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ABSTRACT 

 
  Computational biology is an interdisplinary field that focuses on developing 

mathematical models and algorithms to interpret biological data so as to understand 

biological problems. With current high-throughput technology development, different 

types of biological data can be measured in a large scale, which calls for more 

sophisticated computational methods to analyze and interpret the data. In this dissertation 

research work, we propose novel methods to integrate, model and analyze multiple 

biological data, including microarray gene expression data, protein-DNA interaction data 

and protein-protein interaction data. These methods will help improve our understanding 

of biological systems.  

First, we propose a knowledge-guided multi-scale independent component 

analysis (ICA) method for biomarker identification on time course microarray data. 

Guided by a knowledge gene pool related to a specific disease under study, the method 

can determine disease relevant biological components from ICA modes and then identify 

biologically meaningful markers related to the specific disease. We have applied the 

proposed method to yeast cell cycle microarray data and Rsf-1-induced ovarian cancer 

microarray data. The results show that our knowledge-guided ICA approach can extract 

biologically meaningful regulatory modes and outperform several baseline methods for 

biomarker identification. 

Second, we propose a novel method for transcriptional regulatory network 

identification by integrating gene expression data and protein-DNA binding data. The 

approach is built upon a multi-level analysis strategy designed for suppressing false 

positive predictions. With this strategy, a regulatory module becomes increasingly 

significant as more relevant gene sets are formed at finer levels. At each level, a two-

stage support vector regression (SVR) method is utilized to reduce false positive 

predictions by integrating binding motif information and gene expression data; a 

significance analysis procedure is followed to assess the significance of each regulatory 
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module. The resulting performance on simulation data and yeast cell cycle data shows 

that the multi-level SVR approach outperforms other existing methods in the 

identification of both regulators and their target genes. We have further applied the 

proposed method to breast cancer cell line data to identify condition-specific regulatory 

modules associated with estrogen treatment. Experimental results show that our method 

can identify biologically meaningful regulatory modules related to estrogen signaling and 

action in breast cancer. 

Third, we propose a bootstrapping Markov Random Filed (MRF)-based method 

for subnetwork identification on microarray data by incorporating protein-protein 

interaction data. Methodologically, an MRF-based network score is first derived by 

considering the dependency among genes to increase the chance of selecting hub genes. 

A modified simulated annealing search algorithm is then utilized to find the 

optimal/suboptimal subnetworks with maximal network score. A bootstrapping scheme is 

finally implemented to generate confident subnetworks. Experimentally, we have 

compared the proposed method with other existing methods, and the resulting 

performance on simulation data shows that the bootstrapping MRF-based method 

outperforms other methods in identifying ground truth subnetwork and hub genes. We 

have then applied our method to breast cancer data to identify significant subnetworks 

associated with drug resistance. The identified subnetworks not only show good 

reproducibility across different data sets, but indicate several pathways and biological 

functions potentially associated with the development of breