapse group (92 patients). In the cross validation process, each 

split of the data into training-test pair contained about this same proportion 

(approximately 2-to-1) of patients in the early and late relapse groups. Therefore, we 

would expect a higher positive prediction rate for late relapse patients compared to the 

early relapse group. However, our results demonstrated that prediction rate of early 

relapse was improved by incorporation of MetaChip information into the model.  

Conclusions  

In conclusion, our study proposes a biclustering approach for tumour classification 

conditional on gene expression, without pre-selection of gene markers or molecular 
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pathways. Our results show the utility of biclustering in identification of molecularly and 

clinico-pathologically distinct tumour subtypes that are strongly associated with 

differential clinical outcomes. The prognostic significance of biclustered patient groups 

was observed in well-, moderately- and poorly- differentiated disease. MetaChip-specific 

patient stratification characterised by different gene profiles fits well within the context of 

personalised medicine: different sets of molecular pathways being active in different 

tumours.  

4.4 Materials and Methods 

4.4.1 Data and preprocessing 

To increase the statistical power and accuracy in identifying biological and clinical 

significant features from human breast cancer data, the dataset we used in this analysis 

was a combination of clinico-genomic data collected from different breast cancer tumour 

microarray studies, which has been described in the study by Miller et al. (2005). The 

microarray genomic dataset contained expression profiles of more than 20,000 probe sets 

across 960 patient samples collected from 7 different cohorts. The expression of genes 

was measured in terms of mRNA abundances using Affymetrix HG-U133A and HG-

U133PLUS2 GeneChip arrays, and the data was quantile normalised across all patient 

samples (Lasham et al., 2011).  

In order to reduce the dimensionality of data and to improve computational cost of our 

analysis, the genomic data was pre-processed by a filtration step to remove genes without 

significant variation across samples. We estimated a noise level based on the mean signal 

of the BioB 3‘ probe set across all chips and retained all probes that were expressed 

above this noise estimation in at least 10% of chips. Then, we removed probe sets 

without official gene symbol (OGS) annotation. Of the ~20,000 probes on the array, it is 
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common that multiple probes represent the same OGS. For each OGS, a single 

representative probe set was selected, whose expression was the most highly correlated to 

the mean expression of all probe sets corresponding to the same gene. This process 

resulted in a trimmed dataset composed of 7750 probe sets (genes) across 960 chips 

(patients). The mixture data of patients with and without adjuvant treatment always 

includes the following biases: (1) patients who have low recurrence of disease (2) 

patients who died quickly. To avoid such partiality and confounding factors, our analysis 

excluded patients who received treatment and only focused on patients without adjuvant 

therapy: 437 (46%) non-adjuvant treated patient samples were selected from 960 samples. 

To remove non-biological variation associated with cohort, ComBat (Johnson et al., 2007) 

processing was applied to adjust for cohort-correlated batch effect across the dataset. The 

clinical information of non-adjuvant treated patients is summarised in Figure 4-1 (for 

more details, see Appendix D Table D-2), including tumour grade (G1, G2 and G3), 

estrogen receptor status (ER+ and ER-), progesterone receptor status (PgR+ and PgR-), 

lymph node status (LN+ and LN-), tumour size, patient‘s age, treatments applied 

(adjuvant, endocrine and chemotherapy), tumour subtype (basal-like, HER2, luminal A, 

luminal B or normal-Like) and the clinical outcomes (survival information) for 

recurrence or death from breast cancer: disease-free survival (DFS), distant metastasis-

free survival (DMFS) and disease-specific survival (DSS) with censored data. 

4.4.2 Biclustering method to identify molecular-based patient groupings 

cMonkey is a biclustering methodology particularly designed as a pre-clustering step to 

reduce the dimensionality of the data for network inference, as well as detect putative 

biological significant gene clusters (Reiss et al., 2006). In this work, we applied cMonkey 

in a different way to identify biclusters of non-adjuvant treated patients, whose genomic 

responses are in coherence for a subset of genes. 
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cMonkey performs 2D clustering on both genes and conditions (chips, or patients) by 

incorporating gene expression data and several biological-relevant associations 

simultaneously to improve the identification of co-regulated gene clusters. It uses a 

Markov chain process, which iteratively adds or removes genes and conditions to or from 

a cluster, initially with a single gene, until the optimal cluster is achieved (Bonneau et al., 

2006). 

Implemented in the R statistical programming language, we found that cMonkey 

outperformed other biclustering methods that we surveyed in terms of its ability to deal 

with high-dimensional microarray data and high computational efficiency.  In our 

analysis, cMonkey (version 4.8.4) was executed on the transposed dataset (437 chips × 

7750 probe sets) to identify subset of rows (tumour samples) which were highly 

correlated to each other in their profile across a subset of columns (genes). Since the 

genome information for Homo sapiens was not available for cMonkey, the motif and 

network information was switched off in the input of the cMonkey command line:  

output <- cmonkey( organism='hsa', no.genome.info=TRUE, 

post.adjust=FALSE, mot.weights=numeric(), 

net.weights=numeric(),parallel.cores=16,n.iter=6000) 

4.4.3 Differences in survival distribution – logrank test 

The Kaplan-Meier estimate (Kaplan and Meier, 1958) is used to measure the fraction of 

patients living up to certain amount of time after treatment. In our analysis, we used the 

Kaplan-Meier plot to estimate disease-free survival (DFS) distributions. The logrank test 

(a nonparametric test) was used to assess the differences in survival distribution between 

any two MetaChips of patients. The logrank test was executed at the significance level of 

0.05 for all possible pairs of MetaChips. A logrank p value was reported for each pair of 

MetaChips (smaller p-value indicates stronger statistical evidence against the null 
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hypothesis that two curves were drawn from the same survival distribution). The Kaplan-

Meier estimation and logrank test were performed using MATLAB scripts kmplot and 

logrank (Gardillo, 2008).  

The two-sample Kolmogorov-Smirnov (KS) test was done by MATLAB kstest2 

function to compare the distributions of logrank-p values generated from all possible 

pairs of MetaChips and those generated from all possible pairs of RandomGroups. The 

null hypothesis of the two-sample KS test was that the two groups were from the same 

distribution. The test generated a KS p-value measuring the strength of evidence against 

the null hypothesis. 

4.4.4 PAM – molecular classifier for each MetaChip 

Prediction analysis of microarrays (PAM) (Tibshirani et al., 2002) was used to determine 

the minimal set of genes classifying each pair of MetaChips associated with low and high 

risk of recurrence, with the lowest misclassification rate. Initially, we ran the PAM 

algorithm with all 7756 probe sets as input in the low risk MetaChip to high risk 

MetaChip comparison and obtained a minimal set of probe sets, which gave the lowest 

misclassification error. All probes in the minimal set are differentially expressed between 

the low and high risk-associated MetaChips. This process was executed using the pamr 

package in R. 

4.4.5 Gene set annotation analysis 

The functional enrichment analyses of gene sets in this work were done through 

GeneSetDB executed by MATLAB urlread and urlwrite functions. GeneSetDB is a 

comprehensive meta-database for gene set search and gene set enrichment analysis, 

which can be accessed via a web server or script. It provides functional related evidences 

for a good biological significance measure of a given gene set. It integrates multiple 
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publically available gene set databases which contain diverse biological information of 

human disease and pharmacology. GeneSetDB classifies the 26 public databases into five 

groups, i.e. Pathway (8), Disease/Phenotype (7), Drug/Chemical (6), Gene Regulation (4) 

and Gene Ontology (1), which allows a simultaneous functional enrichment analysis 

across multiple databases and provides a robust and comprehensive statistical report of 

functional interactions for a given gene set. GeneSetDB uses the hypergeometric 

distribution to compute the statistical significance (p-value) of enrichment for a given 

gene set. The p-value is adjusted by multiple testing correction using Benjamini and 

Hochberg procedure, which is then presented as false discovery rate (FDR) indicating the 

expected proportion of incorrectly rejected null hypotheses. The smaller p-value provides 

stronger evidence of statistical overrepresentation in gene sets. 

4.4.6 Cox proportional hazards regression 

The prognostic effect of molecular and clinico-pathological covariates on patient survival 

was assessed within the framework of Cox proportional hazard (PH) regression. A 

univariate Cox PH model was used to examine the individual association between each 

covariate and survival time. A multivariate Cox PH model was used to test the prognostic 

effect of combinations of covariates. The significance of association was quantified by 

the Cox PH p-value: smaller p-values indicate stronger contributions of molecular and 

clinical variables to survival outcomes. The computation of the association between gene 

signatures and MetaChips was implemented using the coxphfit function in MATLAB 

and prognostic association was assessed using the survival package in R. 

4.4.7 Determination of membership of MetaChip 

Given a set of patients whose genomic data, clinical information and clinical outcomes 

such as treatment responses and relapse to diseases, is completely available, the patients 
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can be classified into distinct subgroups (MetaChips) on their individual gene expression 

profiles using biclustering technique. The resulting classification can be used for 

predicting clinical outcomes for a new patient. The membership of patient class 

(MetaChip) can be determined for the new patient according to their individual 

expression profiles.   

In this work, the membership of MetaChips was defined by a binary matrix with entries 1 

or 0, to illustrate whether a patient belongs to a MetaChip or not. We performed principal 

component analysis (PCA) on each MetaChip and used the first principal component 

(PC1) as a representative gene expression profile for tumour samples in each MetaChip. 

Given a new patient, we computed Pearson‘s correlation between the patient gene 

expression profile and the representative expression profile of each MetaChip. The 

patient was allocated to the MetaChips with the Pearson‘s correlation coefficient larger 

than a pre-defined cut-off value (> 0.9). Therefore, each patient could be allocated into 

more than one MetaChip. 

4.4.8 Survival prediction model 

To detect whether molecular-based biclustered tumour classification, in coupled with 

clinico-pathological variables, can be used to improve the prediction of individual 

patient‘s survival with censoring, we used two different approaches to estimate a 

regression relationship between survival outcome and the status of multiple covariates 

including both clinical and molecular variables: (1) a conditional inference tree (Hothorn 

et al., 2006) constructed by recursive binary partitioning process and (2) ridge regression 

method based on Cox regression model (van Houwelingen et al., 2006). 

In the regression model, the response variable was dichotomous, which consisted of two 

groups of patients, i.e. early relapse  𝐷𝐹𝑆𝑡𝑖𝑚𝑒 ≤ 2𝑦𝑒𝑎𝑟𝑠  or late relapse 𝐷𝐹𝑆𝑡𝑖𝑚𝑒 ≥
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8𝑦𝑒𝑎𝑟𝑠 . The dependent variable was determined by the combination of clinical 

variables and molecular-based classification (independent variable) entered as categorical 

variables: 

i). ER status: ER+, ER-  

ii). PgR status: PgR+, PgR-  

iii). LN status: LN+, LN-  

iv). Histological Tumour Grade: G1, G2 and G3,  

v). Tumour Size was binned into four groups: 𝑠𝑖𝑧𝑒 < 10𝑚𝑚,  10𝑚𝑚 ≤ 𝑠𝑖𝑧𝑒 <

20𝑚𝑚, 20𝑚𝑚 ≤ 𝑠𝑖𝑧𝑒 < 40𝑚𝑚 and 𝑠𝑖𝑧𝑒 ≥ 40𝑚𝑚.  

vi). Patient Age was binned into four groups:  𝑎𝑔𝑒 < 40 𝑦𝑒𝑎𝑟𝑠, 40 𝑦𝑒𝑎𝑟𝑠 ≤ 𝑎𝑔𝑒 <

50 𝑦𝑒𝑎𝑟𝑠, 50 𝑦𝑒𝑎𝑟𝑠 ≤ 𝑎𝑔𝑒 < 60 𝑦𝑒𝑎𝑟𝑠  and 𝑎𝑔𝑒 ≥ 60 𝑦𝑒𝑎𝑟𝑠.  

vii). The membership of MetaChip was entered using binary data 

Overall, the regression model is given: 

Relapse ~ ERstatus + LNstatus + Grade + Tumour Size + 

Patients’ Age + MetaChip membership 

The branches of the tree structure are split by the status of each covariate. The conditional 

inference tree was implemented through ctree function in the R package party. 

MATLAB code for the Cox regression based ridge regression method was provided by 

Bovelstad et al.  (2009). 

4.4.9 Random sub-sampling validation  

We performed hold-out cross-validation to assess the performance of survival prediction 

models with biclustered patient classification. The result was compared to the outcome 

predicted from the conventional clinico-pathological variables as well as tumour subtypes, 

to determine whether biclustering of patients on their expression patterns can improve the 

prediction of patient survival. 
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Tumour samples in each randomly sampled dataset were divided into three groups, early 

relapse  𝐷𝐹𝑆𝑡𝑖𝑚𝑒 ≤ 2𝑦𝑒𝑎𝑟𝑠 , medium survival group  2years < 𝐷𝐹𝑆𝑡𝑖𝑚𝑒 < 8𝑦𝑒𝑎𝑟𝑠  

and late relapse  𝐷𝐹𝑆𝑡𝑖𝑚𝑒 ≥ 8𝑦𝑒𝑎𝑟𝑠 . We randomly selected 80% samples from each of 

three groups, and these samples were combined as a training set. The remaining 20% of 

samples from each group were combined as a test set. cMonkey was then applied to 

determine membership of tumour subgroups, i.e. MetaChips 𝑀𝐶𝑡𝑟𝑎𝑖𝑛𝑒𝑑 , from the training 

set. 𝑀𝐶𝑡𝑟𝑎𝑖𝑛𝑒𝑑  and the clinical information of tumour samples in early/late relapse groups 

from the training set was used to construct the conditional inference tree for predicting 

patient survival outcome. 

In order to determine the association between a tumour from the ‗test‘ set (𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑡𝑒𝑠𝑡   ) 

and the MetaChips calculated from the ‗training‘ set (𝑀𝐶𝑡𝑟𝑎𝑖𝑛𝑒𝑑 ), following Methods 

4.4.7 the principal component analysis was performed on each 𝑀𝐶𝑡𝑟𝑎𝑖𝑛𝑒𝑑   to obtain the 

representative expression profile. We computed the Pearson‘s correlation between these 

profiles (𝑀𝐶𝑡𝑟𝑎𝑖𝑛𝑒𝑑  representative profiles) and the gene expression profiles of tumours 

in the ‗test‘ set (𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑡𝑒𝑠𝑡   ) for each MetaChip. ‗Test‘ tumours were associated with 

MetaChips for which the correlation coefficient was larger than a pre-defined threshold 

value ( > 0.9), such that each ‗test‘ tumour sample could be allocated into more than one 

MetaChip.  

The survival of each 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑡𝑒𝑠𝑡   was then predicted by the conditional inference tree 

obtained from the training set. To measure how well a conditional inference tree 

developed from training set performed in prediction of the survival of test set, a 

confusion matrix was constructed by comparing the predicted survival of patients in the 

test set to their actual survival outcomes. True positive (TP), false positive (FP), true 

negative (TN), false negative (FN) scores were computed (TP – early relapse patient is 

correctly predicted as early relapse; FP – late relapse patient is predicted as early relapse; 



Chapter 4. Biclustering in Tumour Classification  237 

 

TN – late relapse patient is correctly predicted as late relapse; FN – early relapse patient 

is predicted as late relapse). 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 was computed for estimating the 

proportion of patients with early relapse that were correctly predicted.  

To have a fair assessment of the prediction, the entire process was repeated for 50 

random splits of data and the performance of the prediction was then evaluated by the 

median and the spread of confusion matrices obtained over the 50 splits. 
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The overall aim of this thesis is to improve our understanding of gene regulatory 

mechanisms underlying the progression of cancer. In pursuing this goal, the thesis 

primarily focused on the development of data-driven computational models that can 

address particular molecular questions and that can reveal new biology relevant to 

clinical practice. Three directions in genomic and clinico-pathological data analysis, as 

summarised in Section 1.10, have been covered in this thesis. Specifically, we have: (1) 

developed a network inference algorithm to reconstruct gene regulatory interactions from 

the integration of dynamic and steady-state gene expression data (Chapter 2); (2) 

incorporated combinatorial regulatory interactions into network models for identifying 

modulators of TF-targets interactions (Chapter 3); and (3) provided a biclustered 

molecular-based tumour classification approach to improve prediction of clinical 

outcome for individual patients (Chapter 4). 

5.1 Summary of research achievements 

As discussed in Chapter 1 of this thesis (section 1.7.5), most of the currently used 

reverse-engineering algorithms were proposed for reconstructing either steady-state or 

dynamic network models. In order to take the most use of the information underlying 

gene expression, in Chapter 2 we have implemented and extended the ordinary 

differential equation (ODE)-based reverse-engineering algorithm MIKANA for network 

inference from the combination of steady-state data and time-series measurements. We 

have examined its performance in response to various conditions using simulated gene 

expression datasets. The inference from the combined dataset (cMIKANA model) has 

demonstrated consistent performance across various network topologies and sizes. In 

comparison to the inference from time-series measurements (tsMIKANA model), 

cMIKANA was shown to be more robust to noise. In cancer research, like most other 

research fields, microarray and RNA-Seq gene expression analyses are often restricted to 
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a small number of tumour samples due to the expense of the technology and limited 

sample availability. cMIKANA appears to provide a better prediction of gene interactions 

compared to tsMIKANA in situations when only small numbers of samples or limited 

experimental replicates are available. Moreover, tsMIKANA and cMIKANA network 

models have shown a better prediction of directional relationships in comparison with the 

network models inferred from steady-state data (ssMIKANA). Many studies have 

claimed that steady-state and dynamic network models represent different aspects of gene 

regulation. Nevertheless, the application of MIKANA models on the human umbilical 

vein endothelial cell datasets has suggested that the inference on the combination of 

steady-state and dynamic data of gene expression may reveal new biology that cannot be 

observed from either type of experimental measurements alone. 

Based on the understanding that the expression of most genes is determined by multiple 

upstream regulators (Section 1.3), in Chapter 3 we further developed the ODE-based 

network model by incorporating combinatorial regulatory interactions (pwMIKANA). 

This improvement meets the challenge of modelling gene expression induced by the 

synergistic action of multiple parent genes. As proposed in Section 1.7.5, such network 

modelling can be used to explain conditional gene expression patterns. In Chapter 3, 

therefore, we modified pwMIKANA to identify the factors that may influence the 

interactions of a TF and its downstream targets. It was assumed that the correlation 

between a TF and its target was conditionally dependent on a modulator, which could be 

the status of a clinical factor (clinical modulator) or the expression level of a third gene 

(molecular modulator) associated with distinct biological conditions. To improve 

computational efficiency, most recently proposed modulator identification methods pre-

selected a list of genes as modulator candidates based on literature analyses or biological 

databases. However, the current knowledge of transcriptional pathways is incomplete 

therefore the literature-based pre-selection process may limit the extent to which potential 
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modulators can be identified. To tackle this problem, we have proposed a three-way 

interaction-based permutation approach to select modulator candidates without any prior 

knowledge of the biological systems. We have shown that the molecular modulator 

candidates selected by this permutation method were functionally-related. Unlike 

partition-based modulator identification methods, our modulator inference approach, 

using this permutation analysis and the pwMIKANA model, was entirely guided by data 

without pre-definition of known biology and sample-partition. This data-driven approach 

was then used to identify modulators (both molecular and clinical variables) for ESR1, 

E2F1, MYC and STAT1 regulatory modules from breast cancer patient data. We have 

shown that the modulators identified by pwMIKANA were both biologically relevant and 

very unlikely to be identified due to chance alone. Although only a small number of 

previously known modulators were identified, the modulators that were identified had 

provided a guide for further experimental validation and have raised useful questions 

about clinical practice.  

The conditional gene co-expression approaches we investigated, on the other hand, 

provided a new direction of tumour classification to fit with the concept of the 

personalised medicine, as discussed in Section 1.9. Furthermore, in Chapter 4 we have 

proposed the idea of determining new tumour groups (MetaChips) based on subsets of 

gene expression patterns (MetaGenes) using cMonkey, a previously published 

biclustering technique. We have investigated expression data from 437 breast cancer 

patients who had not received adjuvant drug or radiotherapy treatment. Such a large 

number of tumour samples combined from six independent microarray studies have 

provided a solid base for identifying common molecular and clinical features from 

biclustering breast cancer patients on subset of gene expression profiles. Each biclustered 

patient group (MetaChip) has been shown to be molecularly and clinico-pathologically 

consistent. Differential survival outcomes have been identified between biclustered 
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patient groups associated with distinct clinico-pathological features, and each of them 

was characterised by unique molecular signatures. Moreover, in a preliminary analysis, 

the membership of biclustered patient groups showed a stronger prognostic association 

with patient survival than conventional clinical variables. We have directly compared the 

performance of survival prediction models derived from conventional clinical variables 

with model based on biclustered MetaChips plus clinical variables. There appeared to be 

an improvement in power of prediction for early relapse when the biclustered patient 

groups and the clinico-pathological variables were combined.  

5.2 Limitations in the data-driven approaches 

It is important to recognise the limitations of new scientific approaches. The main 

limitations of the methods presented in this thesis are summarised as follows: 

 The nonlinear MIKANA model presented in Chapter 2 has considered 

independent regulators only. The inference approach adopted a nonlinear basis 

function of a single parent gene to model the nonlinear regulatory effect of an 

independent regulator on a child gene. The nonlinearity arising from 

combinatorial regulatory effect of multiple regulators was not considered in the 

comparison. The model can be improved to capture the nonlinearity from both 

independent regulator and multiple regulators by including the combinatorial 

basis function as proposed in Chapter 3. 

 The pre-selection process adopted by the modulator identification approach 

presented in Chapter 3 may have overlooked modulator candidates whose 

expression was relatively constant across the tumour samples in our data but were 

nevertheless biologically relevant to the TF regulatory module in the literature. 

Moreover, meta-modulators were generated by clustering modulator candidates in 
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similar expression patterns. By doing this, the unique molecular signature could 

be extracted and computational efficiency could be improved. However, some 

individual molecular signatures may be diminished during the clustering 

procedure. This is one aspect that needs to be considered in order to improve the 

identification of modulators from a high-dimensional dataset. 

 The biclustered tumour classification approach presented in Chapter 4 was done 

using a previously published method cMonkey. However, a key limitation of 

cMonkey is that it generates biclusters with a narrow distribution of condition 

memberships. In our application, this means that the biclustered patient groups 

were determined on the expression patterns of gene subsets that contained 

similarly large number of genes. 

5.3 Future work 

Implementation of the data-driven methods proposed in this thesis brought to light 

several aspects of these methods that could potentially be improved, to more effectively 

advance our overall understanding of gene regulatory mechanisms and cancer 

progression.  

Validation and application to other types of human cancer cell datasets 

Although we have assessed the performance of network inference from the integration of 

time-series and steady-state measurements using simulated datasets, the utility of these 

methods for ―real‖ human gene expression datasets requires more thorough exploration. 

The application of cMIKANA to a small human endothelial cell dataset (50 genes) in this 

thesis has shown that the combination of the siRNA disruptant dataset and the TNF time 

course dataset may reveal new biology that cannot be observed from either type of data 
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alone. Yet, the validity and utility of the method must be assessed by further experiments 

to determine whether the hubs and key characteristics underlying mRNA interactions 

identified do in reality have biological significance. The advantage of combining steady-

state and dynamic datasets for other types experimental data, such as colorectal and 

breast cancer cell datasets, can be further explored. 

The pwMIKANA model, coupled with permutation analysis, was used to identify 

modulators for ESR1, E2F1, MYC and STAT1 regulatory modules. We have shown that 

some of the identified modulators were functionally related or constituted similar 

molecular pathways, in line with previous research. Nevertheless, the roles of other 

modulators that have not yet been revealed in the literature or in databases will require 

further experimental validation. The same approach can also be used for other cancer-

related TF regulatory modules such as YB1, ERBB2 and TP53.  

The biclustering technique presented in Chapter 4 could possibly be broadly used for 

different types of cancer datasets, such as colorectal cancer data, to determine new 

tumour subgroups on subset of gene expression profiles. The conditional inference tree-

based survival prediction model has shown the potential to predict early patient relapse 

and therefore contribute to clinical decision making and individualised cancer therapy in 

future personalised medicine approaches. How well the models fit with clinical 

application will need to be further investigated. 

Potential model improvements for clinical practice 

The performance of the conditional inference tree-based survival prediction models 

presented in Chapter 4 was cross-validated based on 50 random partitions of tumour 

samples. Its predictive power on extended datasets will be further studied once new 
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breast cancer patient tumour samples are available. The currently presented models can 

then be used to predict the survival/relapse of patients in a new dataset. 

In clinical applications, it may be practical to use a survival prediction model generated 

from one group of patient data in a specific regional study (one cohort) to predict survival 

of other patients, whose tumour samples are collected from a different site (another 

cohort). Although this has not been covered in the work of this thesis, the performance of 

the prediction model generated from one cohort can be examined in predicting patient 

survival in another cohort provided there is an adequate number of tumour samples. 

Akin to the Cox PH-based survival prediction models described in Section 1.8.3, 

MIKANA has potential as an alternative type of predictive model for identifying the 

molecular and clinical factors that may affect patient survival. Although this use of 

MIKANA has not been explored in this thesis, our data-driven models can be extended in 

future for building up interaction networks of clinico-pathological variables, molecular 

variables and survival outcome, and to identify as many upstream regulators of survival 

outcome as possible. Some other factors, such as the membership of MetaChips derived 

in Chapter 4, could also be included in such a predictive network model.  

Application to more advanced high-throughput datasets 

In the work contributing to this thesis, the benefits of the combination of different types 

of data have been demonstrated, including the integration of time-series measurements 

and steady-state data, the incorporation of clinical data with molecular data, as well as the 

combination of data collected from multiple studies. Although this thesis has been 

applied to microarray datasets, there is nothing in principle that stops these methods from 

being applied to other types of molecular data, such as proteomic data or gene sequence 

data.  
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The next-generation sequencing technologies like RNA-Seq have been rapidly adopted in 

many medical research fields including cancer. There are now opportunities to analyse 

and extract more biologically and clinically relevant information underlying cancer 

development by combining the previously collected microarray data, which has the 

important advantage of long-term clinical follow-up, with RNA-Seq data. In addition, 

combining transcriptome datasets like those we have used, with DNA sequence data, 

methylation data, etc. is already being initiated by several research groups, including the 

Wellcome Trust Sanger Institute in the United Kingdom, the International Cancer 

Genome Consortium (ICGC) in Canada and the Cancer Genome Atlas (TCGA) in the 

United States.  

The main challenge is to develop robust computational approaches for analysing high-

throughput data that keep pace with advances in experimental techniques. For example, 

appropriate methods will be required to combine microarray and sequence data, including 

data selection and pre-processing. These data-driven methods will be improved to extract 

biological information with higher level of accuracy from the integration of various types 

of high-throughput data including genomic data, transcriptome data and proteomic data. 

Moreover, higher performance computational approaches will be required for analysing 

the large dimensional datasets that combine data from various sources. 

In summary, data-driven approaches have been proposed to predict gene regulatory 

interactions from the combination of steady-state and time-series data, to identify factors 

that affect TF-targets interactions, and to define new molecular-based tumour subgroups. 

Gene expression data analyses using these methods have provided additional insights into 

gene regulatory pathways, regulation of transcriptional activities, and tumour 

classification in cancer research. An exciting future challenge will be to improve these 



248  Chapter 5. Conclusions 

 

models for analysing more advanced high-throughput data, such as RNA-Seq data, 

proteomic data and DNA methylation data, and to apply them in clinical practice. 
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This section presents a simulation environment for generating gene expression datasets. 

In the preliminary study, Wildenhain and Crampin (2006) developed a simulation model 

which is able to generate gene regulatory interactions in the form of three topologies: 

random, scale-free and hierarchical networks. The model simulates gene expression 

profiles using a set of linear ODEs. In this work, the simulation environment was 

improved by incorporating nonlinear interactions and combinatorial regulators to imitate 

synergistic effects of multiple regulators and to simulate nonlinear responses underlying 

gene expression,   

A.1 Network simulation 

To incorporate synergist effects, this work only considered pair-wise interactions, where 

two TFs work as a pair to regulate a target gene. For example in Figure A-1, gene X is 

regulated by two TFs 𝑇𝐴  and  𝑇𝐵 . 𝑇𝐴  could only induce the transcription of gene X 

individually at a low transcription rate (the rate is 0.1 of the maximum rate), while 

𝑇𝐵  cannot switch on gene X by itself at all. The transcription of target gene X is on at its 

maximum rate only if both 𝑇𝐴  and 𝑇𝐵  are bound – meaning that 𝑇𝐴  and 𝑇𝐵  act 

synergistically to stimulate the transcription of gene X, and the combined effect of two 

TFs on the target gene is much greater than the sum of their individual effects (Schilstra 

and Bolouri, 2002).  
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Figure A-1 Synergistic effect of two activators. The transcription of target gene is switched on at its 

maximum rate only if both of TFs are bound. The individually binding of each transcription factors 

in the absence of another could only induce a transcription of the target gene at low rate or no 

transcription at all. 

Incorporation Combinatorial Interactions into Network Simulator  

The basic network simulator (Wildenhain and Crampin, 2006) was designed to generate 

three different types of topologies: random, scale-free and hierarchical.  The topology 

generator assigns parent genes for each gene and each parent gene is randomly defined as 

either an activator or an inhibitor. To model a network with combinatorial regulatory 

effect, additional information is required for multiple parent genes of each gene.  

The network simulator was modified to incorporate pairwise interactions between parents. 

Either AND or OR logic function was assigned to each randomly picked pair to simulate 

the combinatorial regulatory effect of two parent genes. Other logic functions, such as 

XOR, NAND and NOR, can be included as request. 
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A.2 Data simulation 

i. Individual nonlinear interaction   

 

Figure A-2. Schematic of single Interaction between a child gene (target) X and a parent gene 

(regulator) TF Y. In this example TF Y acts as an activator. In a single interaction model, there are 

two states for transcription of X. Gene X will be switched on only if TF Y is bounded.  

If the target gene 𝑋 is regulated by a single gene 𝑌, gene 𝑌 is a parent gene/regulator of 

gene 𝑋. The number of molecules of protein 𝑌 produced per unit time is a function of 

concentration of 𝑌, i.e. 𝑓 𝑌 . Generally, a nonlinear responses can be represented by a 

Michaelis-Menten – a monotonic and S-shaped function derived from Quasi-steady state 

(Alon, 2007). For a single TF regulation, the rate of change of 𝑌 can be modeled as 

follows: 

If 𝑌 is an activator, 𝑓 𝑌  is an increasing function  𝑓 𝑌 =
𝛽𝑌

𝐾+𝑌
   

If 𝑌 is an inhibitor, 𝑓 𝑌  is a decreasing function  𝑓 𝑌 =
𝛽𝑌

𝐾+𝑌
 

The constant parameter 𝛽 is known as the basal rate which is defined as the transcription 

rate when there is no action of activators or inhibitors. 𝐾 is the dissociation constant 

which describes transcription factors unbind from their sites. The higher value of 𝐾 

indicates the weaker binding between TFs and target genes (Alon, 2007).  

The input function can be derived through the state of a gene. The state of a gene can be 

defined according to which TFs are bound. The rate of transcription initiation from any 
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particular state depends on how well RNA polymerase is attached to the promoter 

(Mariani et al., 2004). 

The probability of a gene to be in state s can be denoted as 𝑥𝑠 , and the corresponding 

transcription rate can be denoted as 𝑣𝑠 . Therefore, the average rate of transcription can be 

written as: 

   𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 =  𝑥𝑠𝑣𝑠

𝑠

𝑖=0

 (A.1)   

For a single interaction, there are two possible states s, i.e. TF unbound s0 and TF bound 

s1. Thus, the transcription of a target controlled by an independent TF can be represented 

by: 

   𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 = 𝑥0𝑣0 + 𝑥1𝑣1 (A.2)   

Given binding of a single TF and in terms of probabilities, at equilibrium  𝑥0 =
𝐾

𝐾+𝑌
 

and 𝑥1 =
𝑌

𝐾+𝑌
, i.e. 

   𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 = 𝑣0

𝐾

𝐾 + 𝑌
+ 𝑣1

𝑌

𝐾 + 𝑌
 (A.3)   

If 𝑌 is an activator of transcription initiation, the transcription rate in the absence of the 

activator is typically small, i.e.  𝑣0 ≈ 0. The transcription rate in the presence of the 

activator is typically large, i.e.  𝑣1 ≈ 𝑣𝑚𝑎𝑥 . Therefore, 𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 = 𝑥1𝑣𝑚𝑎𝑥 =
𝑣𝑚𝑎𝑥 𝑌

𝐾+𝑌
 is 

for a single transcription activator. If 𝑌  acts as an inhibitor, the transcription rate is 

typically large when 𝑌 is unbound to the promoter, i.e.  𝑣0 ≈ 𝑣𝑚𝑎𝑥 . When 𝑌 is bound to 

the binding site and hinders the attachment of mRNA polymerase to the promoter, the 

transcription of the target gene is then repressed, suggesting that the transcription rate is 

typically close to zero, i.e.  𝑣1 ≈ 0. Hence, 𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 = 𝑥0𝑣𝑚𝑎𝑥 =
𝑣𝑚𝑎𝑥 𝐾

𝐾+𝑌
 is for a single 
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inhibitory TF. This model derived from probabilities is consistent with the Michaelis-

Menten equation. 

ii. Synergistic action of two transcription factor – Pairwise interaction 

 

Figure A-3.  Combinatorial regulatory effect of two TFs at four different states. This is an example of 

binding of two TFs A and B to control the transcription of target gene. It illustrates the four states of 

binding two TFs.  

Usually, there are more than one binding sites in the promoter regions of genes. Figure 

A-3 lists four possible states in the example of a promoter region with two binding sites. 

Similar to the single interaction case, the rate of transcription can be expressed as:  

   𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 = 𝑥0𝑣0 + 𝑥1𝑣1 + 𝑥2𝑣2 + 𝑥3𝑣3 (A.4)   

In terms of probabilities 𝑥0 =
1

𝐷
, where  𝐷 = 1 +

𝐴

𝐾𝑎
+

𝐵

𝐾𝑏
+

𝐴

𝐾𝑎

𝐵

𝐾𝑏(𝑎 )
 

Ka and Kb represent the dissociation constants of TF A and B that dissociate from their 

sites. Kb(a)  denotes the dissociation constant for B in the presence of A.  If TF A and B 

bind independently, the dissociation constant is the same for B with and without bound 

TF A,   i.e. Kb =Kb(a) (Schilstra and Bolouri, 2002). However, if the binding of TF B is 
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affected by the presence of bound TF A, this is called cooperative effect. In this case, the 

dissociation constants are not independent to each other and the dissociation constant of 

TF B without bound TF A is different from the dissociation constant of TF B with bound 

TF A, i.e. Kb ≠ Kb(a). Similarly, Ka = Ka(b) when binding of TFs A and B are independent 

to each other; Ka ≠ Ka(b) when they bind cooperatively. Cooperative effect gives 

KaKb(a)=KbKa(b). Using the same rules, we can obtain 𝑥1 =

𝐴

𝐾𝑎

𝐷
 , 𝑥2 =

𝐵

𝐾𝑏

𝐷
 , 𝑥3 =

𝐴

𝐾𝑎

𝐵

𝐾𝑏(𝑎)

𝐷
 

iii. Individual nonlinear interactions, coupled with pairwise interaction 

In a promoter region of a target, there may contains several distinct domains or modules. 

These modules can consist of individual binding sites or multi-binding sites with different 

combinations. The example in Figure A-4 shows that, the individual binding sites for an 

activator A and an inhibitor F form module 1 and 4. The multi-binding site for activator 

B and inhibitor C form module 2. Module 3 is formed by the binding sites for activators 

D and E. These modules act autonomously and the interaction between these domains 

within a promoter region is likely to be minimal though it is not necessarily zero 

(Schilstra and Bolouri, 2002).  

 

Figure A-4 Gene X is regulated under the effects of single interactions and pairwise interactions. The 

circle indicates an activator and square represents an inhibitor. Module 1 and 4 formed by a single 

TF indicate single interactions and module 2 and 3 formed by two TFs which implies pairwise 

interactions. Each of modules is assumed to be completely independent to one another. 

The expression of one gene can be controlled by both dependent regulators and 

independent regulators, i.e. both individual and pairwise parents may present 

simultaneously to control one target. By assuming the modules in Figure A-4 are 
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completely independent to each other, the rate of transcription thus can be derived as 

follows: 

 

𝑣𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 =

𝑣𝑚𝑎𝑥  
𝐴

𝐾𝑎+𝐴
  

𝐵

𝐾𝑏

1+
𝐵

𝐾𝑏
+

𝐶

𝐾𝑐
+

𝐵

𝐾𝑏

𝐶

𝐾𝑐(𝑏)

  

𝐷

𝐾𝑑

𝐸

𝐾𝑒(𝑑)

1+
𝐷

𝐾𝑑
+

𝐸

𝐾𝑒
+

𝐷

𝐾𝑑

𝐸

𝐾𝑒(𝑑)

  
𝐾𝑓

𝐾𝑓+𝐹
   

(A.5)   

Encapsulating all the characteristics, the general model for the rate of transcription can be 

derived as follows: 

 

 

  𝑓𝑖  = 

𝑣𝑖
𝑚𝑎𝑥   1 +

𝐴𝑗

𝐾𝐴 𝑗 +𝐴𝑗
 𝑗   1 +

𝐾𝐼𝑘

𝐾𝐼𝑘+𝐼𝑘
 𝑘   1 +𝑙

𝐴𝑙1𝐾𝐴𝑙1𝐴𝑙2𝐾𝐴𝑙2𝐷𝑙𝑚1+𝐴𝑚1𝐾𝐴𝑚1𝐷𝑚𝑛1+1𝐷𝑛  

(A.6)   

where 

𝐷𝑙 = 1 +
𝐴𝑙

1

𝐾𝐴𝑙
1 +

𝐴𝑙
2

𝐾𝐴𝑙
2 +

𝐴𝑙
1

𝐾𝐴𝑙
1

𝐴𝑙
2

𝐾𝐴𝑙
2(1)

 

  𝐷𝑚 = 1 +
𝐴𝑚

1

𝐾𝐴𝑚
1 +

𝐼𝑚
2

𝐾𝐼𝑚
2 +

𝐴𝑚
1

𝐾𝐴𝑚
1

𝐼𝑚
2

𝐾𝐼𝑚
2(1)

 

  𝐷𝑛 = 1 +
𝐼𝑛

1

𝐾𝐼𝑛
1 +

𝐼𝑛
2

𝐾𝐼𝑛
2 +

𝐼𝑚
1

𝐾𝐼𝑛
1

𝐼𝑚
2

𝐾𝐼𝑛
2(1)

 

The general forms include all possible independent activators and inhibitors, and 

dependent pairwise co-activators and co-inhibitors, i.e. activators, inhibitors, co-

activators, activator-inhibitors, co-inhibitors. Therefore, the nonlinear behaviour of gene 

activity over time can be modelled by the following nonlinear functions: 
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𝑑

𝑑𝑡
[𝑚𝑅𝑁𝐴]𝑖 = 𝑣𝑗

𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 − 𝑣𝑖
𝑚𝑅𝑁𝐴  𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛
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𝑚

  
1

𝐷𝑛
 

𝑛

 

𝑣𝑖
𝑚𝑅𝑁𝐴  𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛

= 𝛿𝑖[𝑚𝑅𝑁𝐴]𝑖  
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A.3 MIKANA Inference with S2G route 

Figure A-5 Flow chart diagram illustrating the MIKANA inference in s2g route. 
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Table B-1 50 probe sets that were shared between the siRNA disruptant gene list (379 probe sets) and 

TNF time course gene list (234 probe sets) from human umbilical vein endothelial cells (HUVECs)  

BCL2A1__NM_004049.2_PROBE1 IL1A__NM_000575.1_PROBE1 

BCL3__NM_005178.1_PROBE1 IL6__NM_000600.1_PROBE1 

BCL6__NM_001706.1_PROBE1 IL8__NM_000584.1_PROBE1 

CCL5__NM_002985.1_PROBE1 IRF1__NM_002198.1_PROBE1 

CD69__NM_001781.1_PROBE1 IRF7__NM_004031.1_PROBE1 

CFB__NM_001710.2_PROBE1 MAP3K8__NM_005204.1_PROBE1 

CFLAR__NM_003879.1_PROBE1 MSX1__NM_002448.1_PROBE1 

CX3CL1__NM_002996.1_PROBE1 NFATC1__8224569CB1_PROBE1 

CXCL10__NM_001565.1_PROBE1 NFKB1__NM_003998.1_PROBE1 

CXCL3__NM_002090.1_PROBE1 NFKBIA__AA595964_PROBE1 

DUSP1__NM_004417.2_PROBE1 NFKBIA__NM_020529.1_PROBE1 

ETS1__AK001630_PROBE1 NFKBIE__NM_004556.1_PROBE1 

F3__NM_001993.2_PROBE1 PLAU__NM_002658.1_PROBE1 

FOS__1227212CB1_PROBE1 PSMB9__NM_002800.1_PROBE1 

GATA3__NM_032742.1_PROBE1 PTGS2__NM_000963.1_PROBE1 

HIVEP2__NM_006734.1_PROBE1 RELB__NM_006509.1_PROBE1 

HIVEP2__X65644_PROBE1 SOD2__NM_000636.1_PROBE1 

ICAM1__NM_000201.1_PROBE1 STAT5A__NM_003152.1_PROBE1 

ID1__1453654.5_PROBE1 TLR2__NM_003264.1_PROBE1 

ID1__NM_002165.1_PROBE1 TNFAIP3__NM_006290.1_PROBE1 

ID1__U57645_PROBE1 TNFRSF10B__AF016266_PROBE1 

IER3__NM_003897.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 

IFNGR2__NM_005534.1_PROBE1 TNIP1__NM_006058.1_PROBE1 

IKBKE__NM_014002.1_PROBE1 TUBB2B__X79535_PROBE1 

IL15__2469073CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 
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Table B-2 ssMIKANA network model inferred from the subset of siRNA disruptant data. The 

ssMIKANA network model identified 130 interactions between the 50 probe sets. 

Parents Gene Child Gene 
Interaction 

Coefficient 

IL15__2469073CB1_PROBE1 BCL2A1__NM_004049.2_PROBE1 0.726082 

IL8__NM_000584.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 0.96225 

PLAU__NM_002658.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 1.01944 

ETS1__AK001630_PROBE1 BCL3__NM_005178.1_PROBE1 -0.734841 

ICAM1__NM_000201.1_PROBE1 BCL3__NM_005178.1_PROBE1 1.54925 

IER3__NM_003897.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.894799 

TNIP1__NM_006058.1_PROBE1 BCL3__NM_005178.1_PROBE1 1.14244 

STAT5A__NM_003152.1_PROBE1 BCL6__NM_001706.1_PROBE1 2.28025 

TNFAIP3__NM_006290.1_PROBE1 BCL6__NM_001706.1_PROBE1 0.592724 

CXCL10__NM_001565.1_PROBE1 CCL5__NM_002985.1_PROBE1 1.42175 

MAP3K8__NM_005204.1_PROBE1 CCL5__NM_002985.1_PROBE1 -0.842137 

TNFAIP3__NM_006290.1_PROBE1 CCL5__NM_002985.1_PROBE1 2.28089 

FOS__1227212CB1_PROBE1 CD69__NM_001781.1_PROBE1 2.76206 

CXCL10__NM_001565.1_PROBE1 CFB__NM_001710.2_PROBE1 1.16878 

PSMB9__NM_002800.1_PROBE1 CFB__NM_001710.2_PROBE1 1.7766 

ETS1__AK001630_PROBE1 CFLAR__NM_003879.1_PROBE1 0.59264 

IRF1__NM_002198.1_PROBE1 CFLAR__NM_003879.1_PROBE1 1.03722 

SOD2__NM_000636.1_PROBE1 CFLAR__NM_003879.1_PROBE1 1.30289 

FOS__1227212CB1_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.868599 

ICAM1__NM_000201.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 1.63265 

ID1__NM_002165.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.437154 

CCL5__NM_002985.1_PROBE1 CXCL10__NM_001565.1_PROBE1 1.28254 

CFB__NM_001710.2_PROBE1 CXCL10__NM_001565.1_PROBE1 1.24124 

ID1__NM_002165.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.680405 

NFKB1__NM_003998.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.861912 

TNFSF10__NM_003810.1_PROBE1 CXCL10__NM_001565.1_PROBE1 1.52277 

FOS__1227212CB1_PROBE1 CXCL3__NM_002090.1_PROBE1 0.762022 

NFKBIA__NM_020529.1_PROBE1 CXCL3__NM_002090.1_PROBE1 2.16596 

ID1__NM_002165.1_PROBE1 DUSP1__NM_004417.2_PROBE1 1.06513 

TNFAIP3__NM_006290.1_PROBE1 DUSP1__NM_004417.2_PROBE1 1.78536 

IFNGR2__NM_005534.1_PROBE1 ETS1__AK001630_PROBE1 2.70742 

VCAM1__NM_001078.1_PROBE1 F3__NM_001993.2_PROBE1 2.72872 

CD69__NM_001781.1_PROBE1 FOS__1227212CB1_PROBE1 2.2585 

TNIP1__NM_006058.1_PROBE1 FOS__1227212CB1_PROBE1 0.583713 

IER3__NM_003897.1_PROBE1 GATA3__NM_032742.1_PROBE1 0.861312 

STAT5A__NM_003152.1_PROBE1 GATA3__NM_032742.1_PROBE1 1.66022 

TUBB2B__X79535_PROBE1 GATA3__NM_032742.1_PROBE1 0.386966 

BCL6__NM_001706.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 1.12124 

FOS__1227212CB1_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.618789 

IKBKE__NM_014002.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.89333 

TUBB2B__X79535_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.313458 

IL1A__NM_000575.1_PROBE1 HIVEP2__X65644_PROBE1 0.685872 
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VCAM1__NM_001078.1_PROBE1 HIVEP2__X65644_PROBE1 2.10406 

ID1__NM_002165.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.543014 

TLR2__NM_003264.1_PROBE1 ICAM1__NM_000201.1_PROBE1 2.36659 

ID1__NM_002165.1_PROBE1 ID1__1453654.5_PROBE1 2.09661 

TLR2__NM_003264.1_PROBE1 ID1__1453654.5_PROBE1 0.797729 

CXCL3__NM_002090.1_PROBE1 ID1__NM_002165.1_PROBE1 1.35854 

DUSP1__NM_004417.2_PROBE1 ID1__NM_002165.1_PROBE1 0.431314 

ID1__1453654.5_PROBE1 ID1__NM_002165.1_PROBE1 2.04806 

TLR2__NM_003264.1_PROBE1 ID1__NM_002165.1_PROBE1 -1.00163 

FOS__1227212CB1_PROBE1 ID1__U57645_PROBE1 -0.573817 

ID1__1453654.5_PROBE1 ID1__U57645_PROBE1 1.68408 

NFKBIA__NM_020529.1_PROBE1 ID1__U57645_PROBE1 1.6784 

CD69__NM_001781.1_PROBE1 IER3__NM_003897.1_PROBE1 0.781777 

HIVEP2__X65644_PROBE1 IER3__NM_003897.1_PROBE1 0.561693 

NFATC1__8224569CB1_PROBE1 IER3__NM_003897.1_PROBE1 1.577 

BCL6__NM_001706.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 1.12236 

ID1__NM_002165.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.778842 

TNFRSF10B__AF016266_PROBE1 IFNGR2__NM_005534.1_PROBE1 1.01869 

IER3__NM_003897.1_PROBE1 IKBKE__NM_014002.1_PROBE1 0.817442 

IRF1__NM_002198.1_PROBE1 IKBKE__NM_014002.1_PROBE1 0.592278 

NFKB1__NM_003998.1_PROBE1 IKBKE__NM_014002.1_PROBE1 1.50548 

HIVEP2__X65644_PROBE1 IL15__2469073CB1_PROBE1 0.769206 

ID1__NM_002165.1_PROBE1 IL15__2469073CB1_PROBE1 0.669568 

PSMB9__NM_002800.1_PROBE1 IL15__2469073CB1_PROBE1 1.43383 

IL8__NM_000584.1_PROBE1 IL1A__NM_000575.1_PROBE1 1.08725 

MSX1__NM_002448.1_PROBE1 IL1A__NM_000575.1_PROBE1 1.58905 

BCL3__NM_005178.1_PROBE1 IL6__NM_000600.1_PROBE1 1.05241 

IL8__NM_000584.1_PROBE1 IL6__NM_000600.1_PROBE1 0.542109 

SOD2__NM_000636.1_PROBE1 IL6__NM_000600.1_PROBE1 1.32685 

CCL5__NM_002985.1_PROBE1 IL8__NM_000584.1_PROBE1 0.744516 

IL1A__NM_000575.1_PROBE1 IL8__NM_000584.1_PROBE1 0.869691 

IL6__NM_000600.1_PROBE1 IL8__NM_000584.1_PROBE1 1.28377 

CFLAR__NM_003879.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.4189 

CXCL10__NM_001565.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.58732 

NFKBIA__NM_020529.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.984506 

IL15__2469073CB1_PROBE1 IRF7__NM_004031.1_PROBE1 0.92451 

MSX1__NM_002448.1_PROBE1 IRF7__NM_004031.1_PROBE1 1.93107 

CFB__NM_001710.2_PROBE1 MAP3K8__NM_005204.1_PROBE1 0.522867 

ETS1__AK001630_PROBE1 MAP3K8__NM_005204.1_PROBE1 0.945199 

NFKB1__NM_003998.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 1.45676 

CXCL10__NM_001565.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.476268 

CXCL3__NM_002090.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.636658 

GATA3__NM_032742.1_PROBE1 MSX1__NM_002448.1_PROBE1 1.09464 

IRF7__NM_004031.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.847051 

STAT5A__NM_003152.1_PROBE1 NFATC1__8224569CB1_PROBE1 2.81046 

IKBKE__NM_014002.1_PROBE1 NFKB1__NM_003998.1_PROBE1 1.37282 
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MAP3K8__NM_005204.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.927788 

PLAU__NM_002658.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.614065 

ID1__NM_002165.1_PROBE1 NFKBIA__AA595964_PROBE1 0.747372 

IER3__NM_003897.1_PROBE1 NFKBIA__AA595964_PROBE1 0.80301 

NFKBIE__NM_004556.1_PROBE1 NFKBIA__AA595964_PROBE1 0.956135 

TNFSF10__NM_003810.1_PROBE1 NFKBIA__AA595964_PROBE1 0.487286 

CD69__NM_001781.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 -0.477434 

CXCL3__NM_002090.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 2.05243 

RELB__NM_006509.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 0.80352 

TNFSF10__NM_003810.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 0.537938 

CXCL3__NM_002090.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.825697 

RELB__NM_006509.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.794299 

STAT5A__NM_003152.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 1.2947 

NFKB1__NM_003998.1_PROBE1 PLAU__NM_002658.1_PROBE1 2.66629 

CFB__NM_001710.2_PROBE1 PSMB9__NM_002800.1_PROBE1 1.20074 

IL15__2469073CB1_PROBE1 PSMB9__NM_002800.1_PROBE1 0.52273 

IRF7__NM_004031.1_PROBE1 PSMB9__NM_002800.1_PROBE1 1.22738 

CD69__NM_001781.1_PROBE1 PTGS2__NM_000963.1_PROBE1 0.93258 

TNFAIP3__NM_006290.1_PROBE1 PTGS2__NM_000963.1_PROBE1 1.92054 

NFKBIA__AA595964_PROBE1 RELB__NM_006509.1_PROBE1 2.74084 

HIVEP2__NM_006734.1_PROBE1 SOD2__NM_000636.1_PROBE1 0.430026 

IL6__NM_000600.1_PROBE1 SOD2__NM_000636.1_PROBE1 1.16103 

IRF1__NM_002198.1_PROBE1 SOD2__NM_000636.1_PROBE1 0.48525 

NFKBIE__NM_004556.1_PROBE1 SOD2__NM_000636.1_PROBE1 0.838422 

CFB__NM_001710.2_PROBE1 STAT5A__NM_003152.1_PROBE1 0.225787 

NFATC1__8224569CB1_PROBE1 STAT5A__NM_003152.1_PROBE1 1.52932 

NFKBIE__NM_004556.1_PROBE1 STAT5A__NM_003152.1_PROBE1 1.17218 

ICAM1__NM_000201.1_PROBE1 TLR2__NM_003264.1_PROBE1 2.82163 

CCL5__NM_002985.1_PROBE1 TNFAIP3__NM_006290.1_PROBE1 0.993637 

DUSP1__NM_004417.2_PROBE1 TNFAIP3__NM_006290.1_PROBE1 1.13194 

ETS1__AK001630_PROBE1 TNFAIP3__NM_006290.1_PROBE1 0.913527 

IFNGR2__NM_005534.1_PROBE1 TNFRSF10B__AF016266_PROBE1 2.75301 

CXCL10__NM_001565.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 1.19609 

ID1__NM_002165.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.692343 

PSMB9__NM_002800.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 1.15229 

BCL3__NM_005178.1_PROBE1 TNIP1__NM_006058.1_PROBE1 1.30007 

ID1__U57645_PROBE1 TNIP1__NM_006058.1_PROBE1 0.754663 

NFKBIE__NM_004556.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.823365 

GATA3__NM_032742.1_PROBE1 TUBB2B__X79535_PROBE1 2.42409 

ID1__NM_002165.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.681249 

IL15__2469073CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.640169 

NFKB1__NM_003998.1_PROBE1 VCAM1__NM_001078.1_PROBE1 1.62206 
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Table B-3 tsMIKANA network model inferred from the subset of TNF time course data. The 

tsMIKANA network model identified 204 interactions between the 50 probe sets. 

Parents Gene Child Gene 
Interaction 

Coefficient 

DUSP1__NM_004417.2_PROBE1 BCL2A1__NM_004049.2_PROBE1 -3.82783 

ID1__NM_002165.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 -19.7639 

IER3__NM_003897.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 10.7431 

IRF7__NM_004031.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 44.7664 

PSMB9__NM_002800.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 -33.5428 

DUSP1__NM_004417.2_PROBE1 BCL3__NM_005178.1_PROBE1 -7.67707 

FOS__1227212CB1_PROBE1 BCL3__NM_005178.1_PROBE1 11.3283 

ID1__U57645_PROBE1 BCL3__NM_005178.1_PROBE1 7.03388 

IL6__NM_000600.1_PROBE1 BCL3__NM_005178.1_PROBE1 -4.34635 

IRF7__NM_004031.1_PROBE1 BCL3__NM_005178.1_PROBE1 8.2436 

BCL3__NM_005178.1_PROBE1 BCL6__NM_001706.1_PROBE1 3.69324 

DUSP1__NM_004417.2_PROBE1 BCL6__NM_001706.1_PROBE1 6.59759 

GATA3__NM_032742.1_PROBE1 BCL6__NM_001706.1_PROBE1 10.1142 

ID1__NM_002165.1_PROBE1 BCL6__NM_001706.1_PROBE1 -4.91128 

IRF7__NM_004031.1_PROBE1 BCL6__NM_001706.1_PROBE1 4.06066 

IL1A__NM_000575.1_PROBE1 CCL5__NM_002985.1_PROBE1 0.513115 

CFB__NM_001710.2_PROBE1 CD69__NM_001781.1_PROBE1 -25.632 

DUSP1__NM_004417.2_PROBE1 CD69__NM_001781.1_PROBE1 12.5952 

HIVEP2__NM_006734.1_PROBE1 CD69__NM_001781.1_PROBE1 10.7445 

IER3__NM_003897.1_PROBE1 CD69__NM_001781.1_PROBE1 -8.16021 

IRF7__NM_004031.1_PROBE1 CD69__NM_001781.1_PROBE1 34.4178 

CX3CL1__NM_002996.1_PROBE1 CFB__NM_001710.2_PROBE1 15.4356 

DUSP1__NM_004417.2_PROBE1 CFB__NM_001710.2_PROBE1 16.0756 

FOS__1227212CB1_PROBE1 CFB__NM_001710.2_PROBE1 -13.0425 

ID1__NM_002165.1_PROBE1 CFB__NM_001710.2_PROBE1 19.9373 

PSMB9__NM_002800.1_PROBE1 CFB__NM_001710.2_PROBE1 -12.5556 

BCL3__NM_005178.1_PROBE1 CFLAR__NM_003879.1_PROBE1 3.03004 

DUSP1__NM_004417.2_PROBE1 CFLAR__NM_003879.1_PROBE1 6.11845 

FOS__1227212CB1_PROBE1 CFLAR__NM_003879.1_PROBE1 -3.50621 

ID1__NM_002165.1_PROBE1 CFLAR__NM_003879.1_PROBE1 3.78013 

IRF7__NM_004031.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.986086 

HIVEP2__X65644_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.797585 

CXCL10__NM_001565.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -12.9866 

DUSP1__NM_004417.2_PROBE1 CXCL10__NM_001565.1_PROBE1 -25.1677 

ID1__NM_002165.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -50.4022 

IL6__NM_000600.1_PROBE1 CXCL10__NM_001565.1_PROBE1 19.5391 

IRF7__NM_004031.1_PROBE1 CXCL10__NM_001565.1_PROBE1 2.87172 

CFB__NM_001710.2_PROBE1 CXCL3__NM_002090.1_PROBE1 -22.8885 

DUSP1__NM_004417.2_PROBE1 CXCL3__NM_002090.1_PROBE1 48.4792 

ID1__NM_002165.1_PROBE1 CXCL3__NM_002090.1_PROBE1 -42.1157 

IRF7__NM_004031.1_PROBE1 CXCL3__NM_002090.1_PROBE1 30.0737 

PTGS2__NM_000963.1_PROBE1 CXCL3__NM_002090.1_PROBE1 2.05802 
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FOS__1227212CB1_PROBE1 DUSP1__NM_004417.2_PROBE1 4.3769 

HIVEP2__NM_006734.1_PROBE1 DUSP1__NM_004417.2_PROBE1 1.79519 

ID1__NM_002165.1_PROBE1 DUSP1__NM_004417.2_PROBE1 5.45359 

IER3__NM_003897.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -9.49646 

IRF7__NM_004031.1_PROBE1 DUSP1__NM_004417.2_PROBE1 3.87957 

DUSP1__NM_004417.2_PROBE1 ETS1__AK001630_PROBE1 -8.45738 

FOS__1227212CB1_PROBE1 ETS1__AK001630_PROBE1 14.2551 

ID1__NM_002165.1_PROBE1 ETS1__AK001630_PROBE1 -3.85396 

IL6__NM_000600.1_PROBE1 ETS1__AK001630_PROBE1 -5.50087 

IRF7__NM_004031.1_PROBE1 ETS1__AK001630_PROBE1 -0.78362 

DUSP1__NM_004417.2_PROBE1 F3__NM_001993.2_PROBE1 115.218 

DUSP1__NM_004417.2_PROBE1 FOS__1227212CB1_PROBE1 12.8273 

FOS__1227212CB1_PROBE1 FOS__1227212CB1_PROBE1 -16.0862 

HIVEP2__X65644_PROBE1 FOS__1227212CB1_PROBE1 4.07907 

ID1__NM_002165.1_PROBE1 FOS__1227212CB1_PROBE1 13.8334 

IRF7__NM_004031.1_PROBE1 FOS__1227212CB1_PROBE1 -3.14878 

PTGS2__NM_000963.1_PROBE1 GATA3__NM_032742.1_PROBE1 -0.08939 

BCL3__NM_005178.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 -3.40543 

FOS__1227212CB1_PROBE1 HIVEP2__NM_006734.1_PROBE1 -1.21275 

HIVEP2__X65644_PROBE1 HIVEP2__NM_006734.1_PROBE1 3.02275 

ID1__NM_002165.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 19.4899 

IRF7__NM_004031.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 4.09981 

BCL3__NM_005178.1_PROBE1 HIVEP2__X65644_PROBE1 -23.6332 

DUSP1__NM_004417.2_PROBE1 HIVEP2__X65644_PROBE1 -0.52349 

HIVEP2__X65644_PROBE1 HIVEP2__X65644_PROBE1 15.747 

ID1__NM_002165.1_PROBE1 HIVEP2__X65644_PROBE1 61.3098 

IRF7__NM_004031.1_PROBE1 HIVEP2__X65644_PROBE1 11.1656 

DUSP1__NM_004417.2_PROBE1 ICAM1__NM_000201.1_PROBE1 -2.39746 

FOS__1227212CB1_PROBE1 ICAM1__NM_000201.1_PROBE1 6.50181 

ID1__U57645_PROBE1 ICAM1__NM_000201.1_PROBE1 1.97978 

IL6__NM_000600.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -1.37482 

IRF7__NM_004031.1_PROBE1 ICAM1__NM_000201.1_PROBE1 3.59174 

BCL3__NM_005178.1_PROBE1 ID1__1453654.5_PROBE1 2.78017 

DUSP1__NM_004417.2_PROBE1 ID1__1453654.5_PROBE1 1.60968 

HIVEP2__X65644_PROBE1 ID1__1453654.5_PROBE1 -1.84579 

ID1__NM_002165.1_PROBE1 ID1__1453654.5_PROBE1 -4.99895 

PSMB9__NM_002800.1_PROBE1 ID1__1453654.5_PROBE1 0.197405 

CFB__NM_001710.2_PROBE1 ID1__NM_002165.1_PROBE1 1.06073 

DUSP1__NM_004417.2_PROBE1 ID1__NM_002165.1_PROBE1 3.64731 

ID1__NM_002165.1_PROBE1 ID1__NM_002165.1_PROBE1 -1.67212 

IRF7__NM_004031.1_PROBE1 ID1__NM_002165.1_PROBE1 -1.44196 

PTGS2__NM_000963.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.0574 

BCL6__NM_001706.1_PROBE1 ID1__U57645_PROBE1 -1.13191 

DUSP1__NM_004417.2_PROBE1 ID1__U57645_PROBE1 1.1703 

FOS__1227212CB1_PROBE1 ID1__U57645_PROBE1 1.14488 

ID1__NM_002165.1_PROBE1 ID1__U57645_PROBE1 -3.83673 
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IRF7__NM_004031.1_PROBE1 ID1__U57645_PROBE1 -0.80371 

DUSP1__NM_004417.2_PROBE1 IER3__NM_003897.1_PROBE1 -2.02484 

ID1__NM_002165.1_PROBE1 IER3__NM_003897.1_PROBE1 -25.9604 

IL1A__NM_000575.1_PROBE1 IER3__NM_003897.1_PROBE1 5.19758 

NFATC1__8224569CB1_PROBE1 IER3__NM_003897.1_PROBE1 -6.8206 

PSMB9__NM_002800.1_PROBE1 IER3__NM_003897.1_PROBE1 -15.5514 

DUSP1__NM_004417.2_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.21054 

FOS__1227212CB1_PROBE1 IFNGR2__NM_005534.1_PROBE1 1.71337 

HIVEP2__X65644_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.34964 

ID1__U57645_PROBE1 IFNGR2__NM_005534.1_PROBE1 -4.88955 

IRF7__NM_004031.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 -2.79785 

NFATC1__8224569CB1_PROBE1 IKBKE__NM_014002.1_PROBE1 0.620749 

DUSP1__NM_004417.2_PROBE1 IL15__2469073CB1_PROBE1 3.21287 

HIVEP2__NM_006734.1_PROBE1 IL15__2469073CB1_PROBE1 2.61679 

ID1__NM_002165.1_PROBE1 IL15__2469073CB1_PROBE1 3.27575 

IER3__NM_003897.1_PROBE1 IL15__2469073CB1_PROBE1 -2.24426 

IRF7__NM_004031.1_PROBE1 IL15__2469073CB1_PROBE1 1.43089 

DUSP1__NM_004417.2_PROBE1 IL1A__NM_000575.1_PROBE1 30.1485 

ID1__NM_002165.1_PROBE1 IL1A__NM_000575.1_PROBE1 -34.4789 

NFATC1__8224569CB1_PROBE1 IL6__NM_000600.1_PROBE1 -1.88973 

CFB__NM_001710.2_PROBE1 IL8__NM_000584.1_PROBE1 -43.4471 

DUSP1__NM_004417.2_PROBE1 IL8__NM_000584.1_PROBE1 22.6253 

ID1__1453654.5_PROBE1 IL8__NM_000584.1_PROBE1 -50.6717 

IRF7__NM_004031.1_PROBE1 IL8__NM_000584.1_PROBE1 50.3013 

MAP3K8__NM_005204.1_PROBE1 IL8__NM_000584.1_PROBE1 3.86276 

DUSP1__NM_004417.2_PROBE1 IRF1__NM_002198.1_PROBE1 52.0658 

ID1__NM_002165.1_PROBE1 IRF1__NM_002198.1_PROBE1 43.9376 

IL1A__NM_000575.1_PROBE1 IRF1__NM_002198.1_PROBE1 -12.8185 

NFATC1__8224569CB1_PROBE1 IRF1__NM_002198.1_PROBE1 20.1542 

PSMB9__NM_002800.1_PROBE1 IRF1__NM_002198.1_PROBE1 40.4529 

IL15__2469073CB1_PROBE1 IRF7__NM_004031.1_PROBE1 0.587209 

DUSP1__NM_004417.2_PROBE1 MAP3K8__NM_005204.1_PROBE1 15.5212 

TLR2__NM_003264.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 3.61133 

FOS__1227212CB1_PROBE1 MSX1__NM_002448.1_PROBE1 0.133598 

ID1__NM_002165.1_PROBE1 MSX1__NM_002448.1_PROBE1 4.12495 

IL6__NM_000600.1_PROBE1 MSX1__NM_002448.1_PROBE1 2.75081 

IRF7__NM_004031.1_PROBE1 MSX1__NM_002448.1_PROBE1 2.36602 

NFATC1__8224569CB1_PROBE1 MSX1__NM_002448.1_PROBE1 -2.30228 

FOS__1227212CB1_PROBE1 NFATC1__8224569CB1_PROBE1 1.55866 

HIVEP2__NM_006734.1_PROBE1 NFATC1__8224569CB1_PROBE1 -1.74571 

ID1__NM_002165.1_PROBE1 NFATC1__8224569CB1_PROBE1 1.35987 

IL6__NM_000600.1_PROBE1 NFATC1__8224569CB1_PROBE1 1.76821 

IRF7__NM_004031.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.928788 

CFB__NM_001710.2_PROBE1 NFKB1__NM_003998.1_PROBE1 5.9428 

FOS__1227212CB1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.311188 

HIVEP2__X65644_PROBE1 NFKB1__NM_003998.1_PROBE1 0.398162 
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ID1__1453654.5_PROBE1 NFKB1__NM_003998.1_PROBE1 7.10073 

IRF7__NM_004031.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -7.89755 

DUSP1__NM_004417.2_PROBE1 NFKBIA__AA595964_PROBE1 2.96921 

ID1__NM_002165.1_PROBE1 NFKBIA__AA595964_PROBE1 -19.2757 

IL1A__NM_000575.1_PROBE1 NFKBIA__AA595964_PROBE1 2.73223 

NFATC1__8224569CB1_PROBE1 NFKBIA__AA595964_PROBE1 -5.63177 

PSMB9__NM_002800.1_PROBE1 NFKBIA__AA595964_PROBE1 -9.63092 

DUSP1__NM_004417.2_PROBE1 NFKBIA__NM_020529.1_PROBE1 3.56398 

ID1__NM_002165.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 -45.4507 

IL1A__NM_000575.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 7.83995 

NFATC1__8224569CB1_PROBE1 NFKBIA__NM_020529.1_PROBE1 -9.94423 

PSMB9__NM_002800.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 -24.6722 

BCL3__NM_005178.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.692863 

FOS__1227212CB1_PROBE1 NFKBIE__NM_004556.1_PROBE1 3.19786 

ID1__NM_002165.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -6.3536 

IRF7__NM_004031.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 5.29956 

PSMB9__NM_002800.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -6.20888 

BCL3__NM_005178.1_PROBE1 PLAU__NM_002658.1_PROBE1 -5.00735 

DUSP1__NM_004417.2_PROBE1 PLAU__NM_002658.1_PROBE1 0.028081 

GATA3__NM_032742.1_PROBE1 PLAU__NM_002658.1_PROBE1 -17.7474 

ID1__NM_002165.1_PROBE1 PLAU__NM_002658.1_PROBE1 5.92004 

IRF7__NM_004031.1_PROBE1 PLAU__NM_002658.1_PROBE1 -4.61292 

DUSP1__NM_004417.2_PROBE1 PSMB9__NM_002800.1_PROBE1 0.679703 

FOS__1227212CB1_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.59714 

GATA3__NM_032742.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -4.31567 

ID1__NM_002165.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -1.50485 

IRF7__NM_004031.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -2.54105 

BCL3__NM_005178.1_PROBE1 PTGS2__NM_000963.1_PROBE1 27.8999 

DUSP1__NM_004417.2_PROBE1 PTGS2__NM_000963.1_PROBE1 50.7524 

ID1__NM_002165.1_PROBE1 PTGS2__NM_000963.1_PROBE1 39.9237 

IER3__NM_003897.1_PROBE1 PTGS2__NM_000963.1_PROBE1 -38.2468 

IRF7__NM_004031.1_PROBE1 PTGS2__NM_000963.1_PROBE1 30.9953 

FOS__1227212CB1_PROBE1 RELB__NM_006509.1_PROBE1 6.82774 

NFATC1__8224569CB1_PROBE1 SOD2__NM_000636.1_PROBE1 1.10924 

DUSP1__NM_004417.2_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.97909 

FOS__1227212CB1_PROBE1 STAT5A__NM_003152.1_PROBE1 5.89056 

ID1__U57645_PROBE1 STAT5A__NM_003152.1_PROBE1 -6.30399 

IL6__NM_000600.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -2.10225 

IRF7__NM_004031.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -2.43583 

CXCL10__NM_001565.1_PROBE1 TLR2__NM_003264.1_PROBE1 -1.44634 

DUSP1__NM_004417.2_PROBE1 TLR2__NM_003264.1_PROBE1 -1.7966 

ID1__NM_002165.1_PROBE1 TLR2__NM_003264.1_PROBE1 -2.56651 

IFNGR2__NM_005534.1_PROBE1 TLR2__NM_003264.1_PROBE1 3.93318 

IRF7__NM_004031.1_PROBE1 TLR2__NM_003264.1_PROBE1 -1.89928 

DUSP1__NM_004417.2_PROBE1 TNFAIP3__NM_006290.1_PROBE1 27.9279 

DUSP1__NM_004417.2_PROBE1 TNFRSF10B__AF016266_PROBE1 6.06288 
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FOS__1227212CB1_PROBE1 TNFRSF10B__AF016266_PROBE1 -3.94277 

ID1__NM_002165.1_PROBE1 TNFRSF10B__AF016266_PROBE1 6.45706 

NFATC1__8224569CB1_PROBE1 TNFRSF10B__AF016266_PROBE1 2.65947 

PSMB9__NM_002800.1_PROBE1 TNFRSF10B__AF016266_PROBE1 1.75621 

DUSP1__NM_004417.2_PROBE1 TNFSF10__NM_003810.1_PROBE1 2.95541 

FOS__1227212CB1_PROBE1 TNFSF10__NM_003810.1_PROBE1 -3.87364 

ID1__1453654.5_PROBE1 TNFSF10__NM_003810.1_PROBE1 4.84399 

NFATC1__8224569CB1_PROBE1 TNFSF10__NM_003810.1_PROBE1 2.37124 

TUBB2B__X79535_PROBE1 TNFSF10__NM_003810.1_PROBE1 2.38182 

CFB__NM_001710.2_PROBE1 TNIP1__NM_006058.1_PROBE1 2.60468 

DUSP1__NM_004417.2_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.975 

ID1__1453654.5_PROBE1 TNIP1__NM_006058.1_PROBE1 3.69806 

IL6__NM_000600.1_PROBE1 TNIP1__NM_006058.1_PROBE1 2.04582 

IRF7__NM_004031.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -2.20363 

DUSP1__NM_004417.2_PROBE1 TUBB2B__X79535_PROBE1 0.77623 

ID1__NM_002165.1_PROBE1 TUBB2B__X79535_PROBE1 3.67017 

IL1A__NM_000575.1_PROBE1 TUBB2B__X79535_PROBE1 -2.16616 

IL6__NM_000600.1_PROBE1 TUBB2B__X79535_PROBE1 3.44374 

IRF7__NM_004031.1_PROBE1 TUBB2B__X79535_PROBE1 8.61106 

FOS__1227212CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 -24.323 

ID1__NM_002165.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -15.9426 

IL6__NM_000600.1_PROBE1 VCAM1__NM_001078.1_PROBE1 25.4176 

IRF7__NM_004031.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -54.0445 

NFATC1__8224569CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 -5.77461 
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Table B-4 cMIKANA network model inferred from the combination of the TNF time course subset 

data and siRNA disruptant subset data. The cMIKANA network model identified 738 interactions 

between the 50 probe sets. 

Parents Child 
Interaction 

Coefficient 

CCL5__NM_002985.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 -0.12281 

ETS1__AK001630_PROBE1 BCL2A1__NM_004049.2_PROBE1 -0.22851 

F3__NM_001993.2_PROBE1 BCL2A1__NM_004049.2_PROBE1 2.07779 

FOS__1227212CB1_PROBE1 BCL2A1__NM_004049.2_PROBE1 1.31648 

HIVEP2__NM_006734.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 -1.67988 

MAP3K8__NM_005204.1_PROBE1 BCL2A1__NM_004049.2_PROBE1 0.351361 

BCL2A1__NM_004049.2_PROBE1 BCL3__NM_005178.1_PROBE1 0.09779 

CFB__NM_001710.2_PROBE1 BCL3__NM_005178.1_PROBE1 -0.03544 

CFLAR__NM_003879.1_PROBE1 BCL3__NM_005178.1_PROBE1 -2.2165 

CX3CL1__NM_002996.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.10539 

CXCL3__NM_002090.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.031815 

DUSP1__NM_004417.2_PROBE1 BCL3__NM_005178.1_PROBE1 -0.01393 

ETS1__AK001630_PROBE1 BCL3__NM_005178.1_PROBE1 -0.04399 

F3__NM_001993.2_PROBE1 BCL3__NM_005178.1_PROBE1 0.395057 

FOS__1227212CB1_PROBE1 BCL3__NM_005178.1_PROBE1 0.187396 

HIVEP2__NM_006734.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.64159 

HIVEP2__X65644_PROBE1 BCL3__NM_005178.1_PROBE1 0.134779 

ID1__NM_002165.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.131964 

IER3__NM_003897.1_PROBE1 BCL3__NM_005178.1_PROBE1 2.52355 

IL15__2469073CB1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.09322 

IL1A__NM_000575.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.043958 

IRF1__NM_002198.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.075684 

MAP3K8__NM_005204.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.062374 

MSX1__NM_002448.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.03571 

NFKBIA__NM_020529.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.12942 

RELB__NM_006509.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.283792 

SOD2__NM_000636.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.32385 

TLR2__NM_003264.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.123104 

TNFSF10__NM_003810.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.07782 

TNIP1__NM_006058.1_PROBE1 BCL3__NM_005178.1_PROBE1 -0.0919 

TUBB2B__X79535_PROBE1 BCL3__NM_005178.1_PROBE1 0.063436 

VCAM1__NM_001078.1_PROBE1 BCL3__NM_005178.1_PROBE1 0.02483 

F3__NM_001993.2_PROBE1 BCL6__NM_001706.1_PROBE1 0.73858 

FOS__1227212CB1_PROBE1 BCL6__NM_001706.1_PROBE1 0.561488 

HIVEP2__NM_006734.1_PROBE1 BCL6__NM_001706.1_PROBE1 -1.41075 

CD69__NM_001781.1_PROBE1 CCL5__NM_002985.1_PROBE1 0.092349 

F3__NM_001993.2_PROBE1 CCL5__NM_002985.1_PROBE1 0.304848 

GATA3__NM_032742.1_PROBE1 CCL5__NM_002985.1_PROBE1 -0.03751 

F3__NM_001993.2_PROBE1 CD69__NM_001781.1_PROBE1 -1.21906 

FOS__1227212CB1_PROBE1 CD69__NM_001781.1_PROBE1 -0.37119 
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HIVEP2__NM_006734.1_PROBE1 CD69__NM_001781.1_PROBE1 1.94988 

TUBB2B__X79535_PROBE1 CD69__NM_001781.1_PROBE1 -0.29588 

FOS__1227212CB1_PROBE1 CFB__NM_001710.2_PROBE1 -0.2691 

HIVEP2__NM_006734.1_PROBE1 CFB__NM_001710.2_PROBE1 0.438764 

ID1__U57645_PROBE1 CFB__NM_001710.2_PROBE1 -0.07194 

RELB__NM_006509.1_PROBE1 CFB__NM_001710.2_PROBE1 0.19514 

BCL2A1__NM_004049.2_PROBE1 CFLAR__NM_003879.1_PROBE1 0.022324 

CCL5__NM_002985.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00486 

CFB__NM_001710.2_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00104 

CX3CL1__NM_002996.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.01494 

CXCL10__NM_001565.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.011327 

CXCL3__NM_002090.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.003412 

DUSP1__NM_004417.2_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.01269 

ETS1__AK001630_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.01045 

F3__NM_001993.2_PROBE1 CFLAR__NM_003879.1_PROBE1 0.077046 

FOS__1227212CB1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.026145 

GATA3__NM_032742.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.30676 

HIVEP2__NM_006734.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.039369 

HIVEP2__X65644_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.01079 

ID1__1453654.5_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.01022 

ID1__NM_002165.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.013133 

ID1__U57645_PROBE1 CFLAR__NM_003879.1_PROBE1 0.007619 

IER3__NM_003897.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.941994 

IKBKE__NM_014002.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.02299 

IL15__2469073CB1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00636 

IL1A__NM_000575.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00137 

IL6__NM_000600.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.015716 

IRF1__NM_002198.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.005801 

MAP3K8__NM_005204.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.02327 

NFKB1__NM_003998.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.32162 

PSMB9__NM_002800.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.24648 

RELB__NM_006509.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.052021 

SOD2__NM_000636.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.0972 

TLR2__NM_003264.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00881 

TNFAIP3__NM_006290.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.00826 

TNFSF10__NM_003810.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.008902 

TNIP1__NM_006058.1_PROBE1 CFLAR__NM_003879.1_PROBE1 0.008033 

TUBB2B__X79535_PROBE1 CFLAR__NM_003879.1_PROBE1 0.009117 

VCAM1__NM_001078.1_PROBE1 CFLAR__NM_003879.1_PROBE1 -0.02991 

BCL2A1__NM_004049.2_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.055417 

DUSP1__NM_004417.2_PROBE1 CX3CL1__NM_002996.1_PROBE1 -0.03108 

HIVEP2__NM_006734.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.4408 

HIVEP2__X65644_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.098395 

IKBKE__NM_014002.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 -0.0938 

IL15__2469073CB1_PROBE1 CX3CL1__NM_002996.1_PROBE1 -0.0711 

RELB__NM_006509.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.153469 
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VCAM1__NM_001078.1_PROBE1 CX3CL1__NM_002996.1_PROBE1 0.187204 

BCL2A1__NM_004049.2_PROBE1 CXCL10__NM_001565.1_PROBE1 0.27293 

BCL6__NM_001706.1_PROBE1 CXCL10__NM_001565.1_PROBE1 0.124301 

CX3CL1__NM_002996.1_PROBE1 CXCL10__NM_001565.1_PROBE1 0.493361 

CXCL3__NM_002090.1_PROBE1 CXCL10__NM_001565.1_PROBE1 0.669256 

F3__NM_001993.2_PROBE1 CXCL10__NM_001565.1_PROBE1 0.303177 

FOS__1227212CB1_PROBE1 CXCL10__NM_001565.1_PROBE1 -1.17365 

HIVEP2__NM_006734.1_PROBE1 CXCL10__NM_001565.1_PROBE1 3.72122 

ID1__U57645_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.17312 

IER3__NM_003897.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.71473 

IL1A__NM_000575.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.13558 

MAP3K8__NM_005204.1_PROBE1 CXCL10__NM_001565.1_PROBE1 -0.11992 

RELB__NM_006509.1_PROBE1 CXCL10__NM_001565.1_PROBE1 0.604694 

TLR2__NM_003264.1_PROBE1 CXCL10__NM_001565.1_PROBE1 0.904838 

CCL5__NM_002985.1_PROBE1 CXCL3__NM_002090.1_PROBE1 -0.76928 

DUSP1__NM_004417.2_PROBE1 CXCL3__NM_002090.1_PROBE1 0.95922 

F3__NM_001993.2_PROBE1 CXCL3__NM_002090.1_PROBE1 9.30067 

FOS__1227212CB1_PROBE1 CXCL3__NM_002090.1_PROBE1 2.00013 

HIVEP2__NM_006734.1_PROBE1 CXCL3__NM_002090.1_PROBE1 -15.9149 

HIVEP2__X65644_PROBE1 CXCL3__NM_002090.1_PROBE1 -2.8624 

IL15__2469073CB1_PROBE1 CXCL3__NM_002090.1_PROBE1 1.12937 

IL6__NM_000600.1_PROBE1 CXCL3__NM_002090.1_PROBE1 1.0072 

TLR2__NM_003264.1_PROBE1 CXCL3__NM_002090.1_PROBE1 3.5225 

TUBB2B__X79535_PROBE1 CXCL3__NM_002090.1_PROBE1 1.86433 

VCAM1__NM_001078.1_PROBE1 CXCL3__NM_002090.1_PROBE1 -4.31177 

BCL2A1__NM_004049.2_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.08387 

BCL3__NM_005178.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.569472 

BCL6__NM_001706.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.02058 

CCL5__NM_002985.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.025226 

CD69__NM_001781.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.05146 

CFB__NM_001710.2_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.01072 

CFLAR__NM_003879.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.948792 

CX3CL1__NM_002996.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.00648 

CXCL10__NM_001565.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.00578 

CXCL3__NM_002090.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.06066 

DUSP1__NM_004417.2_PROBE1 DUSP1__NM_004417.2_PROBE1 0.042193 

ETS1__AK001630_PROBE1 DUSP1__NM_004417.2_PROBE1 0.031675 

F3__NM_001993.2_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.31328 

FOS__1227212CB1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.02508 

GATA3__NM_032742.1_PROBE1 DUSP1__NM_004417.2_PROBE1 1.27626 

HIVEP2__NM_006734.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.281042 

HIVEP2__X65644_PROBE1 DUSP1__NM_004417.2_PROBE1 0.01079 

ID1__1453654.5_PROBE1 DUSP1__NM_004417.2_PROBE1 0.020548 

ID1__U57645_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.03439 

IER3__NM_003897.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -3.68087 

IKBKE__NM_014002.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.037534 



272  Appendix B. Endothelial Datasets 

 

IL1A__NM_000575.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.052139 

IL6__NM_000600.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.05731 

IL8__NM_000584.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.03083 

IRF1__NM_002198.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.00773 

IRF7__NM_004031.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.094388 

MAP3K8__NM_005204.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.03478 

NFKB1__NM_003998.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.925845 

NFKBIA__NM_020529.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.07045 

RELB__NM_006509.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.25974 

TLR2__NM_003264.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.03368 

TNFRSF10B__AF016266_PROBE1 DUSP1__NM_004417.2_PROBE1 0.020632 

TNFSF10__NM_003810.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.04783 

TNIP1__NM_006058.1_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.1127 

TUBB2B__X79535_PROBE1 DUSP1__NM_004417.2_PROBE1 -0.09718 

VCAM1__NM_001078.1_PROBE1 DUSP1__NM_004417.2_PROBE1 0.194948 

BCL6__NM_001706.1_PROBE1 ETS1__AK001630_PROBE1 -0.0572 

CCL5__NM_002985.1_PROBE1 ETS1__AK001630_PROBE1 -0.05083 

CX3CL1__NM_002996.1_PROBE1 ETS1__AK001630_PROBE1 -0.20921 

CXCL10__NM_001565.1_PROBE1 ETS1__AK001630_PROBE1 0.060577 

ETS1__AK001630_PROBE1 ETS1__AK001630_PROBE1 -0.01622 

F3__NM_001993.2_PROBE1 ETS1__AK001630_PROBE1 0.290733 

FOS__1227212CB1_PROBE1 ETS1__AK001630_PROBE1 0.337248 

HIVEP2__NM_006734.1_PROBE1 ETS1__AK001630_PROBE1 0.290763 

HIVEP2__X65644_PROBE1 ETS1__AK001630_PROBE1 -0.04104 

ID1__NM_002165.1_PROBE1 ETS1__AK001630_PROBE1 0.069158 

IER3__NM_003897.1_PROBE1 ETS1__AK001630_PROBE1 1.85571 

IL15__2469073CB1_PROBE1 ETS1__AK001630_PROBE1 0.030372 

IL6__NM_000600.1_PROBE1 ETS1__AK001630_PROBE1 0.090033 

IRF1__NM_002198.1_PROBE1 ETS1__AK001630_PROBE1 0.059928 

IRF7__NM_004031.1_PROBE1 ETS1__AK001630_PROBE1 0.384286 

MAP3K8__NM_005204.1_PROBE1 ETS1__AK001630_PROBE1 0.041197 

NFKBIA__NM_020529.1_PROBE1 ETS1__AK001630_PROBE1 0.041437 

PSMB9__NM_002800.1_PROBE1 ETS1__AK001630_PROBE1 -1.81429 

RELB__NM_006509.1_PROBE1 ETS1__AK001630_PROBE1 0.06778 

SOD2__NM_000636.1_PROBE1 ETS1__AK001630_PROBE1 -0.50451 

STAT5A__NM_003152.1_PROBE1 ETS1__AK001630_PROBE1 -0.01521 

TLR2__NM_003264.1_PROBE1 ETS1__AK001630_PROBE1 -0.05276 

TNFAIP3__NM_006290.1_PROBE1 ETS1__AK001630_PROBE1 -0.03062 

TNIP1__NM_006058.1_PROBE1 ETS1__AK001630_PROBE1 -0.12745 

TUBB2B__X79535_PROBE1 ETS1__AK001630_PROBE1 -0.05791 

VCAM1__NM_001078.1_PROBE1 ETS1__AK001630_PROBE1 -0.11482 

CCL5__NM_002985.1_PROBE1 F3__NM_001993.2_PROBE1 -2.05926 

F3__NM_001993.2_PROBE1 F3__NM_001993.2_PROBE1 30.4954 

FOS__1227212CB1_PROBE1 F3__NM_001993.2_PROBE1 9.73922 

HIVEP2__NM_006734.1_PROBE1 F3__NM_001993.2_PROBE1 -36.1877 

HIVEP2__X65644_PROBE1 F3__NM_001993.2_PROBE1 -10.0313 



Appendix B. Endothelial Datasets 273 

 

IL15__2469073CB1_PROBE1 F3__NM_001993.2_PROBE1 4.89497 

IL6__NM_000600.1_PROBE1 F3__NM_001993.2_PROBE1 4.69741 

VCAM1__NM_001078.1_PROBE1 F3__NM_001993.2_PROBE1 -11.7322 

F3__NM_001993.2_PROBE1 FOS__1227212CB1_PROBE1 -2.76517 

FOS__1227212CB1_PROBE1 FOS__1227212CB1_PROBE1 -1.22481 

HIVEP2__NM_006734.1_PROBE1 FOS__1227212CB1_PROBE1 1.96998 

ID1__U57645_PROBE1 FOS__1227212CB1_PROBE1 -0.21503 

VCAM1__NM_001078.1_PROBE1 FOS__1227212CB1_PROBE1 1.0592 

F3__NM_001993.2_PROBE1 GATA3__NM_032742.1_PROBE1 -0.06076 

TNFSF10__NM_003810.1_PROBE1 GATA3__NM_032742.1_PROBE1 0.005178 

FOS__1227212CB1_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.918223 

HIVEP2__X65644_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.756942 

IL15__2469073CB1_PROBE1 HIVEP2__NM_006734.1_PROBE1 -0.41474 

MAP3K8__NM_005204.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 0.526695 

TLR2__NM_003264.1_PROBE1 HIVEP2__NM_006734.1_PROBE1 -1.7648 

F3__NM_001993.2_PROBE1 HIVEP2__X65644_PROBE1 1.84909 

FOS__1227212CB1_PROBE1 HIVEP2__X65644_PROBE1 2.97963 

HIVEP2__NM_006734.1_PROBE1 HIVEP2__X65644_PROBE1 -3.39886 

HIVEP2__X65644_PROBE1 HIVEP2__X65644_PROBE1 2.39543 

IL15__2469073CB1_PROBE1 HIVEP2__X65644_PROBE1 -1.30192 

MAP3K8__NM_005204.1_PROBE1 HIVEP2__X65644_PROBE1 1.46398 

TLR2__NM_003264.1_PROBE1 HIVEP2__X65644_PROBE1 -4.28535 

BCL2A1__NM_004049.2_PROBE1 ICAM1__NM_000201.1_PROBE1 0.070458 

BCL3__NM_005178.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.31932 

BCL6__NM_001706.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.010864 

CCL5__NM_002985.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.04268 

CD69__NM_001781.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.009 

CFLAR__NM_003879.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -1.00623 

CX3CL1__NM_002996.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.06088 

CXCL10__NM_001565.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.00923 

CXCL3__NM_002090.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.0139 

DUSP1__NM_004417.2_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.03451 

ETS1__AK001630_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.03343 

F3__NM_001993.2_PROBE1 ICAM1__NM_000201.1_PROBE1 0.388837 

FOS__1227212CB1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.160933 

GATA3__NM_032742.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.80007 

HIVEP2__NM_006734.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.039605 

HIVEP2__X65644_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.07814 

ID1__1453654.5_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.04771 

ID1__NM_002165.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.053988 

ID1__U57645_PROBE1 ICAM1__NM_000201.1_PROBE1 0.056109 

IER3__NM_003897.1_PROBE1 ICAM1__NM_000201.1_PROBE1 2.96353 

IFNGR2__NM_005534.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.07369 

IKBKE__NM_014002.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.03865 

IL15__2469073CB1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.02333 

IL6__NM_000600.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.064045 
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IRF1__NM_002198.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.039654 

MAP3K8__NM_005204.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.013368 

MSX1__NM_002448.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.00658 

NFKB1__NM_003998.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.73788 

NFKBIA__AA595964_PROBE1 ICAM1__NM_000201.1_PROBE1 0.097195 

NFKBIA__NM_020529.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.04569 

RELB__NM_006509.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.227531 

SOD2__NM_000636.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.22351 

TLR2__NM_003264.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.069949 

TNFAIP3__NM_006290.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.015921 

TNFSF10__NM_003810.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.051867 

TNIP1__NM_006058.1_PROBE1 ICAM1__NM_000201.1_PROBE1 0.012179 

TUBB2B__X79535_PROBE1 ICAM1__NM_000201.1_PROBE1 0.055239 

VCAM1__NM_001078.1_PROBE1 ICAM1__NM_000201.1_PROBE1 -0.11428 

HIVEP2__NM_006734.1_PROBE1 ID1__1453654.5_PROBE1 -0.29531 

HIVEP2__X65644_PROBE1 ID1__1453654.5_PROBE1 -0.24875 

IL15__2469073CB1_PROBE1 ID1__1453654.5_PROBE1 0.099241 

TLR2__NM_003264.1_PROBE1 ID1__1453654.5_PROBE1 0.320364 

BCL2A1__NM_004049.2_PROBE1 ID1__NM_002165.1_PROBE1 0.074443 

BCL3__NM_005178.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.28484 

BCL6__NM_001706.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.01205 

CCL5__NM_002985.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.09807 

CD69__NM_001781.1_PROBE1 ID1__NM_002165.1_PROBE1 0.038471 

CX3CL1__NM_002996.1_PROBE1 ID1__NM_002165.1_PROBE1 0.044124 

CXCL10__NM_001565.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.02719 

CXCL3__NM_002090.1_PROBE1 ID1__NM_002165.1_PROBE1 0.033835 

F3__NM_001993.2_PROBE1 ID1__NM_002165.1_PROBE1 0.384385 

HIVEP2__X65644_PROBE1 ID1__NM_002165.1_PROBE1 -0.16627 

ICAM1__NM_000201.1_PROBE1 ID1__NM_002165.1_PROBE1 -2.23253 

ID1__1453654.5_PROBE1 ID1__NM_002165.1_PROBE1 -0.0371 

ID1__NM_002165.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.13084 

IER3__NM_003897.1_PROBE1 ID1__NM_002165.1_PROBE1 1.28384 

IKBKE__NM_014002.1_PROBE1 ID1__NM_002165.1_PROBE1 0.051646 

IL15__2469073CB1_PROBE1 ID1__NM_002165.1_PROBE1 0.065075 

IL1A__NM_000575.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.04156 

IL6__NM_000600.1_PROBE1 ID1__NM_002165.1_PROBE1 0.041651 

IL8__NM_000584.1_PROBE1 ID1__NM_002165.1_PROBE1 0.200288 

IRF1__NM_002198.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.00392 

IRF7__NM_004031.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.27914 

MAP3K8__NM_005204.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.13677 

MSX1__NM_002448.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.02995 

NFKBIA__AA595964_PROBE1 ID1__NM_002165.1_PROBE1 0.127114 

NFKBIA__NM_020529.1_PROBE1 ID1__NM_002165.1_PROBE1 0.007783 

PLAU__NM_002658.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.12316 

PSMB9__NM_002800.1_PROBE1 ID1__NM_002165.1_PROBE1 0.860467 

RELB__NM_006509.1_PROBE1 ID1__NM_002165.1_PROBE1 0.055592 
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SOD2__NM_000636.1_PROBE1 ID1__NM_002165.1_PROBE1 0.440638 

STAT5A__NM_003152.1_PROBE1 ID1__NM_002165.1_PROBE1 0.009447 

TLR2__NM_003264.1_PROBE1 ID1__NM_002165.1_PROBE1 0.28939 

TNFAIP3__NM_006290.1_PROBE1 ID1__NM_002165.1_PROBE1 0.222656 

TNFSF10__NM_003810.1_PROBE1 ID1__NM_002165.1_PROBE1 0.013926 

TNIP1__NM_006058.1_PROBE1 ID1__NM_002165.1_PROBE1 0.090425 

TUBB2B__X79535_PROBE1 ID1__NM_002165.1_PROBE1 0.05515 

VCAM1__NM_001078.1_PROBE1 ID1__NM_002165.1_PROBE1 -0.15068 

DUSP1__NM_004417.2_PROBE1 ID1__U57645_PROBE1 0.045637 

F3__NM_001993.2_PROBE1 ID1__U57645_PROBE1 0.200025 

HIVEP2__NM_006734.1_PROBE1 ID1__U57645_PROBE1 -0.59627 

HIVEP2__X65644_PROBE1 ID1__U57645_PROBE1 -0.16183 

TLR2__NM_003264.1_PROBE1 ID1__U57645_PROBE1 0.311533 

HIVEP2__NM_006734.1_PROBE1 IER3__NM_003897.1_PROBE1 -0.733 

HIVEP2__X65644_PROBE1 IER3__NM_003897.1_PROBE1 -0.60921 

IL15__2469073CB1_PROBE1 IER3__NM_003897.1_PROBE1 0.250734 

TLR2__NM_003264.1_PROBE1 IER3__NM_003897.1_PROBE1 0.778912 

CCL5__NM_002985.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.03972 

CX3CL1__NM_002996.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.1459 

F3__NM_001993.2_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.42189 

FOS__1227212CB1_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.319674 

IL6__NM_000600.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.062031 

IRF1__NM_002198.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 0.030988 

TLR2__NM_003264.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.24171 

TUBB2B__X79535_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.04916 

VCAM1__NM_001078.1_PROBE1 IFNGR2__NM_005534.1_PROBE1 -0.14913 

DUSP1__NM_004417.2_PROBE1 IKBKE__NM_014002.1_PROBE1 -0.0318 

HIVEP2__NM_006734.1_PROBE1 IKBKE__NM_014002.1_PROBE1 0.389221 

HIVEP2__X65644_PROBE1 IKBKE__NM_014002.1_PROBE1 0.053188 

RELB__NM_006509.1_PROBE1 IKBKE__NM_014002.1_PROBE1 0.068903 

TLR2__NM_003264.1_PROBE1 IKBKE__NM_014002.1_PROBE1 -0.18018 

TUBB2B__X79535_PROBE1 IKBKE__NM_014002.1_PROBE1 -0.07437 

BCL2A1__NM_004049.2_PROBE1 IL15__2469073CB1_PROBE1 0.037882 

BCL6__NM_001706.1_PROBE1 IL15__2469073CB1_PROBE1 -0.01138 

CXCL3__NM_002090.1_PROBE1 IL15__2469073CB1_PROBE1 0.072634 

DUSP1__NM_004417.2_PROBE1 IL15__2469073CB1_PROBE1 -0.02063 

F3__NM_001993.2_PROBE1 IL15__2469073CB1_PROBE1 0.073801 

FOS__1227212CB1_PROBE1 IL15__2469073CB1_PROBE1 -0.06219 

HIVEP2__NM_006734.1_PROBE1 IL15__2469073CB1_PROBE1 0.761625 

ID1__1453654.5_PROBE1 IL15__2469073CB1_PROBE1 -0.0229 

IKBKE__NM_014002.1_PROBE1 IL15__2469073CB1_PROBE1 -0.06619 

IL1A__NM_000575.1_PROBE1 IL15__2469073CB1_PROBE1 -0.01391 

RELB__NM_006509.1_PROBE1 IL15__2469073CB1_PROBE1 0.112143 

TLR2__NM_003264.1_PROBE1 IL15__2469073CB1_PROBE1 -0.0309 

TUBB2B__X79535_PROBE1 IL15__2469073CB1_PROBE1 -0.06438 

F3__NM_001993.2_PROBE1 IL1A__NM_000575.1_PROBE1 3.8899 
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HIVEP2__NM_006734.1_PROBE1 IL1A__NM_000575.1_PROBE1 -6.08219 

HIVEP2__X65644_PROBE1 IL1A__NM_000575.1_PROBE1 -3.04701 

IL15__2469073CB1_PROBE1 IL1A__NM_000575.1_PROBE1 0.914695 

TLR2__NM_003264.1_PROBE1 IL1A__NM_000575.1_PROBE1 3.81264 

HIVEP2__X65644_PROBE1 IL6__NM_000600.1_PROBE1 -0.57734 

IL15__2469073CB1_PROBE1 IL6__NM_000600.1_PROBE1 0.256093 

RELB__NM_006509.1_PROBE1 IL6__NM_000600.1_PROBE1 -0.4917 

TLR2__NM_003264.1_PROBE1 IL6__NM_000600.1_PROBE1 0.589163 

F3__NM_001993.2_PROBE1 IL8__NM_000584.1_PROBE1 1.27901 

FOS__1227212CB1_PROBE1 IL8__NM_000584.1_PROBE1 1.13181 

HIVEP2__NM_006734.1_PROBE1 IL8__NM_000584.1_PROBE1 -2.02192 

HIVEP2__X65644_PROBE1 IL8__NM_000584.1_PROBE1 -0.34831 

BCL2A1__NM_004049.2_PROBE1 IRF1__NM_002198.1_PROBE1 0.654127 

BCL3__NM_005178.1_PROBE1 IRF1__NM_002198.1_PROBE1 -3.2899 

CCL5__NM_002985.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.69943 

CD69__NM_001781.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.539972 

CFB__NM_001710.2_PROBE1 IRF1__NM_002198.1_PROBE1 0.195805 

CX3CL1__NM_002996.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.43165 

CXCL10__NM_001565.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.20882 

CXCL3__NM_002090.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.593558 

DUSP1__NM_004417.2_PROBE1 IRF1__NM_002198.1_PROBE1 -0.25838 

ETS1__AK001630_PROBE1 IRF1__NM_002198.1_PROBE1 -0.06499 

F3__NM_001993.2_PROBE1 IRF1__NM_002198.1_PROBE1 2.96359 

FOS__1227212CB1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.22845 

GATA3__NM_032742.1_PROBE1 IRF1__NM_002198.1_PROBE1 -5.43091 

HIVEP2__NM_006734.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.64472 

HIVEP2__X65644_PROBE1 IRF1__NM_002198.1_PROBE1 -0.34323 

ICAM1__NM_000201.1_PROBE1 IRF1__NM_002198.1_PROBE1 -17.7332 

ID1__NM_002165.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.52149 

ID1__U57645_PROBE1 IRF1__NM_002198.1_PROBE1 -0.16967 

IER3__NM_003897.1_PROBE1 IRF1__NM_002198.1_PROBE1 20.9813 

IKBKE__NM_014002.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.206242 

IL15__2469073CB1_PROBE1 IRF1__NM_002198.1_PROBE1 0.317641 

IL1A__NM_000575.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.52887 

IL6__NM_000600.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.149058 

IL8__NM_000584.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.10676 

IRF1__NM_002198.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.062061 

IRF7__NM_004031.1_PROBE1 IRF1__NM_002198.1_PROBE1 -2.5098 

MAP3K8__NM_005204.1_PROBE1 IRF1__NM_002198.1_PROBE1 -1.08583 

MSX1__NM_002448.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.14406 

NFKB1__NM_003998.1_PROBE1 IRF1__NM_002198.1_PROBE1 -2.24419 

NFKBIA__NM_020529.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.19295 

PLAU__NM_002658.1_PROBE1 IRF1__NM_002198.1_PROBE1 -0.55757 

PSMB9__NM_002800.1_PROBE1 IRF1__NM_002198.1_PROBE1 6.15081 

PTGS2__NM_000963.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.07223 

RELB__NM_006509.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.22592 
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SOD2__NM_000636.1_PROBE1 IRF1__NM_002198.1_PROBE1 2.83909 

STAT5A__NM_003152.1_PROBE1 IRF1__NM_002198.1_PROBE1 0.055296 

TLR2__NM_003264.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.42543 

TNFAIP3__NM_006290.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.59611 

TNFRSF10B__AF016266_PROBE1 IRF1__NM_002198.1_PROBE1 -0.12893 

TNIP1__NM_006058.1_PROBE1 IRF1__NM_002198.1_PROBE1 1.1234 

TUBB2B__X79535_PROBE1 IRF1__NM_002198.1_PROBE1 0.515855 

VCAM1__NM_001078.1_PROBE1 IRF1__NM_002198.1_PROBE1 -1.38612 

BCL2A1__NM_004049.2_PROBE1 IRF7__NM_004031.1_PROBE1 0.013094 

CCL5__NM_002985.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00968 

CD69__NM_001781.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.003186 

CFB__NM_001710.2_PROBE1 IRF7__NM_004031.1_PROBE1 0.001613 

CX3CL1__NM_002996.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.011997 

CXCL10__NM_001565.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00784 

CXCL3__NM_002090.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.006334 

DUSP1__NM_004417.2_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00435 

ETS1__AK001630_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00133 

F3__NM_001993.2_PROBE1 IRF7__NM_004031.1_PROBE1 0.067869 

FOS__1227212CB1_PROBE1 IRF7__NM_004031.1_PROBE1 0.002203 

HIVEP2__NM_006734.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.037667 

HIVEP2__X65644_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00924 

ID1__NM_002165.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00628 

IER3__NM_003897.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.41416 

IKBKE__NM_014002.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.006145 

IL15__2469073CB1_PROBE1 IRF7__NM_004031.1_PROBE1 0.00161 

IL1A__NM_000575.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00095 

IL6__NM_000600.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.01165 

IL8__NM_000584.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.026047 

IRF1__NM_002198.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.001643 

MAP3K8__NM_005204.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.01036 

MSX1__NM_002448.1_PROBE1 IRF7__NM_004031.1_PROBE1 -0.00568 

NFKB1__NM_003998.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.176465 

PSMB9__NM_002800.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.127776 

RELB__NM_006509.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.026002 

SOD2__NM_000636.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.084051 

STAT5A__NM_003152.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.00607 

TLR2__NM_003264.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.032365 

TNFAIP3__NM_006290.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.024127 

TNFRSF10B__AF016266_PROBE1 IRF7__NM_004031.1_PROBE1 -0.0112 

TNIP1__NM_006058.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.014364 

VCAM1__NM_001078.1_PROBE1 IRF7__NM_004031.1_PROBE1 0.004826 

CCL5__NM_002985.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 -0.20792 

DUSP1__NM_004417.2_PROBE1 MAP3K8__NM_005204.1_PROBE1 0.433738 

F3__NM_001993.2_PROBE1 MAP3K8__NM_005204.1_PROBE1 3.78601 

FOS__1227212CB1_PROBE1 MAP3K8__NM_005204.1_PROBE1 1.51353 

HIVEP2__NM_006734.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 -5.36813 
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HIVEP2__X65644_PROBE1 MAP3K8__NM_005204.1_PROBE1 -0.34295 

TLR2__NM_003264.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 0.978243 

TUBB2B__X79535_PROBE1 MAP3K8__NM_005204.1_PROBE1 0.728733 

VCAM1__NM_001078.1_PROBE1 MAP3K8__NM_005204.1_PROBE1 -1.22563 

BCL2A1__NM_004049.2_PROBE1 MSX1__NM_002448.1_PROBE1 0.062003 

BCL6__NM_001706.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.026959 

CFB__NM_001710.2_PROBE1 MSX1__NM_002448.1_PROBE1 -0.03575 

CFLAR__NM_003879.1_PROBE1 MSX1__NM_002448.1_PROBE1 -1.42071 

CXCL10__NM_001565.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.00684 

DUSP1__NM_004417.2_PROBE1 MSX1__NM_002448.1_PROBE1 -0.0262 

ETS1__AK001630_PROBE1 MSX1__NM_002448.1_PROBE1 -0.04573 

F3__NM_001993.2_PROBE1 MSX1__NM_002448.1_PROBE1 0.242494 

FOS__1227212CB1_PROBE1 MSX1__NM_002448.1_PROBE1 0.092612 

GATA3__NM_032742.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.965 

HIVEP2__NM_006734.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.46431 

HIVEP2__X65644_PROBE1 MSX1__NM_002448.1_PROBE1 -0.07584 

ID1__NM_002165.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.051134 

IER3__NM_003897.1_PROBE1 MSX1__NM_002448.1_PROBE1 2.42988 

IFNGR2__NM_005534.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.04241 

IL15__2469073CB1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.02469 

IL1A__NM_000575.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.053144 

IL6__NM_000600.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.026226 

IRF1__NM_002198.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.04494 

MAP3K8__NM_005204.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.107366 

MSX1__NM_002448.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.03218 

NFATC1__8224569CB1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.03157 

NFKBIA__NM_020529.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.04888 

RELB__NM_006509.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.164262 

STAT5A__NM_003152.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.014006 

TLR2__NM_003264.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.015882 

TNFAIP3__NM_006290.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.05693 

TNFRSF10B__AF016266_PROBE1 MSX1__NM_002448.1_PROBE1 -0.04159 

TNFSF10__NM_003810.1_PROBE1 MSX1__NM_002448.1_PROBE1 0.087666 

TNIP1__NM_006058.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.0046 

TUBB2B__X79535_PROBE1 MSX1__NM_002448.1_PROBE1 0.080236 

VCAM1__NM_001078.1_PROBE1 MSX1__NM_002448.1_PROBE1 -0.08283 

BCL2A1__NM_004049.2_PROBE1 NFATC1__8224569CB1_PROBE1 0.071832 

BCL3__NM_005178.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.11954 

BCL6__NM_001706.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.019174 

CCL5__NM_002985.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.03668 

CFB__NM_001710.2_PROBE1 NFATC1__8224569CB1_PROBE1 -0.00732 

CFLAR__NM_003879.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.6657 

CX3CL1__NM_002996.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.016832 

CXCL10__NM_001565.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.005309 

CXCL3__NM_002090.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.020501 

DUSP1__NM_004417.2_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02526 
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ETS1__AK001630_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02192 

F3__NM_001993.2_PROBE1 NFATC1__8224569CB1_PROBE1 0.290836 

FOS__1227212CB1_PROBE1 NFATC1__8224569CB1_PROBE1 0.077228 

GATA3__NM_032742.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.73989 

HIVEP2__NM_006734.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.06192 

HIVEP2__X65644_PROBE1 NFATC1__8224569CB1_PROBE1 -0.0548 

ICAM1__NM_000201.1_PROBE1 NFATC1__8224569CB1_PROBE1 -1.20668 

ID1__1453654.5_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02633 

ID1__U57645_PROBE1 NFATC1__8224569CB1_PROBE1 0.021676 

IER3__NM_003897.1_PROBE1 NFATC1__8224569CB1_PROBE1 3.34272 

IFNGR2__NM_005534.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02547 

IKBKE__NM_014002.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02718 

IL15__2469073CB1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.00921 

IL1A__NM_000575.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.003275 

IL6__NM_000600.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.034022 

IRF1__NM_002198.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.019548 

MAP3K8__NM_005204.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.006583 

MSX1__NM_002448.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.00505 

NFKB1__NM_003998.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.53444 

NFKBIA__NM_020529.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.02534 

NFKBIE__NM_004556.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.00215 

PSMB9__NM_002800.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.15376 

RELB__NM_006509.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.172131 

TLR2__NM_003264.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.069709 

TNFAIP3__NM_006290.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.030097 

TNFSF10__NM_003810.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.049557 

TNIP1__NM_006058.1_PROBE1 NFATC1__8224569CB1_PROBE1 0.045437 

TUBB2B__X79535_PROBE1 NFATC1__8224569CB1_PROBE1 0.045403 

VCAM1__NM_001078.1_PROBE1 NFATC1__8224569CB1_PROBE1 -0.07375 

BCL2A1__NM_004049.2_PROBE1 NFKB1__NM_003998.1_PROBE1 0.053062 

CCL5__NM_002985.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.01918 

CD69__NM_001781.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.090651 

CFB__NM_001710.2_PROBE1 NFKB1__NM_003998.1_PROBE1 0.018271 

CX3CL1__NM_002996.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.14805 

CXCL10__NM_001565.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.003637 

CXCL3__NM_002090.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.094955 

DUSP1__NM_004417.2_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.0115 

ETS1__AK001630_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.00654 

F3__NM_001993.2_PROBE1 NFKB1__NM_003998.1_PROBE1 0.340646 

FOS__1227212CB1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.049249 

HIVEP2__NM_006734.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.04064 

HIVEP2__X65644_PROBE1 NFKB1__NM_003998.1_PROBE1 0.108631 

ID1__NM_002165.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.042864 

IER3__NM_003897.1_PROBE1 NFKB1__NM_003998.1_PROBE1 1.45982 

IL15__2469073CB1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.02055 

IL1A__NM_000575.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.07238 
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IRF1__NM_002198.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.016596 

IRF7__NM_004031.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.23277 

MAP3K8__NM_005204.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.05984 

MSX1__NM_002448.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.01713 

NFKB1__NM_003998.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.94171 

NFKBIA__NM_020529.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.08249 

NFKBIE__NM_004556.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.007793 

RELB__NM_006509.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.206982 

SOD2__NM_000636.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.2295 

TLR2__NM_003264.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.07177 

TNFAIP3__NM_006290.1_PROBE1 NFKB1__NM_003998.1_PROBE1 0.079812 

TNIP1__NM_006058.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.04919 

VCAM1__NM_001078.1_PROBE1 NFKB1__NM_003998.1_PROBE1 -0.11387 

DUSP1__NM_004417.2_PROBE1 NFKBIA__AA595964_PROBE1 0.220432 

HIVEP2__NM_006734.1_PROBE1 NFKBIA__AA595964_PROBE1 -2.61678 

HIVEP2__X65644_PROBE1 NFKBIA__AA595964_PROBE1 -0.61989 

TLR2__NM_003264.1_PROBE1 NFKBIA__AA595964_PROBE1 1.34039 

TUBB2B__X79535_PROBE1 NFKBIA__AA595964_PROBE1 0.378785 

F3__NM_001993.2_PROBE1 NFKBIA__NM_020529.1_PROBE1 0.831509 

HIVEP2__NM_006734.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 -2.69688 

HIVEP2__X65644_PROBE1 NFKBIA__NM_020529.1_PROBE1 -1.4211 

IL15__2469073CB1_PROBE1 NFKBIA__NM_020529.1_PROBE1 0.553809 

TLR2__NM_003264.1_PROBE1 NFKBIA__NM_020529.1_PROBE1 1.94328 

BCL6__NM_001706.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.08843 

CCL5__NM_002985.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.08548 

CX3CL1__NM_002996.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.10729 

CXCL10__NM_001565.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.040881 

CXCL3__NM_002090.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.06549 

ETS1__AK001630_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.01845 

F3__NM_001993.2_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.443656 

FOS__1227212CB1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.241946 

HIVEP2__NM_006734.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.212189 

HIVEP2__X65644_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.25691 

ID1__1453654.5_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.03741 

IER3__NM_003897.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 1.09259 

IL15__2469073CB1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.108908 

IL1A__NM_000575.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.02734 

IL6__NM_000600.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.1655 

IRF1__NM_002198.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.006053 

MAP3K8__NM_005204.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.0331 

NFKBIA__NM_020529.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.11837 

PSMB9__NM_002800.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -1.07028 

PTGS2__NM_000963.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.036467 

TLR2__NM_003264.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.04324 

TNFAIP3__NM_006290.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 0.083658 

TNFRSF10B__AF016266_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.08207 
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TNIP1__NM_006058.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.09568 

TUBB2B__X79535_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.01332 

VCAM1__NM_001078.1_PROBE1 NFKBIE__NM_004556.1_PROBE1 -0.21369 

BCL2A1__NM_004049.2_PROBE1 PLAU__NM_002658.1_PROBE1 0.026031 

BCL3__NM_005178.1_PROBE1 PLAU__NM_002658.1_PROBE1 -1.1121 

BCL6__NM_001706.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.02833 

CCL5__NM_002985.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.05276 

CD69__NM_001781.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.035628 

CFB__NM_001710.2_PROBE1 PLAU__NM_002658.1_PROBE1 0.031984 

CX3CL1__NM_002996.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.046944 

CXCL3__NM_002090.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.057128 

ETS1__AK001630_PROBE1 PLAU__NM_002658.1_PROBE1 -0.02708 

F3__NM_001993.2_PROBE1 PLAU__NM_002658.1_PROBE1 0.320531 

FOS__1227212CB1_PROBE1 PLAU__NM_002658.1_PROBE1 0.067061 

GATA3__NM_032742.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.70297 

HIVEP2__NM_006734.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.67197 

IER3__NM_003897.1_PROBE1 PLAU__NM_002658.1_PROBE1 1.76348 

IL15__2469073CB1_PROBE1 PLAU__NM_002658.1_PROBE1 0.046915 

IL1A__NM_000575.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.09092 

IL6__NM_000600.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.120476 

IRF1__NM_002198.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.011954 

MAP3K8__NM_005204.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.15212 

MSX1__NM_002448.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.01873 

NFKBIA__NM_020529.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.03429 

RELB__NM_006509.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.117709 

STAT5A__NM_003152.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.057768 

TLR2__NM_003264.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.189118 

TNFAIP3__NM_006290.1_PROBE1 PLAU__NM_002658.1_PROBE1 0.091133 

TNFRSF10B__AF016266_PROBE1 PLAU__NM_002658.1_PROBE1 -0.02806 

TUBB2B__X79535_PROBE1 PLAU__NM_002658.1_PROBE1 0.163568 

VCAM1__NM_001078.1_PROBE1 PLAU__NM_002658.1_PROBE1 -0.30069 

BCL6__NM_001706.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.05447 

F3__NM_001993.2_PROBE1 PSMB9__NM_002800.1_PROBE1 0.21147 

FOS__1227212CB1_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.1098 

HIVEP2__NM_006734.1_PROBE1 PSMB9__NM_002800.1_PROBE1 0.239373 

ID1__U57645_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.01932 

IL1A__NM_000575.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.04651 

MAP3K8__NM_005204.1_PROBE1 PSMB9__NM_002800.1_PROBE1 -0.07396 

RELB__NM_006509.1_PROBE1 PSMB9__NM_002800.1_PROBE1 0.121808 

TLR2__NM_003264.1_PROBE1 PSMB9__NM_002800.1_PROBE1 0.143288 

FOS__1227212CB1_PROBE1 PTGS2__NM_000963.1_PROBE1 0.753616 

HIVEP2__NM_006734.1_PROBE1 PTGS2__NM_000963.1_PROBE1 -1.17156 

F3__NM_001993.2_PROBE1 RELB__NM_006509.1_PROBE1 2.96579 

FOS__1227212CB1_PROBE1 RELB__NM_006509.1_PROBE1 1.59872 

HIVEP2__NM_006734.1_PROBE1 RELB__NM_006509.1_PROBE1 -1.47996 

MAP3K8__NM_005204.1_PROBE1 RELB__NM_006509.1_PROBE1 0.451069 
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TLR2__NM_003264.1_PROBE1 RELB__NM_006509.1_PROBE1 -1.14081 

VCAM1__NM_001078.1_PROBE1 RELB__NM_006509.1_PROBE1 -0.95263 

F3__NM_001993.2_PROBE1 SOD2__NM_000636.1_PROBE1 0.287145 

FOS__1227212CB1_PROBE1 SOD2__NM_000636.1_PROBE1 0.130674 

GATA3__NM_032742.1_PROBE1 SOD2__NM_000636.1_PROBE1 -0.04846 

HIVEP2__NM_006734.1_PROBE1 SOD2__NM_000636.1_PROBE1 0.372941 

TLR2__NM_003264.1_PROBE1 SOD2__NM_000636.1_PROBE1 -0.15519 

CCL5__NM_002985.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.11061 

CX3CL1__NM_002996.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.26844 

ETS1__AK001630_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.05221 

F3__NM_001993.2_PROBE1 STAT5A__NM_003152.1_PROBE1 0.634726 

FOS__1227212CB1_PROBE1 STAT5A__NM_003152.1_PROBE1 0.620833 

IL15__2469073CB1_PROBE1 STAT5A__NM_003152.1_PROBE1 0.042273 

IL6__NM_000600.1_PROBE1 STAT5A__NM_003152.1_PROBE1 0.141882 

IRF1__NM_002198.1_PROBE1 STAT5A__NM_003152.1_PROBE1 0.059441 

TLR2__NM_003264.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.34203 

TNFAIP3__NM_006290.1_PROBE1 STAT5A__NM_003152.1_PROBE1 0.158159 

TUBB2B__X79535_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.07191 

VCAM1__NM_001078.1_PROBE1 STAT5A__NM_003152.1_PROBE1 -0.30093 

BCL2A1__NM_004049.2_PROBE1 TLR2__NM_003264.1_PROBE1 0.019865 

CD69__NM_001781.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.027024 

CFB__NM_001710.2_PROBE1 TLR2__NM_003264.1_PROBE1 0.016248 

CX3CL1__NM_002996.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.008278 

CXCL3__NM_002090.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.029696 

DUSP1__NM_004417.2_PROBE1 TLR2__NM_003264.1_PROBE1 -0.00919 

ETS1__AK001630_PROBE1 TLR2__NM_003264.1_PROBE1 0.014017 

F3__NM_001993.2_PROBE1 TLR2__NM_003264.1_PROBE1 0.03454 

FOS__1227212CB1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.04647 

HIVEP2__NM_006734.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.329079 

HIVEP2__X65644_PROBE1 TLR2__NM_003264.1_PROBE1 0.07639 

ID1__U57645_PROBE1 TLR2__NM_003264.1_PROBE1 -0.00658 

IER3__NM_003897.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.60297 

IFNGR2__NM_005534.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.034753 

IL1A__NM_000575.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.04078 

IL6__NM_000600.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.02497 

IRF1__NM_002198.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.01465 

MAP3K8__NM_005204.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.03828 

MSX1__NM_002448.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.026919 

NFKB1__NM_003998.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.482582 

RELB__NM_006509.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.059109 

TLR2__NM_003264.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.01239 

TNFSF10__NM_003810.1_PROBE1 TLR2__NM_003264.1_PROBE1 -0.02398 

TNIP1__NM_006058.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.055774 

TUBB2B__X79535_PROBE1 TLR2__NM_003264.1_PROBE1 -0.03302 

VCAM1__NM_001078.1_PROBE1 TLR2__NM_003264.1_PROBE1 0.020705 

FOS__1227212CB1_PROBE1 TNFAIP3__NM_006290.1_PROBE1 4.54136 
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HIVEP2__NM_006734.1_PROBE1 TNFAIP3__NM_006290.1_PROBE1 -4.91845 

HIVEP2__X65644_PROBE1 TNFAIP3__NM_006290.1_PROBE1 -0.80939 

BCL2A1__NM_004049.2_PROBE1 TNFRSF10B__AF016266_PROBE1 0.027606 

BCL6__NM_001706.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.01313 

CCL5__NM_002985.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.008904 

CD69__NM_001781.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.034327 

CFLAR__NM_003879.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.76179 

CX3CL1__NM_002996.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.05445 

CXCL10__NM_001565.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.006899 

CXCL3__NM_002090.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.040417 

DUSP1__NM_004417.2_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.00586 

F3__NM_001993.2_PROBE1 TNFRSF10B__AF016266_PROBE1 0.121061 

FOS__1227212CB1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.02184 

HIVEP2__NM_006734.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.07951 

HIVEP2__X65644_PROBE1 TNFRSF10B__AF016266_PROBE1 0.099651 

ID1__NM_002165.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.054174 

IER3__NM_003897.1_PROBE1 TNFRSF10B__AF016266_PROBE1 1.11307 

IKBKE__NM_014002.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.04475 

IL15__2469073CB1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.02357 

IL1A__NM_000575.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.02597 

IRF1__NM_002198.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.015987 

IRF7__NM_004031.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.12915 

NFKBIA__NM_020529.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.04943 

RELB__NM_006509.1_PROBE1 TNFRSF10B__AF016266_PROBE1 0.118523 

SOD2__NM_000636.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.18423 

TLR2__NM_003264.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.03557 

TNIP1__NM_006058.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.03917 

VCAM1__NM_001078.1_PROBE1 TNFRSF10B__AF016266_PROBE1 -0.03735 

BCL2A1__NM_004049.2_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.047641 

DUSP1__NM_004417.2_PROBE1 TNFSF10__NM_003810.1_PROBE1 -0.01601 

FOS__1227212CB1_PROBE1 TNFSF10__NM_003810.1_PROBE1 -0.20646 

HIVEP2__NM_006734.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.272127 

IL1A__NM_000575.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 -0.03804 

IL6__NM_000600.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 -0.06529 

MAP3K8__NM_005204.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 -0.07081 

RELB__NM_006509.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.147853 

TLR2__NM_003264.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.270831 

VCAM1__NM_001078.1_PROBE1 TNFSF10__NM_003810.1_PROBE1 0.119314 

BCL2A1__NM_004049.2_PROBE1 TNIP1__NM_006058.1_PROBE1 0.069694 

CCL5__NM_002985.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.02765 

CD69__NM_001781.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.04188 

CXCL10__NM_001565.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.029984 

CXCL3__NM_002090.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.047605 

DUSP1__NM_004417.2_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.03075 

ETS1__AK001630_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.02374 

F3__NM_001993.2_PROBE1 TNIP1__NM_006058.1_PROBE1 0.320008 
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FOS__1227212CB1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.046322 

GATA3__NM_032742.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.85009 

HIVEP2__NM_006734.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.163428 

HIVEP2__X65644_PROBE1 TNIP1__NM_006058.1_PROBE1 0.008386 

ID1__NM_002165.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.013137 

ID1__U57645_PROBE1 TNIP1__NM_006058.1_PROBE1 0.005743 

IER3__NM_003897.1_PROBE1 TNIP1__NM_006058.1_PROBE1 1.55435 

IFNGR2__NM_005534.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.04105 

IKBKE__NM_014002.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.07847 

IL15__2469073CB1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.0099 

IL1A__NM_000575.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.00859 

IRF1__NM_002198.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.022832 

MAP3K8__NM_005204.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.044144 

MSX1__NM_002448.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.002153 

NFKBIA__NM_020529.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.02277 

PSMB9__NM_002800.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.69603 

RELB__NM_006509.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.196161 

TNFAIP3__NM_006290.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.00488 

TNFSF10__NM_003810.1_PROBE1 TNIP1__NM_006058.1_PROBE1 0.025774 

TUBB2B__X79535_PROBE1 TNIP1__NM_006058.1_PROBE1 0.019884 

VCAM1__NM_001078.1_PROBE1 TNIP1__NM_006058.1_PROBE1 -0.09687 

BCL2A1__NM_004049.2_PROBE1 TUBB2B__X79535_PROBE1 0.168179 

CCL5__NM_002985.1_PROBE1 TUBB2B__X79535_PROBE1 -0.02625 

CD69__NM_001781.1_PROBE1 TUBB2B__X79535_PROBE1 0.153773 

F3__NM_001993.2_PROBE1 TUBB2B__X79535_PROBE1 0.724553 

HIVEP2__NM_006734.1_PROBE1 TUBB2B__X79535_PROBE1 -0.7695 

HIVEP2__X65644_PROBE1 TUBB2B__X79535_PROBE1 -0.07528 

TLR2__NM_003264.1_PROBE1 TUBB2B__X79535_PROBE1 0.133599 

TUBB2B__X79535_PROBE1 TUBB2B__X79535_PROBE1 0.114869 

VCAM1__NM_001078.1_PROBE1 TUBB2B__X79535_PROBE1 -0.13989 

BCL2A1__NM_004049.2_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.56817 

BCL3__NM_005178.1_PROBE1 VCAM1__NM_001078.1_PROBE1 7.47251 

CCL5__NM_002985.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.093422 

CX3CL1__NM_002996.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -1.2154 

CXCL10__NM_001565.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.099916 

F3__NM_001993.2_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.46283 

FOS__1227212CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.77155 

HIVEP2__NM_006734.1_PROBE1 VCAM1__NM_001078.1_PROBE1 5.10337 

HIVEP2__X65644_PROBE1 VCAM1__NM_001078.1_PROBE1 0.626748 

IKBKE__NM_014002.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.5745 

IL15__2469073CB1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.280199 

IL1A__NM_000575.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.23966 

IRF1__NM_002198.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.25504 

MAP3K8__NM_005204.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.515896 

MSX1__NM_002448.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.610175 

PSMB9__NM_002800.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -5.12709 
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PTGS2__NM_000963.1_PROBE1 VCAM1__NM_001078.1_PROBE1 0.390058 

RELB__NM_006509.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.12062 

SOD2__NM_000636.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -2.61983 

STAT5A__NM_003152.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.21942 

TLR2__NM_003264.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -2.95632 

TNFAIP3__NM_006290.1_PROBE1 VCAM1__NM_001078.1_PROBE1 -0.49482 

TNFRSF10B__AF016266_PROBE1 VCAM1__NM_001078.1_PROBE1 0.545152 

TUBB2B__X79535_PROBE1 VCAM1__NM_001078.1_PROBE1 -1.33258 
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C.1 Functional Enrichment Analysis of Molecular 

Modulator Candidates 

Table C-1 Gene set functional enrichment analysis by GATHER reveals the biological annotations of 

the GO, TransFac and KEGG categories enriched in the 3449 probe sets of molecular modulator 

candidates. In each category, the functional terms are ranked by the coverage of genes enriched for 

and their related significance is shown by Bayes factor, negative log of the Fisher Exact p-value (FE: -

ln[p value])  and negative log of the Fisher exact false discovery rate (FE: -ln[FDR]). 

Gene Ontology Coverage 
ln(Bayes 

factor) 

FE:  

- ln(p value) 

FE:  

-ln(FDR) 

GO:0007582: physiological process 89.12% 16.26 22.81 18.36 

GO:0050875: cellular physiological process 82.71% 61.36 68.19 60.74 

GO:0008152: metabolism 64.91% 39.84 46.39 40.04 

GO:0044237: cellular metabolism 61.78% 40.47 47.02 40.26 

GO:0044238: primary metabolism 59.06% 35.51 42.01 35.94 

GO:0043170: macromolecule metabolism 31.77% 26.44 32.91 27.54 

GO:0044260: cellular macromolecule metabolism 30.37% 26.44 32.92 27.54 

GO:0019538: protein metabolism 28.21% 20.79 27.2 22.32 

GO:0044267: cellular protein metabolism 27.89% 19.57 25.97 21.23 

GO:0043283: biopolymer metabolism 17.73% 23.53 30.14 24.99 

GO:0008283: cell proliferation 12.73% 26.74 33.52 27.86 

GO:0009058: biosynthesis 11.60% 20.48 27.21 22.32 

GO:0044249: cellular biosynthesis 11.08% 19.35 26.07 21.26 

GO:0007049: cell cycle 9.48% 30.33 37.27 31.43 

GO:0016043: cell organization and biogenesis 9.28% 11.1 17.73 13.58 

GO:0050794: regulation of cellular process 8.72% 8.33 14.9 10.95 

GO:0006996: organelle organization and biogenesis 7.72% 9.67 16.32 12.24 

GO:0009059: macromolecule biosynthesis 7.36% 15.52 22.33 17.92 

GO:0006412: protein biosynthesis 6.68% 14.64 21.48 17.12 

GO:0016070: RNA metabolism 6.36% 23.68 30.67 25.42 

GO:0046907: intracellular transport 5.84% 6.55 13.23 9.36 

GO:0000074: regulation of cell cycle 5.48% 17.63 24.6 20.1 

GO:0006396: RNA processing 5.20% 18.43 25.43 20.82 

GO:0006082: organic acid metabolism 4.96% 6.62 13.36 9.44 

GO:0019752: carboxylic acid metabolism 4.92% 6.34 13.08 9.24 

GO:0016071: mRNA metabolism 3.64% 11.56 18.57 14.37 

GO:0006457: protein folding 3.48% 17.73 24.86 20.3 

GO:0006397: mRNA processing 3.36% 10.1 17.1 12.98 

GO:0000278: mitotic cell cycle 3.32% 20.03 27.21 22.32 

GO:0008380: RNA splicing 3.28% 18.32 25.49 20.82 

GO:0000375: RNA splicing, via transesterification 

reactions 
2.68% 11.54 18.67 14.44 
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GO:0000377: RNA splicing, via transesterification 

reactions with bulged adenosine as nucleophile 
2.68% 11.54 18.67 14.44 

GO:0000398: nuclear mRNA splicing, via spliceosome 2.68% 11.54 18.67 14.44 

GO:0000279: M phase 2.48% 6.21 13.22 9.36 

GO:0000087: M phase of mitotic cell cycle 2.12% 8.95 16.09 12.05 

GO:0007067: mitosis 2.08% 8.53 15.68 11.66 

GO:0006986: response to unfolded protein 1.04% 7.93 15.29 11.31 

TransFac Coverage 
ln(Bayes 

factor) 

FE:  

- ln(p value) 

FE:  

-ln(FDR) 

V$E2F_Q6: E2F 89.96% 54.56 61.7 57.21 

V$ELK1_02: Elk-1 89.11% 39.37 46.39 42.46 

V$MAZ_Q6 85.05% 14.88 21.49 18.87 

V$E2F1_Q6: E2F-1 78.65% 75.93 82.99 77.11 

V$VMYB_01: v-Myb 78.59% 14.05 20.54 18.03 

V$PAX3_B: Pax-3 binding sites 76.49% 25.37 32.03 28.79 

V$CETS1P54_01: c-Ets-1(p54) 76.10% 17.75 24.27 21.53 

V$MINI20_B: Muscle initiator sequence-20 75.37% 9.48 15.81 13.57 

V$USF_Q6: upstream stimulating factor 74.98% 12.29 18.69 16.31 

V$KROX_Q6 64.00% 52.15 58.98 54.71 

V$E2F1_Q6_01 59.11% 50.37 57.16 53.08 

V$E2F_Q3_01 58.39% 70.38 77.3 72.52 

V$E2F1_Q3_01 56.72% 71.89 78.81 73.63 

V$MYCMAX_B: c-Myc:Max binding sites 55.11% 22.02 28.51 25.46 

V$MAZR_01: MAZ related factor 52.99% 16.54 22.93 20.23 

V$E2F_Q4: E2F 52.68% 29.22 35.81 32.42 

V$E2F1DP1_01: E2F-1:DP-1 heterodimer 48.38% 37.05 43.73 40.15 

V$E2F1_Q4: E2F-1 46.77% 39.39 46.1 42.3 

V$CREB_Q2_01 43.19% 22.22 28.73 25.56 

V$CREBATF_Q6 41.58% 21.99 28.5 25.46 

V$CREB_Q4_01 40.89% 19.4 25.87 22.99 

V$WHN_B: winged-helix factor nude 37.73% 13.29 19.65 17.21 

V$ATF4_Q2: activating transcription factor 4 36.58% 8.01 14.22 12.11 

V$E2F1_Q4_01 36.06% 30.88 37.55 34.07 

V$DEAF1_01 34.91% 19.95 26.46 23.47 

V$E2F_Q4_01 33.09% 26.49 33.12 29.81 

V$ELK1_01: Elk-1 30.42% 13.07 19.47 17.07 

V$NMYC_01: N-Myc 28.60% 8.31 14.59 12.45 

V$NRF2_01: nuclear respiratory factor 2 27.63% 38.3 45.12 41.44 

V$NFY_01: nuclear factor Y (Y-box binding factor) 25.45% 9.03 15.38 13.19 

V$E2F_Q6_01 20.35% 14 20.56 18.03 

V$E2F4DP2_01: E2F-4:DP-2 heterodimer 20.08% 9.23 15.67 13.46 

V$E2F_03 18.35% 14.6 21.21 18.63 

V$GABP_B: GA binding protein 15.20% 19.16 25.94 23.01 
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V$SREBP1_01: sterol regulatory element-binding 

protein 1 
14.80% 11.29 17.9 15.58 

V$CREB_01: cAMP-responsive element binding 

protein 
13.98% 11.1 17.72 15.43 

V$YY1_02: Yin and Yang 1 13.86% 13.21 19.89 17.42 

V$E2F1DP2_01: E2F-1:DP-2 heterodimer 13.47% 11.38 18.02 15.67 

V$E2F1DP1RB_01: Rb:E2F-1:DP-1 trimeric complex 9.92% 8.17 14.84 12.68 

V$NRF1_Q6 8.89% 17.68 24.64 21.86 

V$NFMUE1_Q6 6.52% 10.66 17.6 15.33 

V$ARNT_02: AhR nuclear translocator homodimers 6.40% 14.99 22.02 19.36 

V$STRA13_01 6.13% 18.43 25.54 22.71 

KEGG Coverage  
ln(Bayes 

factor) 

FE:  

-ln(p value) 

FE:  

-ln(FDR) 

path:hsa00190: Oxidative phosphorylation 6.94% 5.07 10.87 6.05 

path:hsa04110: Cell cycle 5.24% 2.72 8.52 4.8 

path:hsa00240: Pyrimidine metabolism 5.10% 4.04 9.9 5.78 
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C.2 Targets of TFs listed in TFactS 

Table C-2 30 probe sets mapped to ESR1 downstream targets listed in TFactS  

Probe ID OGS 

203382_s_at APOE 

217767_at C3 

202715_at CAD 

208712_at CCND1 

202284_s_at CDKN1A 

204637_at CGA 

202950_at CRYZ 

209687_at CXCL12 

202435_s_at CYP1B1 

2028_s_at E2F1 

204947_at E2F1 

210984_x_at EGFR 

209189_at FOS 

203725_at GADD45A 

209304_x_at GADD45B 

201841_s_at HSPB1 

201466_s_at JUN 

201473_at JUNB 

201650_at KRT19 

202018_s_at LTF 

202431_s_at MYC 

59625_at NOL3 

209034_at PNRC1 

211921_x_at PTMA 

209723_at SERPINB9 

202628_s_at SERPINE1 

203010_at STAT5A 

219992_at TAC3 

205009_at TFF1 

200683_s_at UBE2L3 
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Table C-3 85 probe sets mapped to E2F1 downstream targets listed in TFactS 

Probe ID OGS Probe ID OGS Probe ID OGS 

211110_s_at AR 201041_s_at DUSP1 208676_s_at PA2G4 

218115_at ASF1B 209033_s_at DYRK1A 201202_at PCNA 

213026_at ATG12 203957_at E2F6 207414_s_at PCSK6 

213115_at ATG4A 219787_s_at ECT2 204835_at POLA1 

212280_x_at ATG4B 201693_s_at EGR1 205909_at POLE2 

202492_at ATG9A 31845_at ELF4 208828_at POLE3 

212672_at ATM 210973_s_at FGFR1 216347_s_at PPP1R13B 

201883_s_at B4GALT1 222033_s_at FLT1 211600_at PTPRO 

211692_s_at BBC3 202723_s_at FOXO1 203554_x_at PTTG1 

210201_x_at BIN1 203853_s_at GAB2 222077_s_at RACGAP1 

202265_at BMI1 208869_s_at GABARAPL1 203132_at RB1 

201849_at BNIP3 209046_s_at GABARAPL2 202034_x_at RB1CC1 

200655_s_at CALM1 218350_s_at GMNN 212846_at RRP1B 

213226_at CCNA2 211936_at HSPA5 202628_s_at SERPINE1 

208712_at CCND1 202621_at IRF3 221834_at SIAH1 

201700_at CCND3 222240_s_at ISYNA1 203625_x_at SKP2 

213523_at CCNE1 201466_s_at JUN 213168_at SP3 

218399_s_at CDCA4 209408_at KIF2C 201109_s_at THBS1 

202284_s_at CDKN1A 208786_s_at MAP1LC3B 202338_at TK1 

213348_at CDKN1C 203837_at MAP3K5 208900_s_at TOP1 

209644_x_at CDKN2A 212271_at MAPK1 202633_at TOPBP1 

204159_at CDKN2C 216237_s_at MCM5 201746_at TP53 

201160_s_at CSDA 201930_at MCM6 203120_at TP53BP2 

203081_at CTNNBIP1 210983_s_at MCM7 209333_at ULK1 

204244_s_at DBF4 204745_x_at MT1G 203655_at XRCC1 

48808_at DHFR 204798_at MYB 201901_s_at YY1 

219350_s_at DIABLO 202431_s_at MYC 212764_at ZEB1 

201697_s_at DNMT1 207700_s_at NCOA3     

218585_s_at DTL 209798_at NPAT     
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Table C-4 388 probe sets mapped to MYC downstream targets listed in TFactS 

Probe ID OGS Probe ID OGS Probe ID OGS 

202502_at ACADM 202910_s_at CD97 205321_at EIF2S3 

200793_s_at ACO2 209659_s_at CDC16 203462_x_at EIF3B 

209600_s_at ACOX1 202246_s_at CDK4 210949_s_at EIF3C 

204638_at ACP5 202284_s_at CDKN1A 208756_at EIF3I 

201550_x_at ACTG1 209644_x_at CDKN2A 210501_x_at EIF3K 

200996_at ACTR3 201884_at CEACAM5 211938_at EIF4B 

200849_s_at AHCYL1 204039_at CEBPA 201437_s_at EIF4E 

205512_s_at AIFM1 203341_at CEBPZ 209393_s_at EIF4E2 

202139_at AKR7A2 203166_at CFDP1 206621_s_at EIF4H 

201612_at ALDH9A1 204170_s_at CKS2 208708_x_at EIF5 

204976_s_at AMMECR1 203950_s_at CLCN6 217294_s_at ENO1 

209837_at AP4M1 204370_at CLP1 201313_at ENO2 

215148_s_at APBA3 218111_s_at CMAS 200842_s_at EPRS 

210027_s_at APEX1 209796_s_at CNPY2 201574_at ETF1 

208750_s_at ARF1 201913_s_at COASY 201931_at ETFA 

201096_s_at ARF4 211980_at COL4A1 201328_at ETS2 

211975_at ARFGAP2 211964_at COL4A2 215136_s_at EXOSC8 

202109_at ARFIP2 202467_s_at COPS2 216080_s_at FADS3 

201659_s_at ARL1 218643_s_at CRIPT 202862_at FAH 

200760_s_at ARL6IP5 201160_s_at CSDA 212218_s_at FASN 

200779_at ATF4 202646_s_at CSDE1 203116_s_at FECH 

211692_s_at BBC3 201201_at CSTB 203391_at FKBP2 

202331_at BCKDHA 201487_at CTSC 200894_s_at FKBP4 

203685_at BCL2 211919_s_at CXCR4 212464_s_at FN1 

204908_s_at BCL3 48580_at CXXC1 202580_x_at FOXM1 

208910_s_at C1QBP 203028_s_at CYBA 202945_at FPGS 

202715_at CAD 208822_s_at DAP3 200645_at GABARAP 

214315_x_at CALR 201763_s_at DAXX 203725_at GADD45A 

208374_s_at CAPZA1 211070_x_at DBI 213453_x_at GAPDH 

222201_s_at CASP8AP2 203302_at DCK 206102_at GINS1 

201091_s_at CBX3 204246_s_at DCTN3 217850_at GNL3 

212126_at CBX5 208619_at DDB1 212335_at GNS 

209698_at CCHCR1 201241_at DDX1 201470_at GSTO1 

213226_at CCNA2 205763_s_at DDX18 221540_x_at GTF2H2 

214710_s_at CCNB1 200033_at DDX5 200853_at H2AFZ 

200953_s_at CCND2 203277_at DFFA 201007_at HADHB 

213523_at CCNE1 201478_s_at DKC1 201145_at HAX1 

200910_at CCT3 205677_s_at DLEU1 209102_s_at HBP1 

208696_at CCT5 200666_s_at DNAJB1 219863_at HERC5 

200812_at CCT7 201041_s_at DUSP1 217168_s_at HERPUD1 

200873_s_at CCT8 2028_s_at E2F1 203394_s_at HES1 

208654_s_at CD164 204947_at E2F1 200989_at HIF1A 

203593_at CD2AP 216396_s_at EI24 208826_x_at HINT1 
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202708_s_at HIST2H2BE 216952_s_at LMNB2 202900_s_at NUP88 

201137_s_at HLA-DPB1 203534_at LSM1 202397_at NUTF2 

221875_x_at HLA-F 203523_at LSP1 200790_at ODC1 

203040_s_at HMBS 208771_s_at LTA4H 201014_s_at PAICS 

208668_x_at HMGN2 210092_at MAGOH 208644_at PARP1 

214280_x_at HNRNPA1 205105_at MAN2A1 204752_x_at PARP2 

205292_s_at HNRNPA2B1 203837_at MAP3K5 219148_at PBK 

200073_s_at HNRNPD 203552_at MAP4K5 203378_at PCF11 

201993_x_at HNRPDL 200712_s_at MAPRE1 208857_s_at PCMT1 

214359_s_at HSP90AB1 202501_at MAPRE2 201202_at PCNA 

200598_s_at HSP90B1 201475_x_at MARS 204209_at PCYT1A 

200800_s_at HSPA1A 203353_s_at MBD1 210907_s_at PDCD10 

211015_s_at HSPA4 214047_s_at MBD4 206792_x_at PDE4C 

208687_x_at HSPA8 201152_s_at MBNL1 204091_at PDE6D 

200691_s_at HSPA9 209623_at MCCC2 200980_s_at PDHA1 

200806_s_at HSPD1 201555_at MCM3 202590_s_at PDK2 

205133_s_at HSPE1 209861_s_at METAP2 36829_at PER1 

208744_x_at HSPH1 204027_s_at METTL1 203970_s_at PEX3 

201234_at ILK 213188_s_at MINA 210976_s_at PFKM 

208415_x_at ING1 204206_at MNT 200658_s_at PHB 

213792_s_at INSR 203740_at MPHOSPH6 217862_at PIAS1 

222250_s_at INTS7 218049_s_at MRPL13 212629_s_at PKN2 

203275_at IRF2 203152_at MRPL40 204286_s_at PMAIP1 

202621_at IRF3 209421_at MSH2 203515_s_at PMVK 

204698_at ISG20 200600_at MSN 211697_x_at PNO1 

201656_at ITGA6 216320_x_at MST1 203616_at POLB 

211945_s_at ITGB1 202309_at MTHFD1 201115_at POLD2 

205176_s_at ITGB3BP 207847_s_at MUC1 202996_at POLD4 

203298_s_at JARID2 201710_at MYBL2 217806_s_at POLDIP2 

201466_s_at JUN 200735_x_at NACA 208828_at POLE3 

201473_at JUNB 205090_s_at NAGPA 205811_at POLG2 

211028_s_at KHK 204528_s_at NAP1L1 209317_at POLR1C 

209792_s_at KLK10 201521_s_at NCBP2 209511_at POLR2F 

221503_s_at KPNA3 200610_s_at NCL 209433_s_at PPAT 

210644_s_at LAIR1 202298_at NDUFA1 201293_x_at PPIA 

216264_s_at LAMB2 202007_at NID1 204186_s_at PPID 

201552_at LAMP1 202891_at NIT1 201489_at PPIF 

202020_s_at LANCL1 201577_at NME1 201409_s_at PPP1CB 

201795_at LBR 201268_at NME2 208652_at PPP2CA 

200650_s_at LDHA 59625_at NOL3 202883_s_at PPP2R1B 

213564_x_at LDHB 221691_x_at NPM1 216105_x_at PPP2R4 

201105_at LGALS1 206550_s_at NUP155 209490_s_at PPT2 

212086_x_at LMNA 202153_s_at NUP62 201619_at PRDX3 

204117_at PREP 200781_s_at RPS15A 207332_s_at TFRC 

214080_x_at PRKCSH 201258_at RPS16 203085_s_at TGFB1 

202529_at PRPSAP1 202649_x_at RPS19 209747_at TGFB3 
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212296_at PSMD14 200949_x_at RPS20 201109_s_at THBS1 

201388_at PSMD3 214097_at RPS21 200929_at TMED10 

203447_at PSMD5 200091_s_at RPS25 204340_at TMEM187 

201705_at PSMD7 200017_at RPS27A 204808_s_at TMEM5 

200820_at PSMD8 201094_at RPS29 214948_s_at TMF1 

200987_x_at PSME3 209134_s_at RPS6 203432_at TMPO 

203405_at PSMG1 212912_at RPS6KA2 201207_at TNFAIP1 

201433_s_at PTDSS1 201459_at RUVBL2 200662_s_at TOMM20 

200627_at PTGES3 209148_at RXRB 201746_at TP53 

212032_s_at PTOV1 208740_at SAP18 210987_x_at TPM1 

200730_s_at PTP4A1 201819_at SCARB1 203375_s_at TPP2 

202716_at PTPN1 210293_s_at SEC23B 201730_s_at TPR 

206687_s_at PTPN6 212190_at SERPINE2 216520_s_at TPT1 

201608_s_at PWP1 217226_s_at SFXN3 201391_at TRAP1 

209123_at QDPR 209610_s_at SLC1A4 204033_at TRIP13 

200864_s_at RAB11A 209003_at SLC25A11 202096_s_at TSPO 

202372_at RAB3GAP2 200030_s_at SLC25A3 201714_at TUBG1 

203749_s_at RARA 203971_at SLC31A1 221253_s_at TXNDC5 

217301_x_at RBBP4 202089_s_at SLC39A6 202589_at TYMS 

207941_s_at RBM39 202667_s_at SLC39A7 202954_at UBE2C 

217857_s_at RBM8A 209267_s_at SLC39A8 215983_s_at UBXN8 

206499_s_at RCC1 218284_at SMAD3 202330_s_at UNG 

1053_at RFC2 201589_at SMC1A 208970_s_at UROD 

202388_at RGS2 210465_s_at SNAPC3 201831_s_at USO1 

203175_at RHOG 201770_at SNRPA 208723_at USP11 

217379_at RPL10 213175_s_at SNRPB 211800_s_at USP4 

208929_x_at RPL13 202505_at SNRPB2 204190_at USPL1 

221476_s_at RPL15 202567_at SNRPD3 218495_at UXT 

200022_at RPL18 200642_at SOD1 208780_x_at VAPA 

200029_at RPL19 213168_at SP3 202205_at VASP 

220960_x_at RPL22 203145_at SPAG5 208649_s_at VCP 

200888_s_at RPL23 209748_at SPAST 211662_s_at VDAC2 

213642_at RPL27 204675_at SRD5A1 210317_s_at YWHAE 

211073_x_at RPL3 208921_s_at SRI 201020_at YWHAH 

221593_s_at RPL31 201516_at SRM 211962_s_at ZFP36L1 

200674_s_at RPL32 201331_s_at STAT6 201369_s_at ZFP36L2 

200092_s_at RPL37 200783_s_at STMN1 209428_s_at ZFPL1 

200034_s_at RPL6 201061_s_at STOM 202939_at ZMPSTE24 

200936_at RPL8 208986_at TCF12 200054_at ZNF259 

200819_s_at RPS15 204158_s_at TCIRG1 209944_at ZNF410 

        215012_at ZNF451 
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Table C-5 38 probe sets mapped to STAT1 downstream targets listed in TFactS 

Probe ID OGS 

201786_s_at ADAR 

203140_at BCL6 

216598_s_at CCL2 

204655_at CCL5 

210895_s_at CD86 

202284_s_at CDKN1A 

202357_s_at CFB 

209716_at CSF1 

204533_at CXCL10 

210984_x_at EGFR 

204211_x_at EIF2AK2 

216950_s_at FCGR1A 

209189_at FOS 

202269_x_at GBP1 

217456_x_at HLA-E 

202637_s_at ICAM1 

204415_at IFI6 

203153_at IFIT1 

214022_s_at IFITM1 

212196_at IL6ST 

202859_x_at IL8 

202531_at IRF1 

205483_s_at ISG15 

204698_at ISG20 

209017_s_at LONP1 

211599_x_at MET 

207847_s_at MUC1 

202180_s_at MVP 

202086_at MX1 

209124_at MYD88 

205552_s_at OAS1 

214617_at PRF1 

202683_s_at RNMT 

202376_at SERPINA3 

201666_at TIMP1 

201746_at TP53 

200628_s_at WARS 

218149_s_at ZNF395 
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C.3 Gene members of MetaModulators 

Table C-6 174 members of 18 MetaModulators inferred by pwMIKANA for ESR1-MetaTarget 

MetaModulator probe set OGS 
Cox PH p-

value 

Modulatory 

Effect 

124 202145_at LY6E 0.014495 1 

124 218400_at OAS3 0.044569 1 

124 221432_s_at SLC25A28 0.010315 -1 

125 200648_s_at GLUL 0.038067 -1 

125 213224_s_at LOC92482 0.025409 -1 

125 204798_at MYB 0.00059013 -1 

125 202731_at PDCD4 0.01368 -1 

125 216988_s_at PTP4A2 0.088333 -1 

125 218035_s_at RBM47 0.088982 -1 

125 220038_at SGK3 0.047135 -1 

125 212956_at TBC1D9 0.030248 -1 

125 210652_s_at TTC39A 0.029495 1 

125 218807_at VAV3 0.0079105 -1 

144 218782_s_at ATAD2 1.95E-05 1 

144 221504_s_at ATP6V1H 0.085053 -1 

144 201772_at AZIN1 0.00025592 -1 

144 201652_at COPS5 0.051092 -1 

144 219000_s_at DSCC1 1.83E-08 1 

144 221586_s_at E2F5 0.046034 1 

144 218482_at ENY2 0.00021463 -1 

144 218549_s_at FAM82B 3.89E-07 -1 

144 203987_at FZD6 0.040101 -1 

144 203560_at GGH 0.0095531 1 

144 203790_s_at HRSP12 0.086293 -1 

144 208029_s_at LAPTM4B 0.0097168 1 

144 222036_s_at MCM4 0.00026589 1 

144 218049_s_at MRPL13 2.34E-05 1 

144 218027_at MRPL15 0.00055669 -1 

144 219819_s_at MRPS28 0.017337 -1 

144 212250_at MTDH 0.0033375 -1 

144 219363_s_at MTERFD1 0.0079048 1 

144 203208_s_at MTFR1 0.0028134 -1 

144 200607_s_at RAD21 0.014359 1 

144 219121_s_at RBM35A 4.79E-05 1 

144 209567_at RRS1 0.001858 -1 

144 221020_s_at SLC25A32 0.003872 -1 

144 209218_at SQLE 2.26E-08 -1 

144 204226_at STAU2 0.0082705 -1 

144 209523_at TAF2 0.0006812 -1 

144 202824_s_at TCEB1 3.34E-05 -1 
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144 219449_s_at TMEM70 0.0079889 -1 

144 203584_at TTC35 0.0027823 -1 

144 209096_at UBE2V2 8.79E-05 -1 

144 200638_s_at YWHAZ 0.00018605 -1 

144 218059_at ZNF706 0.013303 -1 

146 208899_x_at ATP6V1D 0.071476 -1 

146 212335_at GNS 0.015599 -1 

146 214359_s_at HSP90AB1 5.21E-07 -1 

146 200691_s_at HSPA9 0.014642 -1 

146 213887_s_at POLR2E 0.012056 -1 

146 209149_s_at TM9SF1 0.048773 -1 

146 212038_s_at VDAC1 2.01E-05 -1 

15 202912_at ADM 5.20E-05 1 

15 212501_at CEBPB 0.056464 1 

15 218473_s_at GLT25D1 0.033923 1 

15 215489_x_at HOMER3 0.0012667 1 

15 202859_x_at IL8 0.00072033 1 

15 201037_at PFKP 0.00052702 1 

15 218815_s_at TMEM51 0.032679 1 

15 218856_at TNFRSF21 0.0022538 1 

161 221927_s_at ABHD11 0.00037013 -1 

161 212312_at BCL2L1 0.0015279 -1 

161 203953_s_at CLDN3 0.0032798 -1 

161 208978_at CRIP2 0.096577 -1 

161 201596_x_at KRT18 0.007095 -1 

161 218262_at RMND5B 0.029753 -1 

161 210056_at RND1 0.0011014 1 

163 220588_at BCAS4 0.073761 -1 

163 202282_at HSD17B10 0.0022175 -1 

163 219061_s_at LAGE3 0.0024878 1 

163 201805_at PRKAG1 0.081411 -1 

163 221827_at RBCK1 0.094841 -1 

163 203342_at TIMM17B 0.00039754 -1 

163 201764_at TMEM106C 0.018888 -1 

163 218145_at TRIB3 6.66E-05 1 

163 212656_at TSFM 0.026023 -1 

30 209459_s_at ABAT 2.74E-05 -1 

30 204497_at ADCY9 0.0067165 -1 

30 214919_s_at ANKHD1 0.00018928 -1 

30 218471_s_at BBS1 0.011694 -1 

30 201170_s_at BHLHB2 0.037502 -1 

30 203571_s_at C10orf116 0.0026558 -1 

30 41660_at CELSR1 0.034031 -1 

30 218976_at DNAJC12 0.013294 -1 

30 214053_at ERBB4 8.54E-05 -1 

30 217838_s_at EVL 3.19E-05 1 
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30 221519_at FBXW4 7.43E-07 -1 

30 208614_s_at FLNB 0.0013763 -1 

30 200947_s_at GLUD1 0.030624 1 

30 218692_at GOLSYN 0.041343 -1 

30 209341_s_at IKBKB 0.00018234 -1 

30 212196_at IL6ST 5.41E-05 -1 

30 212492_s_at JMJD2B 0.0055659 1 

30 203143_s_at KIAA0040 4.70E-05 -1 

30 213234_at KIAA1467 0.055487 -1 

30 211596_s_at LRIG1 6.48E-08 -1 

30 203928_x_at MAPT 0.014867 -1 

30 209623_at MCCC2 0.086761 -1 

30 214077_x_at MEIS3P1 0.00052842 -1 

30 218966_at MYO5C 0.063624 -1 

30 217800_s_at NDFIP1 0.0053312 -1 

30 212660_at PHF15 3.66E-06 -1 

30 209123_at QDPR 0.014661 -1 

30 219440_at RAI2 1.73E-06 -1 

30 212099_at RHOB 0.074178 1 

30 219197_s_at SCUBE2 0.00051828 -1 

30 205074_at SLC22A5 0.032347 -1 

30 203513_at SPG11 0.07301 -1 

30 202308_at SREBF1 0.026188 -1 

30 213103_at STARD13 2.66E-09 -1 

30 203438_at STC2 3.80E-05 -1 

30 218065_s_at TMEM9B 0.025359 -1 

30 221012_s_at TRIM8 0.00026026 -1 

4 204394_at SLC43A1 0.0063918 -1 

4 205883_at ZBTB16 0.080945 -1 

62 200644_at MARCKSL1 0.099863 1 

62 91816_f_at MEX3D 0.0020035 1 

62 201416_at SOX4 0.010795 1 

65 202605_at GUSB 0.093003 -1 

65 204607_at HMGCS2 0.026557 -1 

65 203474_at IQGAP2 0.0058081 -1 

73 45714_at HCFC1R1 0.044267 1 

73 203859_s_at PALM 0.027905 -1 

73 213464_at SHC2 0.015958 -1 

73 213527_s_at ZNF688 0.03394 -1 

77 221825_at ANGEL2 0.00040703 -1 

77 213528_at C1orf156 0.032143 1 

77 203073_at COG2 0.020261 -1 

77 218253_s_at LGTN 0.000285 -1 

77 218407_x_at NENF 0.005671 -1 

77 202658_at PEX11B 0.088725 -1 

77 201707_at PEX19 0.045756 -1 
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77 202187_s_at PPP2R5A 4.60E-05 -1 

77 218344_s_at RCOR3 0.018371 1 

77 205607_s_at SCYL3 0.0094135 1 

77 208716_s_at TMCO1 0.099403 -1 

77 212408_at TOR1AIP1 1.14E-06 1 

77 213480_at VAMP4 0.0094771 -1 

77 202250_s_at WDR42A 0.0046418 -1 

86 201176_s_at ARCN1 0.0035773 1 

86 204977_at DDX10 0.092321 -1 

86 221277_s_at PUS3 0.0081169 1 

86 218379_at RBM7 0.027489 1 

86 218194_at REXO2 0.014754 1 

86 200054_at ZNF259 0.028018 1 

87 204488_at DOLK 0.040461 -1 

87 209391_at DPM2 5.28E-06 -1 

87 209059_s_at EDF1 0.026138 -1 

87 218189_s_at NANS 0.05316 -1 

88 217645_at COX16 0.031492 -1 

88 221959_at FAM110B 0.021388 -1 

88 201056_at GOLGB1 0.039739 -1 

88 209740_s_at PNPLA4 0.014257 -1 

88 201067_at PSMC2 0.068383 -1 

88 221476_s_at RPL15 0.013164 -1 

88 208804_s_at SFRS6 0.091928 -1 

88 219682_s_at TBX3 0.081765 -1 

88 218502_s_at TRPS1 0.064805 -1 

89 213485_s_at ABCC10 0.0025215 1 

89 221050_s_at GTPBP2 0.00045968 1 

89 222040_at LOC728844 0.094146 1 

89 218757_s_at UPF3B 0.017969 1 

91 201924_at AFF1 5.92E-07 1 

91 201236_s_at BTG2 7.04E-07 -1 

91 201041_s_at DUSP1 0.0058066 -1 

91 206115_at EGR3 0.00085329 -1 

91 202181_at KIAA0247 0.0058178 1 

91 219371_s_at KLF2 0.0088954 -1 

91 221841_s_at KLF4 0.00053853 1 

91 217892_s_at LIMA1 0.021814 1 

91 202449_s_at RXRA 0.035549 1 

91 56256_at SIDT2 0.037369 -1 

91 209390_at TSC1 0.048684 1 

91 213073_at ZFYVE26 0.0049788 -1 
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Table C-7 118 gene members of 12 MetaModulators identified by pwMIKANA for E2F1-MetaTarget 

MetaModulator probe set OGS 
Cox PH 

p-value 

Modulatory 

Effect 

120 207655_s_at BLNK 0.029511 -1 

120 221081_s_at DENND2D 0.0568 -1 

120 209130_at SNAP23 0.006345 1 

120 202863_at SP100 0.033365 -1 

120 221044_s_at TRIM34 0.048746 -1 

125 208899_x_at ATP6V1D 0.071476 1 

125 200056_s_at C1D 0.04662 1 

125 218042_at COPS4 0.038269 -1 

125 208708_x_at EIF5 0.011813 1 

125 218343_s_at GTF3C3 0.002019 1 

125 209861_s_at METAP2 0.086399 1 

125 202918_s_at MOBKL3 0.030243 1 

125 203517_at MTX2 0.023444 -1 

125 222035_s_at PAPOLA 0.036436 1 

125 212440_at RY1 0.00169 -1 

125 202614_at SLC30A9 0.01995 -1 

125 208800_at SRP72 0.013954 -1 

125 218465_at TMEM33 1.08E-05 -1 

125 202347_s_at UBE2K 0.025443 1 

145 201489_at PPIF 0.099547 -1 

145 212686_at PPM1H 0.051384 1 

157 202144_s_at ADSL 0.00021 1 

157 215684_s_at ASCC2 0.091256 1 

157 202929_s_at DDT 0.007721 -1 

157 202810_at DRG1 0.036783 1 

157 205164_at GCAT 0.013016 1 

157 202001_s_at NDUFA6 0.000273 -1 

157 201077_s_at NHP2L1 0.021404 1 

157 202212_at PES1 0.000926 -1 

157 209511_at POLR2F 0.011739 1 

157 218117_at RBX1 0.002735 1 

157 214779_s_at SGSM3 0.07416 1 

157 202567_at SNRPD3 0.000982 1 

157 209418_s_at THOC5 0.000595 -1 

177 208107_s_at LOC81691 0.062936 -1 

177 205956_x_at PSMC3IP 0.004209 1 

177 218653_at SLC25A15 0.08193 1 

182 213399_x_at RPN2 0.006088 -1 

182 208948_s_at STAU1 0.003505 1 

182 201002_s_at 
TMEM189-

UBE2V1 
0.001039 1 

182 209048_s_at ZMYND8 0.009164 1 

185 200010_at RPL11 0.020927 1 
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185 200926_at RPS23 0.000497 -1 

185 200061_s_at RPS24 0.003838 1 

185 209134_s_at RPS6 0.000189 1 

189 210246_s_at ABCC8 0.008712 1 

189 205730_s_at ABLIM3 0.019925 -1 

189 218471_s_at BBS1 0.011694 -1 

189 203571_s_at C10orf116 0.002656 -1 

189 218976_at DNAJC12 0.013294 -1 

189 214053_at ERBB4 8.54E-05 1 

189 218588_s_at FAM114A2 0.040201 -1 

189 200947_s_at GLUD1 0.030624 -1 

189 218692_at GOLSYN 0.041343 -1 

189 211323_s_at ITPR1 0.04213 1 

189 213832_at KCND3 0.000301 1 

189 205710_at LRP2 5.89E-06 -1 

189 205794_s_at NOVA1 0.060604 -1 

189 209123_at QDPR 0.014661 -1 

189 204364_s_at REEP1 0.032444 1 

189 219686_at STK32B 0.085366 -1 

189 212956_at TBC1D9 0.030248 -1 

189 213285_at TMEM30B 0.022927 1 

205 201678_s_at C3orf37 1.07E-05 1 

205 203880_at COX17 0.000129 -1 

205 214431_at GMPS 0.00019 -1 

205 205930_at GTF2E1 6.26E-06 1 

205 202055_at KPNA1 4.41E-05 -1 

205 208787_at MRPL3 0.001539 1 

205 219220_x_at MRPS22 0.048851 1 

205 218226_s_at NDUFB4 0.021632 -1 

205 211960_s_at RAB7A 0.000142 -1 

205 204023_at RFC4 9.10E-06 1 

205 218286_s_at RNF7 0.024458 1 

205 210115_at RPL39L 0.065378 -1 

205 201614_s_at RUVBL1 1.28E-06 1 

205 203588_s_at TFDP2 0.093359 -1 

205 202706_s_at UMPS 0.001527 -1 

206 201289_at CYR61 0.020877 -1 

206 209189_at FOS 0.001062 -1 

206 202768_at FOSB 0.003032 -1 

206 202081_at IER2 0.000437 -1 

206 219371_s_at KLF2 0.008895 -1 

206 221841_s_at KLF4 0.000539 1 

206 203329_at PTPRM 0.000359 -1 

206 203887_s_at THBD 0.000564 -1 

206 201531_at ZFP36 0.000177 -1 

232 208002_s_at ACOT7 1.04E-07 1 
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232 208079_s_at AURKA 4.07E-07 1 

232 203119_at CCDC86 0.000324 1 

232 202870_s_at CDC20 2.14E-06 1 

232 221520_s_at CDCA8 2.48E-05 -1 

232 204962_s_at CENPA 4.17E-07 -1 

232 218542_at CEP55 1.09E-06 -1 

232 212832_s_at CKAP5 0.001984 1 

232 209916_at DHTKD1 0.000986 -1 

232 212527_at FAM152B 0.019385 1 

232 202580_x_at FOXM1 4.43E-05 -1 

232 221521_s_at GINS2 5.15E-10 -1 

232 205436_s_at H2AFX 0.000321 1 

232 218355_at KIF4A 1.12E-09 -1 

232 203276_at LMNB1 3.15E-05 -1 

232 219491_at LRFN4 0.039139 -1 

232 204825_at MELK 1.22E-10 1 

232 212680_x_at PPP1R14B 0.000369 -1 

232 213801_x_at RPSA 0.013608 1 

232 33307_at RRP7A 3.51E-05 1 

232 205449_at SAC3D1 0.009226 1 

232 218308_at TACC3 2.61E-07 1 

232 220789_s_at TBRG4 0.0006 -1 

232 221807_s_at TRABD 0.04027 -1 

232 204649_at TROAP 4.80E-07 -1 

232 218647_s_at YRDC 0.001953 -1 

65 202366_at ACADS 0.057019 1 

65 203592_s_at FSTL3 0.065187 -1 

65 221435_x_at HYI 3.21E-06 1 

65 203859_s_at PALM 0.027905 -1 

65 213464_at SHC2 0.015958 -1 
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Table C-8 225 gene members of 12 MetaModulators inferred by pwMIKANA of MYC-MetaTarget 

MetaModulator probe set OGS 
Cox PH 

p-value 

Modulatory 

Effect 

116 218179_s_at C4orf41 0.067712 1 

169 209459_s_at ABAT 2.74E-05 -1 

169 204497_at ADCY9 0.006717 -1 

169 218471_s_at BBS1 0.011694 -1 

169 40093_at BCAM 0.003191 -1 

169 201170_s_at BHLHB2 0.037502 -1 

169 203571_s_at C10orf116 0.002656 -1 

169 41660_at CELSR1 0.034031 -1 

169 204029_at CELSR2 0.023499 1 

169 218976_at DNAJC12 0.013294 -1 

169 214053_at ERBB4 8.54E-05 1 

169 205225_at ESR1 0.002658 -1 

169 217838_s_at EVL 3.19E-05 -1 

169 204231_s_at FAAH 0.069574 -1 

169 208614_s_at FLNB 0.001376 -1 

169 200947_s_at GLUD1 0.030624 -1 

169 218692_at GOLSYN 0.041343 -1 

169 204934_s_at HPN 0.010584 -1 

169 211538_s_at HSPA2 0.022583 -1 

169 209341_s_at IKBKB 0.000182 1 

169 212196_at IL6ST 5.41E-05 -1 

169 212492_s_at JMJD2B 0.005566 -1 

169 213234_at KIAA1467 0.055487 -1 

169 203928_x_at MAPT 0.014867 -1 

169 214077_x_at MEIS3P1 0.000528 -1 

169 204798_at MYB 0.00059 -1 

169 217800_s_at NDFIP1 0.005331 -1 

169 212660_at PHF15 3.66E-06 -1 

169 203149_at PVRL2 0.068214 -1 

169 212099_at RHOB 0.074178 -1 

169 219197_s_at SCUBE2 0.000518 -1 

169 204981_at SLC22A18 0.07246 -1 

169 205074_at SLC22A5 0.032347 -1 

169 202308_at SREBF1 0.026188 -1 

169 203438_at STC2 3.80E-05 -1 

169 212956_at TBC1D9 0.030248 -1 

169 218065_s_at TMEM9B 0.025359 -1 

170 208683_at CAPN2 0.001013 1 

170 214734_at EXPH5 0.000368 1 

170 203407_at PPL 0.000206 1 

170 204288_s_at SORBS2 0.000578 1 

194 218867_s_at C12orf49 0.007528 1 
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194 218060_s_at C16orf57 0.012761 1 

194 205676_at CYP27B1 0.096339 1 

194 214088_s_at FUT3 0.04514 1 

194 51176_at MED27 1.32E-05 -1 

194 221250_s_at MXD3 0.000216 1 

194 204267_x_at PKMYT1 2.36E-06 1 

194 205956_x_at PSMC3IP 0.004209 1 

194 210242_x_at ST20 0.001173 1 

194 218619_s_at SUV39H1 0.039853 1 

194 218104_at TEX10 0.011797 1 

194 217393_x_at UBE2NL 0.06473 -1 

200 206632_s_at APOBEC3B 0.003068 -1 

200 219918_s_at ASPM 3.13E-05 1 

200 208079_s_at AURKA 4.07E-07 1 

200 205345_at BARD1 0.000121 1 

200 203755_at BUB1B 1.16E-08 -1 

200 219004_s_at C21orf45 3.97E-06 1 

200 202705_at CCNB2 3.18E-10 1 

200 205034_at CCNE2 0.016064 1 

200 210559_s_at CDC2 8.71E-10 1 

200 202870_s_at CDC20 2.14E-06 1 

200 204252_at CDK2 3.02E-05 -1 

200 209714_s_at CDKN3 4.61E-11 1 

200 204962_s_at CENPA 4.17E-07 -1 

200 207828_s_at CENPF 1.37E-05 1 

200 218542_at CEP55 1.09E-06 1 

200 48808_at DHFR 5.26E-08 -1 

200 218585_s_at DTL 1.30E-07 1 

200 203358_s_at EZH2 0.081096 1 

200 203564_at FANCG 2.23E-05 1 

200 213007_at FANCI 1.38E-10 -1 

200 204767_s_at FEN1 2.09E-09 1 

200 214431_at GMPS 0.00019 1 

200 207165_at HMMR 1.76E-06 1 

200 202503_s_at KIAA0101 1.72E-08 1 

200 218755_at KIF20A 3.10E-07 1 

200 218355_at KIF4A 1.12E-09 1 

200 203276_at LMNB1 3.15E-05 1 

200 208107_s_at LOC81691 0.062936 1 

200 202107_s_at MCM2 3.46E-09 -1 

200 216237_s_at MCM5 9.15E-05 1 

200 201930_at MCM6 1.69E-06 1 

200 210983_s_at MCM7 9.09E-08 -1 

200 204825_at MELK 1.22E-10 1 

200 218883_s_at MLF1IP 2.23E-12 -1 

200 219588_s_at NCAPG2 1.68E-06 -1 
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200 204641_at NEK2 8.64E-07 1 

200 212247_at NUP205 0.000547 1 

200 218039_at NUSAP1 1.16E-10 -1 

200 205909_at POLE2 2.40E-05 1 

200 218009_s_at PRC1 1.05E-12 -1 

200 205053_at PRIM1 0.002634 1 

200 203554_x_at PTTG1 6.57E-08 1 

200 222077_s_at RACGAP1 1.38E-13 -1 

200 204023_at RFC4 9.10E-06 1 

200 218979_at RMI1 0.000458 1 

200 201477_s_at RRM1 0.035123 -1 

200 201890_at RRM2 2.59E-11 1 

200 205449_at SAC3D1 0.009226 1 

200 206052_s_at SLBP 2.57E-05 -1 

200 218308_at TACC3 2.61E-07 1 

200 203046_s_at TIMELESS 3.17E-09 -1 

200 212621_at TMEM194A 4.87E-05 1 

200 201291_s_at TOP2A 1.81E-06 -1 

200 210052_s_at TPX2 1.19E-06 -1 

200 209053_s_at WHSC1 0.000736 1 

200 218349_s_at ZWILCH 0.000214 -1 

200 204026_s_at ZWINT 3.67E-11 1 

242 209239_at NFKB1 0.000114 1 

242 221840_at PTPRE 0.036049 1 

242 221571_at TRAF3 0.004086 1 

282 200903_s_at AHCY 1.46E-05 1 

282 208699_x_at TKT 1.81E-06 1 

282 216251_s_at TTLL12 0.000195 1 

336 221620_s_at APOO 0.00027 1 

336 221482_s_at ARPP-19 0.003522 -1 

336 207507_s_at ATP5G3 0.013015 1 

336 217883_at C2orf25 0.066075 -1 

336 203663_s_at COX5A 6.70E-07 -1 

336 207654_x_at DR1 0.081081 1 

336 208726_s_at EIF2S2 3.20E-06 1 

336 202678_at GTF2A2 0.000911 -1 

336 208066_s_at GTF2B 0.060386 -1 

336 203746_s_at HCCS 0.000126 -1 

336 202069_s_at IDH3A 1.57E-12 -1 

336 218163_at MCTS1 2.81E-05 -1 

336 202868_s_at POP4 0.083388 -1 

336 201923_at PRDX4 0.000163 1 

336 201317_s_at PSMA2 0.000387 1 

336 201532_at PSMA3 0.008288 -1 

336 201274_at PSMA5 0.006147 1 

336 219485_s_at PSMD10 0.000268 -1 
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336 200750_s_at RAN 2.04E-07 1 

336 201486_at RCN2 0.000111 -1 

336 203594_at RTCD1 0.000556 1 

336 208909_at UQCRFS1 0.012657 1 

336 221531_at WDR61 0.002482 -1 

375 202955_s_at ARFGEF1 0.073622 1 

375 218782_s_at ATAD2 1.95E-05 1 

375 202874_s_at ATP6V1C1 0.003116 1 

375 221504_s_at ATP6V1H 0.085053 -1 

375 201772_at AZIN1 0.000256 -1 

375 219060_at C8orf32 2.71E-05 1 

375 218187_s_at C8orf33 0.000277 1 

375 201652_at COPS5 0.051092 1 

375 201066_at CYC1 6.16E-05 1 

375 218172_s_at DERL1 7.73E-05 1 

375 213391_at DPY19L4 0.043733 1 

375 219000_s_at DSCC1 1.83E-08 1 

375 221586_s_at E2F5 0.046034 1 

375 218482_at ENY2 0.000215 1 

375 218695_at EXOSC4 1.02E-05 1 

375 218549_s_at FAM82B 3.89E-07 -1 

375 203790_s_at HRSP12 0.086293 -1 

375 203011_at IMPA1 0.015563 1 

375 218516_s_at IMPAD1 0.051526 1 

375 201985_at KIAA0196 0.004463 1 

375 218701_at LACTB2 0.014142 -1 

375 208029_s_at LAPTM4B 0.009717 1 

375 218027_at MRPL15 0.000557 1 

375 219819_s_at MRPS28 0.017337 1 

375 212250_at MTDH 0.003338 -1 

375 219363_s_at MTERFD1 0.007905 1 

375 203208_s_at MTFR1 0.002813 -1 

375 213906_at MYBL1 0.032331 -1 

375 202635_s_at POLR2K 0.00033 -1 

375 209899_s_at PUF60 0.001103 -1 

375 200607_s_at RAD21 0.014359 1 

375 219121_s_at RBM35A 4.79E-05 -1 

375 209510_at RNF139 0.009384 -1 

375 209567_at RRS1 0.001858 1 

375 221020_s_at SLC25A32 0.003872 1 

375 209218_at SQLE 2.26E-08 -1 

375 204226_at STAU2 0.008271 -1 

375 204068_at STK3 0.012728 -1 

375 209523_at TAF2 0.000681 1 

375 202824_s_at TCEB1 3.34E-05 1 

375 219449_s_at TMEM70 0.007989 1 
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375 201688_s_at TPD52 0.015174 1 

375 201399_s_at TRAM1 0.049357 1 

375 219299_at TRMT12 0.000134 1 

375 203584_at TTC35 0.002782 -1 

375 209066_x_at UQCRB 0.046214 1 

375 212637_s_at WWP1 0.078479 1 

375 200638_s_at YWHAZ 0.000186 -1 

375 218919_at ZFAND1 0.022919 1 

375 205089_at ZNF7 0.030159 1 

375 218059_at ZNF706 0.013303 -1 

378 202913_at ARHGEF11 0.012495 1 

378 204129_at BCL9 0.000907 -1 

378 221486_at ENSA 0.012707 1 

378 202597_at IRF6 0.053405 1 

378 205076_s_at MTMR11 0.039254 -1 

378 208759_at NCSTN 0.000469 -1 

378 212553_at RPRD2 0.000646 1 

378 203155_at SETDB1 0.060448 1 

378 217778_at SLC39A1 0.027433 -1 

380 217807_s_at GLTSCR2 1.14E-05 1 

380 202105_at IGBP1 0.003369 -1 

380 222229_x_at LOC441533 0.005478 1 

380 207132_x_at PFDN5 0.053569 -1 

380 217846_at QARS 0.088647 -1 

380 200074_s_at RPL14 0.040891 1 

380 201922_at TINP1 0.041098 -1 

380 201812_s_at TOMM7 0.095016 -1 

40 209869_at ADRA2A 7.47E-06 -1 

40 211986_at AHNAK 0.01421 -1 

40 201236_s_at BTG2 7.04E-07 -1 

40 202808_at C10orf26 2.33E-06 1 

40 218002_s_at CXCL14 0.029082 1 

40 203187_at DOCK1 0.003691 1 

40 201693_s_at EGR1 0.005224 1 

40 206115_at EGR3 0.000853 -1 

40 201798_s_at FER1L3 0.039021 -1 

40 209189_at FOS 0.001062 1 

40 202768_at FOSB 0.003032 1 

40 202081_at IER2 0.000437 1 

40 201508_at IGFBP4 0.002315 -1 

40 219371_s_at KLF2 0.008895 1 

40 221841_s_at KLF4 0.000539 -1 

40 212299_at NEK9 5.43E-05 -1 

40 209360_s_at RUNX1 0.000438 1 

40 201531_at ZFP36 0.000177 1 
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Table C-9 123 gene members of 8 MetaModulators inferred by pwMIKANA for STAT1-MetaTarget 

MetaModulator probe set OGS 
Cox PH 

p-value 

Modulatory 

Effect 

107 221190_s_at C18orf8 0.082599 1 

107 214038_at CCL8 0.061429 1 

107 217916_s_at FAM49B 0.000596 1 

107 204224_s_at GCH1 0.004111 1 

107 202679_at NPC1 0.001352 1 

107 209545_s_at RIPK2 0.04919 1 

107 218404_at SNX10 0.086102 1 

13 202986_at ARNT2 0.002025 -1 

13 213832_at KCND3 0.000301 -1 

13 213358_at KIAA0802 0.078957 -1 

13 205710_at LRP2 5.89E-06 -1 

13 216248_s_at NR4A2 0.019459 -1 

25 213790_at ADAM12 0.050881 -1 

25 219087_at ASPN 0.009187 -1 

25 220272_at BNC2 0.004592 -1 

25 220988_s_at C1QTNF3 0.050745 -1 

25 219463_at C20orf103 0.016757 -1 

25 219310_at C20orf39 0.012602 -1 

25 209031_at CADM1 2.11E-05 -1 

25 218175_at CCDC92 0.000301 -1 

25 204345_at COL16A1 0.000927 -1 

25 221900_at COL8A2 0.004814 -1 

25 219561_at COPZ2 0.028326 -1 

25 203445_s_at CTDSP2 0.000619 -1 

25 222101_s_at DCHS1 0.060297 -1 

25 215116_s_at DNM1 0.086506 -1 

25 201431_s_at DPYSL3 0.02156 -1 

25 219432_at EVC 0.008187 -1 

25 212357_at FAM168A 0.030076 -1 

25 58780_s_at FLJ10357 0.029184 -1 

25 204948_s_at FST 0.000911 -1 

25 1598_g_at GAS6 0.003835 -1 

25 202191_s_at GAS7 8.06E-05 -1 

25 221447_s_at GLT8D2 0.022711 -1 

25 206326_at GRP 0.016562 -1 

25 214927_at ITGBL1 0.006774 -1 

25 203570_at LOXL1 0.011444 -1 

25 213909_at LRRC15 0.056331 -1 

25 205381_at LRRC17 0.001019 -1 

25 205330_at MN1 0.000795 -1 

25 205907_s_at OMD 2.52E-05 -1 

25 205226_at PDGFRL 0.000895 -1 

25 56197_at PLSCR3 0.028684 -1 
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25 204040_at RNF144A 0.012251 -1 

25 212912_at RPS6KA2 0.019084 -1 

25 213543_at SGCD 0.031216 -1 

25 213488_at SNED1 0.042632 -1 

25 212667_at SPARC 0.021425 -1 

25 203753_at TCF4 0.008164 -1 

25 209747_at TGFB3 0.000909 -1 

25 213058_at TTC28 0.000126 -1 

25 219779_at ZFHX4 0.008264 -1 

25 214761_at ZNF423 4.99E-06 -1 

36 203397_s_at GALNT3 0.061552 1 

36 205505_at GCNT1 0.01976 1 

36 218092_s_at HRB 0.000839 1 

36 203971_at SLC31A1 0.022844 1 

36 201839_s_at TACSTD1 0.000579 1 

62 203080_s_at BAZ2B 0.058041 -1 

62 209285_s_at C3orf63 0.035862 -1 

62 221139_s_at CSAD 0.039519 -1 

62 213737_x_at GOLGA9P 0.008263 -1 

62 214295_at KIAA0485 0.009389 -1 

62 212854_x_at NBPF1 6.00E-08 -1 

62 214722_at NOTCH2NL 0.039458 -1 

62 212842_x_at RGPD5 0.000687 -1 

62 208804_s_at SFRS6 0.091928 -1 

62 221834_at SIAH1 0.087352 -1 

62 218242_s_at SUV420H1 0.038147 -1 

62 202606_s_at TLK1 0.000981 1 

62 208662_s_at TTC3 0.089796 -1 

62 221728_x_at XIST 0.014775 -1 

63 209276_s_at GLRX 0.09381 1 

63 219352_at HERC6 0.057337 1 

63 202411_at IFI27 0.010058 1 

63 218400_at OAS3 0.044569 1 

63 218543_s_at PARP12 0.097264 1 

63 210951_x_at RAB27A 0.062216 1 

63 213797_at RSAD2 0.088289 1 

63 205241_at SCO2 0.065933 1 

63 204804_at TRIM21 0.05425 1 

67 204446_s_at ALOX5 0.004015 1 

67 209546_s_at APOL1 0.061625 1 

67 221087_s_at APOL3 0.010789 1 

67 218870_at ARHGAP15 0.048936 1 

67 202208_s_at ARL4C 0.074754 1 

67 201954_at ARPC1B 0.069626 1 

67 208679_s_at ARPC2 0.054592 1 

67 209770_at BTN3A1 0.020772 1 
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67 204820_s_at BTN3A3 0.04158 1 

67 209619_at CD74 0.00913 1 

67 209083_at CORO1A 0.052426 1 

67 202157_s_at CUGBP2 0.018043 1 

67 204646_at DPYD 0.097101 1 

67 204780_s_at FAS 0.002122 1 

67 212288_at FNBP1 0.003305 1 

67 210105_s_at FYN 0.001515 1 

67 219243_at GIMAP4 0.065616 1 

67 219777_at GIMAP6 0.050746 1 

67 212959_s_at GNPTAB 0.004488 1 

67 201141_at GPNMB 0.027575 1 

67 202957_at HCLS1 0.0509 1 

67 217478_s_at HLA-DMA 0.024017 1 

67 211991_s_at HLA-DPA1 0.023404 1 

67 201137_s_at HLA-DPB1 0.02049 1 

67 217362_x_at HLA-DRB6 0.045191 1 

67 206332_s_at IFI16 0.047867 1 

67 209827_s_at IL16 0.019506 1 

67 205291_at IL2RB 0.054047 1 

67 206296_x_at MAP4K1 0.050709 1 

67 200701_at NPC2 0.097675 1 

67 203879_at PIK3CD 0.007828 1 

67 213982_s_at RABGAP1L 0.019462 1 

67 213603_s_at RAC2 0.030966 1 

67 203185_at RASSF2 0.016094 1 

67 212646_at RFTN1 0.000531 1 

67 203528_at SEMA4D 0.070384 1 

67 209723_at SERPINB9 0.003975 1 

67 202524_s_at SPOCK2 0.05518 1 

67 220532_s_at TMEM176B 0.042265 1 

67 202644_s_at TNFAIP3 0.063867 1 

67 209671_x_at TRA@ 0.068431 1 

67 213293_s_at TRIM22 0.045963 1 
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C.4 Dependence of a TF-MetaTarget on Clinical 

Variables 

Figure C-1 Principal component analysis (PCA) showing the transcriptional activity of TF 

downstream (PC1) of known TF targets plotted against TF mRNA expression across all samples 

(grey dots). The colour dots represent the samples associated with different categories of clinical 

variables. Green dots represent tumour samples associated with LN+, ER+, G1 and Norma-like 

tumour subtypes; Blue dots represent tumour samples associated with LN-, ER-, G2 and Luminal A 

tumour subtypes; Red dots represent tumour samples associated with G3, Luminal B tumour 

subtypes; Her2 and Basal-like tumour subtypes are coloured in pink and black.  (A) ESR1 regulatory 

module (ESR1 205225_at) (B) E2F1 regulatory module (E2F1 204947_at) (C) MYC regulatory 

module (MYC 202431_s_at) (D) STAT1 regulatory module (STAT1 209969_s_at) 

(A)  
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Table D-1 Summary of clinical information of 960 breast cancer patients collected from 7 independent 

studies. The following information include the lymph node (LN) status (LN+ or LN-), estrogen 

receptor (ER) status (ER+ or ER-), progesterone receptor (PgR) status (PgR+ or PgR-), tumour grade 

(G1, G2 and G3), tumour size, patient’s age and whether patients have been treated by adjuvant 

therapy, endocrine therapy or chemotherapy (1 for being treated with related therapy and 0 for no 

treatment). It also records patients’ clinical outcomes, including disease free survival (DFS), distant 

metastasis free survival (DMFS) and disease-specific survival (DSS). NA for no related information is 

recorded.  

 Status All Basal Her2 LumA LumB None Normal 

nTotal  
960 

(100%) 

187 

(19.48%) 

97 

(10.1%) 

274 

(28.54%) 

190 

(19.79%) 
48 (5%) 

164 

(17.08%) 

Cohort        

 

 

 

 

 

 

 

GSE1456 
159 

(16.56%) 

27 

(14.44%) 

17 

(17.53%) 

45 

(16.42%) 

26 

(13.68%) 

5 

(10.42%) 

39 

(23.78%) 

GSE3494 
232 

(24.17%) 

39 

(20.86%) 

26 

(26.8%) 

79 

(28.83%) 

24 

(12.63%) 

8 

(16.67%) 

56 

(34.15%) 

GSE6532 

_U133A 

154 

(16.04%) 

16 

(8.56%) 

10 

(10.31%) 

48 

(17.52%) 

49 

(25.79%) 

7 

(14.58%) 

24 

(14.63%) 

GSE6532 

_U133plus2 

87 

(9.06%) 
1 (0.53%) 

9 

(9.28%) 

44 

(16.06%) 

23 

(12.11%) 

9 

(18.75%) 

1 

(0.61%) 

GSE7390 
198 

(20.63%) 

62 

(33.16%) 

17 

(17.53%) 

29 

(10.58%) 

49 

(25.79%) 

11 

(22.92%) 

30 

(18.29%) 

NZ_U133A 
30 

(3.13%) 
4 (2.14%) 

5 

(5.15%) 
13 (4.74%) 

2 

(1.05%) 

4 

(8.33%) 

2 

(1.22%) 

Singapore 
100 

(10.42%) 

38 

(20.32%) 

13 

(13.4%) 
16 (5.84%) 

17 

(8.95%) 

4 

(8.33%) 

12 

(7.32%) 

Lymph Node 

(LN) status 
       

 

LN+ 
304 

(31.67%) 

41 

(21.93%) 

39 

(40.21%) 

89 

(32.48%) 

72 

(37.89%) 

20 

(41.67%) 

43 

(26.22%) 

LN- 
633 

(65.94%) 

143 

(76.47%) 

54 

(55.67%) 

178 

(64.96%) 

113 

(59.47%) 

27 

(56.25%) 

118 

(71.95%) 

NA 
23 

(2.4%) 
3 (1.6%) 

4 

(4.12%) 
7 (2.55%) 

5 

(2.63%) 

1 

(2.08%) 

3 

(1.83%) 

Estrogen Receptor 

(ER) status 
       

 

ER+ 
768 

(80%) 

68 

(36.36%) 

67 

(69.07%) 

261 

(95.26%) 

185 

(97.37%) 

45 

(93.75%) 

142 

(86.59%) 

ER- 
185 

(19.27%) 

117 

(62.57%) 

30 

(30.93%) 
8 (2.92%) 

5 

(2.63%) 

3 

(6.25%) 

22 

(13.41%) 

NA 
7 

(0.73%) 
2 (1.07%) 0 (0%)  5 (1.82%) 0 (0%)  0 (0%)  0 (0%)  

Progesterone Receptor 

(PgR) status 
       

 

PgR+ 
431 

(44.9%) 

30 

(16.04%) 

39 

(40.21%) 

175 

(63.87%) 

72 

(37.89%) 

21 

(43.75%) 

94 

(57.32%) 

PgR- 
175 

(18.23%) 

78 

(41.71%) 

31 

(31.96%) 
22 (8.03%) 

18 

(9.47%) 

9 

(18.75%) 

17 

(10.37%) 

NA 
354 

(36.88%) 

79 

(42.25%) 

27 

(27.84%) 
77 (28.1%) 

100 

(52.63%) 

18 

(37.5%) 

53 

(32.32%) 

Tumour Grade        

 

 

 

G1 
176 

(18.33%) 
5 (2.67%) 

4 

(4.12%) 

90 

(32.85%) 

20 

(10.53%) 

5 

(10.42%) 

52 

(31.71%) 

G2 414 51 29 133 91 24 (50%) 86 
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 (43.13%) (27.27%) (29.9%) (48.54%) (47.89%) (52.44%) 

G3 
301 

(31.35%) 

123 

(65.78%) 

59 

(60.82%) 
23 (8.39%) 

66 

(34.74%) 

17 

(35.42%) 

13 

(7.93%) 

NA 
69 

(7.19%) 
8 (4.28%) 

5 

(5.15%) 

28 

(10.22%) 

13 

(6.84%) 

2 

(4.17%) 

13 

(7.93%) 

Treatment        

Adjuvant 

 

 

0 
437 

(45.52%) 

107 

(57.22%) 

41 

(42.27%) 

114 

(41.61%) 

70 

(36.84%) 

22 

(45.83%) 

83 

(50.61%) 

1 
513 

(53.44%) 

76 

(40.64%) 

54 

(55.67%) 

159 

(58.03%) 

119 

(62.63%) 

26 

(54.17%) 

79 

(48.17%) 

NA 
10 

(1.04%) 
4 (2.14%) 

2 

(2.06%) 
1 (0.36%) 

1 

(0.53%) 
0 (0%)  

2 

(1.22%) 

Endocrine 

 

 

0 
510 

(53.13%) 

137 

(73.26%) 

53 

(54.64%) 

123 

(44.89%) 

79 

(41.58%) 

23 

(47.92%) 

95 

(57.93%) 

1 
440 

(45.83%) 

46 

(24.6%) 

42 

(43.3%) 

150 

(54.74%) 

110 

(57.89%) 

25 

(52.08%) 

67 

(40.85%) 

NA 
10 

(1.04%) 
4 (2.14%) 

2 

(2.06%) 
1 (0.36%) 

1 

(0.53%) 
0 (0%)  

2 

(1.22%) 

Chemo 

 

 

0 
834 

(86.88%) 

146 

(78.07%) 

78 

(80.41%) 

253 

(92.34%) 

170 

(89.47%) 

45 

(93.75%) 

142 

(86.59%) 

1 
116 

(12.08%) 

37 

(19.79%) 

17 

(17.53%) 
20 (7.3%) 19 (10%) 

3 

(6.25%) 

20 

(12.2%) 

NA 
10 

(1.04%) 
4 (2.14%) 

2 

(2.06%) 
1 (0.36%) 

1 

(0.53%) 
0 (0%)  

2 

(1.22%) 

 

Survival Observation 
       

DFS 

event 

 

 

0 
632 

(65.83%) 

116 

(62.03%) 

50 

(51.55%) 

225 

(82.12%) 

97 

(51.05%) 

28 

(58.33%) 

116 

(70.73%) 

1 
315 

(32.81%) 

67 

(35.83%) 

45 

(46.39%) 

47 

(17.15%) 

93 

(48.95%) 

19 

(39.58%) 

44 

(26.83%) 

NA 
13 

(1.35%) 
4 (2.14%) 

2 

(2.06%) 
2 (0.73%) 0 (0%) 

1 

(2.08%) 

4 

(2.44%) 

DMFS 

event 

 

 

0 
698 

(72.71%) 

130 

(69.52%) 

56 

(57.73%) 

234 

(85.4%) 

111 

(58.42%) 

33 

(68.75%) 

134 

(81.71%) 

1 
239 

(24.9%) 

52 

(27.81%) 

37 

(38.14%) 

35 

(12.77%) 

77 

(40.53%) 

13 

(27.08%) 

25 

(15.24%) 

NA 
23 

(2.4%) 
5 (2.67%) 

4 

(4.12%) 
5 (1.82%) 

2 

(1.05%) 

2 

(4.17%) 

5 

(3.05%) 

DSS 

event 

 

 

0 
428 

(44.58%) 

84 

(44.92%) 

42 

(43.3%) 

138 

(50.36%) 

50 

(26.32%) 

14 

(29.17%) 

100 

(60.98%) 

1 
91 

(9.48%) 

22 

(11.76%) 

19 

(19.59%) 
15 (5.47%) 19 (10%) 

6 

(12.5%) 

10 

(6.1%) 

NA 
441 

(45.94%) 

81 

(43.32%) 

36 

(37.11%) 

121 

(44.16%) 

121 

(63.68%) 

28 

(58.33%) 

54 

(32.93%) 

Patients‘ Age        

 

 

 

 

 

 

0 -- 39 
79 

(8.23%) 

37 

(19.79%) 

6 

(6.19%) 
8 (2.92%) 

15 

(7.89%) 

5 

(10.42%) 

8 

(4.88%) 

40 -- 49 
226 

(23.54%) 

59 

(31.55%) 

23 

(23.71%) 

43 

(15.69%) 

37 

(19.47%) 

9 

(18.75%) 

55 

(33.54%) 

50 -- 59 
241 

(25.1%) 

40 

(21.39%) 

30 

(30.93%) 

72 

(26.28%) 

39 

(20.53%) 

11 

(22.92%) 

49 

(29.88%) 

60 -- 69 
224 

(23.33%) 

28 

(14.97%) 

23 

(23.71%) 

70 

(25.55%) 

62 

(32.63%) 

13 

(27.08%) 

28 

(17.07%) 

70 -- 79 
140 

(14.58%) 

18 

(9.63%) 

11 

(11.34%) 

56 

(20.44%) 

26 

(13.68%) 

9 

(18.75%) 

20 

(12.2%) 

80 -- 99 48 (5%) 3 (1.6%) 
4 

(4.12%) 
25 (9.12%) 

11 

(5.79%) 

1 

(2.08%) 

4 

(2.44%) 

Tumour Size        

 0 -- 9 44 4 (2.14%) 3 11 (4.01%) 8 2 16 
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(4.58%) (3.09%) (4.21%) (4.17%) (9.76%) 

10 -- 19 
311 

(32.4%) 

45 

(24.06%) 

18 

(18.56%) 

115 

(41.97%) 

45 

(23.68%) 

13 

(27.08%) 

75 

(45.73%) 

20 -- 29 
361 

(37.6%) 

80 

(42.78%) 

44 

(45.36%) 

94 

(34.31%) 

73 

(38.42%) 

21 

(43.75%) 

49 

(29.88%) 

30 -- 39 
144 

(15%) 

34 

(18.18%) 

17 

(17.53%) 

29 

(10.58%) 

42 

(22.11%) 

7 

(14.58%) 

15 

(9.15%) 

40 -- 49 
55 

(5.73%) 

14 

(7.49%) 

6 

(6.19%) 
18 (6.57%) 

12 

(6.32%) 

2 

(4.17%) 

3 

(1.83%) 

50 -- 139 
40 

(4.17%) 
8 (4.28%) 

8 

(8.25%) 
7 (2.55%) 

8 

(4.21%) 

3 

(6.25%) 

6 

(3.66%) 
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Table D-2 Summary of clinical information of 437 breast cancer patients collected from six 

independent studies, who had not been received adjuvant therapy. The following information include 

the lymph node (LN) status (LN+ or LN-), estrogen receptor (ER) status (ER+ or ER-), progesterone 

receptor (PgR) status (PgR+ or PgR-), tumour grade (G1, G2 and G3), tumour size, patient’s age. It 

also records patients’ clinical outcomes, including disease free survival (DFS), distant metastasis free 

survival (DMFS) and disease-specific survival (DSS). NA for no related information is recorded. 

 Status  All Basal Her2 LumA LumB None Normal 

 nTotal  
437 

(100%) 

107 

(24.49%) 

41 

(9.38%) 

114 

(26.09%) 

70 

(16.02%) 

22 

(5.03%) 

83 

(18.99%) 

Cohort               

  

  

  

  

  

  

GSE1456 
33 

(7.55%) 

11 

(10.28%) 

5 

(12.2%) 

5 

(4.39%) 

4 

(5.71%) 

1 

(4.55%) 
7 (8.43%) 

GSE3494 
122 

(27.92%) 

19 

(17.76%) 

9 

(21.95%) 

48 

(42.11%) 
7 (10%) 

3 

(13.64%) 

36 

(43.37%) 

GSE6532 

_U133A 

44 

(10.07%) 

7  

(6.54%) 

2  

(4.88%) 

18 

(15.79%) 
7 (10%) 

2 

(9.09%) 
8 (9.64%) 

GSE7390 
198 

(45.31%) 

62 

(57.94%) 

17 

(41.46%) 

29 

(25.44%) 
49 (70%) 11 (50%) 

30 

(36.14%) 

NZ_U133A 
30 

(6.86%) 

4  

(3.74%) 

5 

(12.2%) 

13 

(11.4%) 

2 

(2.86%) 

4 

(18.18%) 
2 (2.41%) 

Singapore 
10  

(2.29%) 

4  

(3.74%) 

3  

(7.32%) 

1  

(0.88%) 

1  

(1.43%) 

1  

(4.55%) 
 0 (0%)  

Lymph Node  

(LN) status 
              

  

  

  

LN+ 
27 

(6.18%) 

5 

(4.67%) 

4 

(9.76%) 

7 

(6.14%) 

2 

(2.86%) 

5 

(22.73%) 
4 (4.82%) 

LN- 
403 

(92.22%) 

101 

(94.39%) 

34 

(82.93%) 

104 

(91.23%) 

68 

(97.14%) 

17 

(77.27%) 

79 

(95.18%) 

NA 7 (1.6%) 
1 

(0.93%) 

3 

(7.32%) 

3 

(2.63%) 
0 (0%)   0 (0%)   0 (0%)   

Estrogen Receptor 

 (ER) status 
              

  

  

  

ER+ 
304 

(69.57%) 

25 

(23.36%) 

20 

(48.78%) 

106 

(92.98%) 

68 

(97.14%) 

19 

(86.36%) 

66 

(79.52%) 

ER- 
130 

(29.75%) 

82 

(76.64%) 

21 

(51.22%) 

5 

(4.39%) 

2 

(2.86%) 

3 

(13.64%) 

17 

(20.48%) 

NA 
3 

(0.69%) 
 0 (0%)  0 (0%)   

3 

(2.63%) 
0 (0%)   0 (0%)   0 (0%)   

Progesteron Receptor 

 (PgR) status 
              

  

  

  

PgR+ 
130 

(29.75%) 

6 

(5.61%) 

10 

(24.39%) 

58 

(50.88%) 

12 

(17.14%) 

7 

(31.82%) 

37 

(44.58%) 

PgR- 
66 

(15.1%) 

33 

(30.84%) 

12 

(29.27%) 

8 

(7.02%) 

2 

(2.86%) 

2 

(9.09%) 

9 

(10.84%) 

NA 
241 

(55.15%) 

68 

(63.55%) 

19 

(46.34%) 

48 

(42.11%) 
56 (80%) 

13 

(59.09%) 

37 

(44.58%) 

Tumour Grade               

  

  

  

  

G1 
86 

(19.68%) 

2 

(1.87%) 

2 

(4.88%) 

39 

(34.21%) 

9 

(12.86%) 

4 

(18.18%) 

30 

(36.14%) 

G2 
182 

(41.65%) 

29 

(27.1%) 

11 

(26.83%) 

55 

(48.25%) 

36 

(51.43%) 

10 

(45.45%) 

41 

(49.4%) 

G3 
146 

(33.41%) 

72 

(67.29%) 

26 

(63.41%) 

11 

(9.65%) 

23 

(32.86%) 

7 

(31.82%) 
7 (8.43%) 
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NA 
23 

(5.26%) 

4 

(3.74%) 

2 

(4.88%) 

9 

(7.89%) 

2 

(2.86%) 

1 

(4.55%) 
5 (6.02%) 

Survival Observation               

DFS 

event 

  

  

0 
263 

(60.18%) 

62 

(57.94%) 

20 

(48.78%) 

92 

(80.7%) 
28 (40%) 11 (50%) 

50 

(60.24%) 

1 
166 

(37.99%) 

44 

(41.12%) 

20 

(48.78%) 

21 

(18.42%) 
42 (60%) 

10 

(45.45%) 

29 

(34.94%) 

NA 
8 

(1.83%) 

1 

(0.93%) 

1 

(2.44%) 

1 

(0.88%) 
0 (0%)  

1 

(4.55%) 
4 (4.82%) 

DMFS 

event 

  

  

0 
317 

(72.54%) 

73 

(68.22%) 

26 

(63.41%) 

101 

(88.6%) 

39 

(55.71%) 

17 

(77.27%) 

61 

(73.49%) 

1 
112 

(25.63%) 

33 

(30.84%) 

14 

(34.15%) 

12 

(10.53%) 

31 

(44.29%) 

4 

(18.18%) 

18 

(21.69%) 

NA 
8 

(1.83%) 

1 

(0.93%) 

1 

(2.44%) 

1 

(0.88%) 
 0 (0%) 

1 

(4.55%) 
4 (4.82%) 

DSS 

event 

  

  

0 
167 

(38.22%) 

32 

(29.91%) 

18 

(43.9%) 

62 

(54.39%) 

9 

(12.86%) 

6 

(27.27%) 

40 

(48.19%) 

1 
29 

(6.64%) 

7 

(6.54%) 

4 

(9.76%) 

5 

(4.39%) 

5 

(7.14%) 

2 

(9.09%) 
6 (7.23%) 

NA 
241 

(55.15%) 

68 

(63.55%) 

19 

(46.34%) 

47 

(41.23%) 
56 (80%) 

14 

(63.64%) 

37 

(44.58%) 

Patients' Age                

  

  

  

  

  

0 -- 39 
55 

(12.59%) 

26 

(24.3%) 

3 

(7.32%) 

7 

(6.14%) 

11 

(15.71%) 

4 

(18.18%) 
4 (4.82%) 

40 -- 49 
139 

(31.81%) 

38 

(35.51%) 

13 

(31.71%) 

22 

(19.3%) 

27 

(38.57%) 

8 

(36.36%) 

31 

(37.35%) 

50 -- 59 
106 

(24.26%) 

23 

(21.5%) 

13 

(31.71%) 

29 

(25.44%) 

15 

(21.43%) 

4 

(18.18%) 

22 

(26.51%) 

60 -- 69 
71 

(16.25%) 

9 

(8.41%) 

7 

(17.07%) 

26 

(22.81%) 

15 

(21.43%) 

4 

(18.18%) 

10 

(12.05%) 

70 -- 79 
48 

(10.98%) 

9 

(8.41%) 

2 

(4.88%) 

19 

(16.67%) 

2 

(2.86%) 

2 

(9.09%) 

14 

(16.87%) 

80 -- 99 
18 

(4.12%) 

2 

(1.87%) 

3 

(7.32%) 

11 

(9.65%) 
0 (0%) 0 (0%) 2 (2.41%) 

Tumour Size                 

  

  

  

0 -- 9 
29 

(6.64%) 

4 

(3.74%) 

2 

(4.88%) 

7 

(6.14%) 

1 

(1.43%) 

2 

(9.09%) 

13 

(15.66%) 

10 -- 19 
174 

(39.82%) 

33 

(30.84%) 

11 

(26.83%) 

60 

(52.63%) 

19 

(27.14%) 

8 

(36.36%) 

43 

(51.81%) 

20 -- 29 
160 

(36.61%) 

47 

(43.93%) 

19 

(46.34%) 

35 

(30.7%) 

29 

(41.43%) 

9 

(40.91%) 

21 

(25.3%) 

30 -- 39 
49 

(11.21%) 

15 

(14.02%) 

4 

(9.76%) 

5 

(4.39%) 

19 

(27.14%) 

2 

(9.09%) 
4 (4.82%) 

40 -- 49 
18 

(4.12%) 

6 

(5.61%) 

3 

(7.32%) 

5 

(4.39%) 

2 

(2.86%) 

1 

(4.55%) 
1 (1.2%) 

50 -- 139 7 (1.6%) 
2 

(1.87%) 

2 

(4.88%) 

2 

(1.75%) 
0 (0%) 0 (0%) 1 (1.2%) 
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Figure D-1 Kaplan-Meier plots estimate disease free survival (DFS) distribution of pairwise MetaChips 

comparison with significant difference in their survival distribution (logrank p value < 0.01). In each 

subplot, blue curve presents patients’ group associated with good prognosis while curves in green 

represents patients’ group associated with poor prognosis. Logrank p-values denotes on the top of each 

subplot indicates the significance of difference in survival distribution between two MetaChips. 
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Figure D-2 Volcano plot showing genes that are differentially expressed between MetaChip 7 and 

MetaChip 21 which have significant difference (logrank p values < 0.01) in their survival curves, 

associated with good and poor prognosis respectively. The statistical significance of genes being 

differentially expressed was quantified by two sample t-test p-value. The fold change in expression 

level of each gene between two MetaChips was evaluated. We identified genes whose expression are 

significantly different at least by fold change of 2 between MetaChips associated with good and poor 

survival. We plot the statistical significance of differentially expressed genes against fold change in the 

expression levels between low and high risky MetaChips to identify both statistically and biologically 

significant genes. By setting the cut off of significance level at 0.05 (horizontal red dashed line) and fold 

change at 2 (two vertical red dashed line), the volcano plots identified genes with elevated expression 

levels, which represents the topmost significant differentially expressed genes between MetaChips 

associated with good and poor survival. Volcano plot is generated by mavolcanoplot in MatLab. 
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Table D-3 Differentially expressed genes between MetaChip7 and MetaChip21. It summarises gene 

names, probe ID, t-score and p-value from two-sample test, false discovery rate computed by. Genes 

are ranked in ascending order of p values reported from two-sample t-test, and the related statistics 

scores of each gene, including t-scores, p-values, false discovery rate (FDR), q-values and Benjamini-

Hochberg (BH) adjusted FDR are summarised.   

Higher 

Expression in 

MetaChip21 

Probe ID t-score p-values FDR q-values FDR_BH 

SOX11 204914_s_at -6.7383 8.23E-12 1.74E-09 1.74E-09 6.92E-09 

CKAP2 216984_x_at -6.9042 4.25E-10 1.19E-08 1.12E-08 4.44E-08 

CLCA2 206165_s_at -6.5454 2.77E-09 4.27E-08 4.23E-08 1.68E-07 

BAMBI 203304_at -7.0953 3.48E-09 4.96E-08 4.96E-08 1.97E-07 

MPHOSPH6 203740_at -7.1636 7.53E-09 8.72E-08 8.72E-08 3.46E-07 

LOC652493 216401_x_at -6.4363 8.98E-09 9.65E-08 9.65E-08 3.83E-07 

CD99 201028_s_at -6.3192 5.23E-08 4.04E-07 4.04E-07 1.60E-06 

CD24 208650_s_at -6.2789 5.80E-08 4.24E-07 4.07E-07 1.61E-06 

S100P 204351_at -7.5118 6.78E-08 4.09E-07 4.07E-07 1.61E-06 

SLPI 203021_at -6.0049 1.12E-07 5.58E-07 5.58E-07 2.21E-06 

PERLD1 55616_at -7.7585 1.70E-07 7.69E-07 7.69E-07 3.05E-06 

SDC1 201287_s_at -7.7937 1.90E-07 8.29E-07 8.28E-07 3.28E-06 

TFAP2B 214451_at -5.8921 2.40E-07 9.79E-07 9.79E-07 3.88E-06 

SERHL2 217276_x_at -7.883 2.47E-07 9.99E-07 9.99E-07 3.96E-06 

CYP1B1 202435_s_at -5.8605 2.53E-07 1.01E-06 1.01E-06 3.99E-06 

MXRA5 209596_at -5.7762 2.89E-07 1.06E-06 1.06E-06 4.21E-06 

OPN3 219032_x_at -5.7496 2.96E-07 1.06E-06 1.06E-06 4.21E-06 

S100A9 203535_at -5.6935 3.77E-07 1.27E-06 1.27E-06 5.02E-06 

GRB7 210761_s_at -8.0469 3.80E-07 1.27E-06 1.27E-06 5.03E-06 

ERBB2 216836_s_at -5.6454 4.58E-07 1.48E-06 1.48E-06 5.86E-06 

PAPSS2 203058_s_at -5.6323 4.89E-07 1.55E-06 1.55E-06 6.15E-06 

KMO 205306_x_at -5.6221 5.21E-07 1.64E-06 1.63E-06 6.47E-06 

IGLJ3 211798_x_at -5.6029 5.53E-07 1.71E-06 1.69E-06 6.69E-06 

AIM1 212543_at -5.5729 5.70E-07 1.69E-06 1.69E-06 6.72E-06 

IGHG3 211430_s_at -8.2546 6.07E-07 1.73E-06 1.73E-06 6.86E-06 

IGKV4-1 214777_at -5.5265 6.40E-07 1.80E-06 1.80E-06 7.15E-06 

KRT7 209016_s_at -5.4999 7.26E-07 2.00E-06 2.00E-06 7.92E-06 

ALDH3B2 204942_s_at -5.4929 7.63E-07 2.06E-06 2.06E-06 8.17E-06 

ASS1 207076_s_at -5.3996 9.36E-07 2.31E-06 2.31E-06 9.15E-06 

FABP7 205030_at -5.3789 9.48E-07 2.31E-06 2.31E-06 9.15E-06 

S100A11 200660_at -8.5002 9.74E-07 2.35E-06 2.35E-06 9.30E-06 

C1orf106 219010_at -8.6488 1.26E-06 2.89E-06 2.89E-06 1.15E-05 

S100A8 202917_s_at -8.8349 1.68E-06 3.63E-06 3.63E-06 1.44E-05 

KCNK1 204679_at -5.2182 1.69E-06 3.64E-06 3.64E-06 1.44E-05 

MMP1 204475_at -9.0023 2.13E-06 4.39E-06 4.38E-06 1.74E-05 
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LBP 211652_s_at -9.6321 4.54E-06 8.03E-06 8.03E-06 3.19E-05 

ACSL1 201963_at -9.7947 5.38E-06 9.23E-06 9.23E-06 3.66E-05 

IGHM 216491_x_at -9.9693 6.38E-06 1.06E-05 1.06E-05 4.20E-05 

CXCL9 203915_at -9.9795 6.44E-06 1.06E-05 1.06E-05 4.22E-05 

DHRS2 214079_at -11.1813 1.69E-05 2.37E-05 2.37E-05 9.41E-05 

HIF1A 200989_at -11.4802 2.06E-05 2.81E-05 2.81E-05 0.000111 

S100A7 205916_at -4.518 2.44E-05 3.25E-05 3.25E-05 0.000129 

ALOX15B 206714_at -11.9657 2.77E-05 3.59E-05 3.59E-05 0.000143 

CSTA 204971_at -4.4065 3.60E-05 4.45E-05 4.45E-05 0.000177 

LOC339562 217480_x_at -4.1897 7.96E-05 8.74E-05 8.74E-05 0.000347 

LOC100130100 217378_x_at -4.0018 0.000154 0.000154 0.000154 0.000613 

KYNU 210663_s_at -3.6282 0.000534 0.000447 0.000447 0.001774 

COL11A1 37892_at -3.2912 0.001554 0.001126 0.001126 0.004467 

AKR1C2 209699_x_at -3.0732 0.002995 0.001977 0.001977 0.00784 

Higher 

Expression in 

MetaChip7 

Probe ID t-score p-values FDR q-values FDR_BH 

TRPS1 218502_s_at 6.9919 3.17E-10 1.18E-08 1.12E-08 4.44E-08 

STC2 203438_at 7.0316 1.17E-09 2.49E-08 2.49E-08 9.87E-08 

WFDC2 203892_at 6.5914 1.36E-09 2.73E-08 2.68E-08 1.06E-07 

DCLK1 205399_at 6.5902 1.39E-09 2.76E-08 2.68E-08 1.06E-07 

PDZK1 205380_at 6.4415 8.58E-09 9.42E-08 9.40E-08 3.73E-07 

DUSP4 204014_at 7.2142 1.18E-08 1.18E-07 1.18E-07 4.68E-07 

C6orf211 218195_at 7.2946 2.13E-08 1.94E-07 1.94E-07 7.68E-07 

TFF1 205009_at 7.4423 4.91E-08 3.87E-07 3.87E-07 1.54E-06 

IGF1R 203628_at 7.4666 5.52E-08 4.11E-07 4.07E-07 1.61E-06 

CYP2B6 206754_s_at 6.2252 6.10E-08 4.19E-07 4.07E-07 1.61E-06 

ESR1 205225_at 6.214 6.17E-08 4.18E-07 4.07E-07 1.61E-06 

ARNT2 202986_at 6.2113 6.19E-08 4.15E-07 4.07E-07 1.61E-06 

CA2 209301_at 6.0002 1.13E-07 5.58E-07 5.58E-07 2.21E-06 

DACH1 205471_s_at 7.735 1.58E-07 7.29E-07 7.29E-07 2.89E-06 

COX6C 201754_at 7.7826 1.84E-07 8.06E-07 8.06E-07 3.20E-06 

BCL2 203685_at 7.7973 1.92E-07 8.31E-07 8.31E-07 3.30E-06 

GOLSYN 218692_at 7.8676 2.37E-07 9.78E-07 9.76E-07 3.87E-06 

CYP2B7P1 210272_at 8.1827 5.21E-07 1.63E-06 1.63E-06 6.47E-06 

AGR2 209173_at 8.2206 5.65E-07 1.70E-06 1.69E-06 6.71E-06 

LRP2 205710_at 8.2267 5.72E-07 1.69E-06 1.69E-06 6.72E-06 

MAGI2 209737_at 8.3269 7.03E-07 1.95E-06 1.95E-06 7.72E-06 

TFF3 204623_at 8.3817 7.83E-07 2.09E-06 2.09E-06 8.28E-06 

ABAT 209459_s_at 8.3983 8.08E-07 2.11E-06 2.10E-06 8.34E-06 

IL6ST 212196_at 5.339 1.14E-06 2.69E-06 2.69E-06 1.07E-05 

NRIP3 219557_s_at 8.6714 1.30E-06 2.97E-06 2.97E-06 1.18E-05 

FAM134B 218532_s_at 5.2747 1.34E-06 3.04E-06 3.04E-06 1.20E-05 

SIAH2 209339_at 8.7612 1.50E-06 3.31E-06 3.31E-06 1.31E-05 
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SERPINI1 205352_at 5.1108 2.46E-06 4.92E-06 4.92E-06 1.95E-05 

CST3 201360_at 5.0521 3.21E-06 6.10E-06 6.10E-06 2.42E-05 

DBNDD2 218094_s_at 5.0164 3.52E-06 6.53E-06 6.53E-06 2.59E-05 

SERPINA6 206325_at 9.5887 4.34E-06 7.74E-06 7.74E-06 3.07E-05 

TBC1D9 212956_at 9.7288 5.03E-06 8.75E-06 8.75E-06 3.47E-05 

AGTR1 205357_s_at 9.7645 5.21E-06 9.05E-06 9.05E-06 3.59E-05 

NPY1R 205440_s_at 4.9172 5.25E-06 9.08E-06 9.08E-06 3.60E-05 

TGFBR3 204731_at 9.8362 5.60E-06 9.55E-06 9.55E-06 3.79E-05 

KIF5C 203130_s_at 9.838 5.61E-06 9.55E-06 9.55E-06 3.79E-05 

GRIA2 205358_at 9.8803 5.85E-06 9.89E-06 9.89E-06 3.92E-05 

NAT1 214440_at 10.1255 7.37E-06 1.19E-05 1.19E-05 4.71E-05 

CPB1 205509_at 10.4637 9.86E-06 1.51E-05 1.51E-05 5.98E-05 

SLC39A6 202089_s_at 10.6143 1.11E-05 1.68E-05 1.68E-05 6.65E-05 

BMPR1B 210523_at 10.7917 1.28E-05 1.88E-05 1.88E-05 7.46E-05 

NTRK2 221796_at 11.046 1.54E-05 2.19E-05 2.19E-05 8.68E-05 

CYBRD1 217889_s_at 11.055 1.55E-05 2.20E-05 2.20E-05 8.71E-05 

NOVA1 205794_s_at 11.6338 2.27E-05 3.06E-05 3.06E-05 0.000122 

CFB 202357_s_at 11.6377 2.28E-05 3.07E-05 3.07E-05 0.000122 

IFIT1 203153_at 11.6993 2.36E-05 3.17E-05 3.17E-05 0.000126 

PCSK6 207414_s_at 11.7996 2.51E-05 3.32E-05 3.32E-05 0.000132 

DNAJC12 218976_at 4.487 2.70E-05 3.53E-05 3.53E-05 0.00014 

CELSR1 41660_at 11.9371 2.73E-05 3.56E-05 3.56E-05 0.000141 

RTN1 203485_at 4.4668 2.91E-05 3.73E-05 3.73E-05 0.000148 

MRPS30 218398_at 14.245 8.31E-05 9.07E-05 9.07E-05 0.00036 

GATA3 209602_s_at 14.4609 9.05E-05 9.83E-05 9.83E-05 0.00039 

KCNE4 222379_at 15.5252 0.000134 0.000136 0.000136 0.000539 

CA12 214164_x_at 4.0287 0.00014 0.000142 0.000142 0.000563 

GFRA1 205696_s_at 15.6795 0.000141 0.000143 0.000143 0.000565 

ERBB4 214053_at 15.7727 0.000146 0.000147 0.000146 0.000581 

EVL 217838_s_at 3.8314 0.000271 0.000252 0.000252 0.001 

CX3CR1 205898_at 3.4902 0.000836 0.000658 0.000657 0.002607 

SERPINA3 202376_at 23.6171 0.000959 0.000744 0.000744 0.00295 
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Table D-4 Gene Classifiers determined by PAM – the maximum number of probe set which can 

accurately characterize MetaChip7 and MetaChip21. The highlighted genes are overlap with 

OncotypeDx commercial gene list. 

Gene Classifiers for MetaChip7 vs. MetaChip21 

ProbeID 
Official Gene Symbol 

(OGS) 

High 

Expression Set 

205225_at ESR1 7 

202089_s_at SLC39A6 7 

218398_at MRPS30 7 

202917_s_at S100A8 21 

203685_at BCL2 7 

201754_at COX6C 7 

205357_s_at AGTR1 7 

210523_at BMPR1B 7 

205009_at TFF1 7 

218976_at DNAJC12 7 

214164_x_at CA12 7 

203628_at IGF1R 7 

205440_s_at NPY1R 7 

206754_s_at CYP2B6 7 

212956_at TBC1D9 7 

212196_at IL6ST 7 

201287_s_at SDC1 21 

209016_s_at KRT7 21 

209602_s_at GATA3 7 

218094_s_at DBNDD2 7 

203740_at MPHOSPH6 21 

203535_at S100A9 21 

219197_s_at SCUBE2 7 

202376_at SERPINA3 7 

214440_at NAT1 7 

209339_at SIAH2 7 

217733_s_at TMSB10 21 

218532_s_at FAM134B 7 

222125_s_at NPY1R 7 

209123_at QDPR 7 

210046_s_at IDH2 21 

218195_at C6orf211 7 

204679_at KCNK1 21 

205358_at GRIA2 7 

206165_s_at CLCA2 21 

202986_at ARNT2 7 

202641_at ARL3 7 
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207414_s_at PCSK6 7 

214451_at TFAP2B 21 

204623_at TFF3 7 

203344_s_at RBBP8 7 

214077_x_at MEIS3P1 7 

204934_s_at HPN 7 

204798_at MYB 7 

205916_at S100A7 21 

202275_at G6PD 21 

218692_at GOLSYN 7 

219010_at C1orf106 21 

210272_at CYP2B7P1 7 
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Table D-5 The functional enrichment analysis of the differentially expressed genes between 

MetaChip7 and MetaChip21 was determined by GeneSetDB at the significance level of 0.001. It lists 

the annotation categories (Class) from multiple biological databases. The Classes include 

Disease/Phenotype, GeneRegulation, GeneOntology (GO) and Pathway. The functional terms 

(related to each databases) are summarised in the Set_Name and their related database (Source DB), 

statistics significance (p-value) and false discovery rate (FDR) are presented.  

Class Set_Name Source DB p-value FDR 

Disease/Phenotype pneumoconiosis(COSTART) SIDER 3.30E-06 1.10E-03 

Disease/Phenotype 
abnormal cortical plate 

morphology 
MPO 4.30E-06 1.30E-03 

Disease/Phenotype breast abscess(COSTART) SIDER 5.90E-06 1.60E-03 

Disease/Phenotype leukoplakia(COSTART) SIDER 6.10E-06 1.60E-03 

Disease/Phenotype varicocele(COSTART) SIDER 6.10E-06 1.60E-03 

Disease/Phenotype type 2 diabetes(COSTART) SIDER 9.10E-06 2.00E-03 

Disease/Phenotype Habituation(Euphoria) SIDER 9.70E-06 2.00E-03 

Disease/Phenotype Choriocarcinoma KEGG(Disease) 1.70E-05 2.70E-03 

Disease/Phenotype 
decreased motor neuron 

number 
MPO 2.20E-05 2.80E-03 

Disease/Phenotype abnormal muscle innervation MPO 2.80E-05 3.30E-03 

Disease/Phenotype decubitus ulcers(COSTART) SIDER 3.20E-05 3.50E-03 

Disease/Phenotype 
portal vein 

thrombosis(COSTART) 
SIDER 3.40E-05 3.60E-03 

Disease/Phenotype hypocalcemia MPO 5.10E-05 5.00E-03 

Disease/Phenotype loss of hippocampal neurons MPO 6.40E-05 5.90E-03 

Disease/Phenotype 
abnormal mammary gland 

alveolus morphology 
MPO 7.90E-05 6.70E-03 

Disease/Phenotype 
increased circulating 

parathyroid hormone level 
MPO 9.50E-05 7.50E-03 

GeneRegulation STAT1 TFactS 1.10E-05 2.10E-03 

GeneRegulation hsa-miR-20b miRTarBase 3.10E-05 3.50E-03 

GeneRegulation STAT TFactS 7.70E-05 6.70E-03 

GeneRegulation STAT(UP) TFactS 7.70E-05 6.70E-03 

GeneRegulation NOTCH/RBP-J(UP) TFactS 2.80E-04 1.50E-02 

GeneRegulation STAT3 TFactS 3.40E-04 1.70E-02 

GeneRegulation TCF/BETA-CATENIN TFactS 9.50E-04 3.20E-02 

GeneRegulation STAT5(UP) TFactS 1.00E-03 3.20E-02 

GeneRegulation STAT5 TFactS 1.00E-03 3.20E-02 

GeneRegulation hsa-miR-302d miRTarBase 1.20E-03 3.40E-02 

GeneRegulation NOTCH/RBP-J TFactS 1.30E-03 3.50E-02 

GeneRegulation hsa-miR-181b miRTarBase 1.80E-03 3.80E-02 

GeneRegulation RARG TFactS 1.80E-03 3.80E-02 

GeneRegulation TCF/BETA-CATENIN(UP) TFactS 1.90E-03 3.90E-02 

GeneRegulation STAT3(UP) TFactS 2.00E-03 3.90E-02 

GeneRegulation hsa-miR-222 miRTarBase 2.10E-03 3.90E-02 

GeneRegulation hsa-miR-125b miRTarBase 2.40E-03 4.10E-02 

GeneRegulation FOXO(DOWN) TFactS 2.40E-03 4.10E-02 
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GeneRegulation hsa-miR-19a miRTarBase 3.20E-03 4.60E-02 

GeneRegulation STAT5B TFactS 3.20E-03 4.60E-02 

GeneRegulation hsa-miR-21 miRTarBase 3.30E-03 4.70E-02 

GO 
response to iron ion 

(GO:0010039) 
GO_BP 7.30E-07 4.70E-04 

GO 
response to estradiol 

stimulus (GO:0032355) 
GO_BP 7.10E-06 1.60E-03 

GO 
response to zinc ion 

(GO:0010043) 
GO_BP 1.20E-05 2.30E-03 

GO 

negative regulation of 

endopeptidase activity 

(GO:0010951) 

GO_BP 2.00E-05 2.80E-03 

GO 
response to toxin 

(GO:0009636) 
GO_BP 2.20E-05 2.80E-03 

GO 
phosphatidylinositol 3-kinase 

cascade (GO:0014065) 
GO_BP 3.10E-05 3.50E-03 

GO 
brush border membrane 

(GO:0031526) 
GO_CC 4.90E-05 4.90E-03 

GO 

serine-type endopeptidase 

inhibitor activity 

(GO:0004867) 

GO_MF 1.30E-04 9.40E-03 

GO 
locomotory behavior 

(GO:0007626) 
GO_BP 1.70E-04 1.10E-02 

GO 
response to nicotine 

(GO:0035094) 
GO_BP 2.10E-04 1.20E-02 

GO 
mammary gland 

development (GO:0030879) 
GO_BP 2.80E-04 1.50E-02 

GO 
response to estrogen 

stimulus (GO:0043627) 
GO_BP 2.80E-04 1.50E-02 

GO 
defense response 

(GO:0006952) 
GO_BP 3.80E-04 1.90E-02 

GO 
neuron projection 

(GO:0043005) 
GO_CC 5.60E-04 2.40E-02 

GO 
xenobiotic metabolic process 

(GO:0006805) 
GO_BP 9.30E-04 3.10E-02 

GO 

cellular response to 

lipopolysaccharide 

(GO:0071222) 

GO_BP 9.30E-04 3.10E-02 

GO 
wound healing 

(GO:0042060) 
GO_BP 3.00E-03 4.50E-02 

GO 
monooxygenase activity 

(GO:0004497) 
GO_MF 3.50E-03 4.90E-02 

GO 
oxidation-reduction process 

(GO:0055114) 
GO_BP 3.70E-03 4.90E-02 

Pathway 
Role of ERBB2 in Signal 

Transduction and Oncology 
Biocarta 1.80E-04 1.10E-02 

Pathway Selenium Pathway WikiPathways 2.60E-04 1.40E-02 

Pathway Xenobiotics metabolism EHMN 9.70E-04 3.20E-02 

Pathway 
NAD biosynthesis II (from 

tryptophan) 
HumanCyc 1.20E-03 3.40E-02 

Pathway 
Syndecan-1-mediated 

signaling events 
PID 1.80E-03 3.80E-02 

Pathway 
Alanine and aspartate 

metabolism 
WikiPathways 1.80E-03 3.80E-02 

Pathway 

Posttranslational regulation of 

adherens junction stability 

and dissassembly 

PID 2.30E-03 4.10E-02 

Pathway 
tryptophan degradation III 

(eukaryotic) 
HumanCyc 2.50E-03 4.10E-02 
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Pathway 

Downregulated of MTA-3 

in ER-negative Breast 

Tumours 

Biocarta 2.50E-03 4.10E-02 

Pathway 
C21-steroid hormone 

biosynthesis and metabolism 
EHMN 2.60E-03 4.20E-02 
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Figure E-1 Clinical information for each individual MetaChip determined by cMonkey from gene 

expression data of breast cancer patients who had not received adjuvant treatment (437 patients). 

The clinical variables include cohort, lymph node status (LN.status: LN+, LN- and NA), estrogen 

receptor status (ER.status: ER+, ER- and NA), progesterone receptor status (PgR.status: PgR+, 

PgR- and NA), tumour grade (Grade: G1, G2, G3 and NA), molecular subtype (Subtype: Basal, Her2, 

Luminal A, Luminal B, Normal and None), tumour size (Size in mm) and patient Age (in years). 

Missing information is noted as NA (Not Available). The percentage noted on each bar indicates the 

percentage of tumour samples of the specific category (in the non-adjuvant treated population, 437 

samples) that are found in each MetaChip. A Chi-square test or hypergeometric test could be used 

here to assess the significance of the distribution of attributes in the MetaChips.  
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Figure E-2 Volcano plots showing genes that are differentially expressed between MetaChips which 

have significant difference (logrank p values < 0.01) in their survival curves, associated with good 

and poor prognosis respectively. The statistical significance of genes being differentially expressed 

was quantified by two sample t-test p-value. The fold change in expression level of each gene between 

two MetaChips was evaluated. We identified genes whose expression are significantly different at 

least by fold change of 2 between MetaChips associated with good and poor survival. We plot the 

statistical significance of differentially expressed genes against fold change in the expression levels 

between low and high risky MetaChips to identify both statistically and biologically significant genes. 

By setting the cut off of significance level at 0.05 (horizontal red dashed line) and fold change at 2 

(two vertical red dashed line), the volcano plots identified genes with elevated expression levels, 

which represents the topmost significant differentially expressed genes between MetaChips 

associated with good and poor survival. Volcano plot is generated by mavolcanoplot in MatLab. 
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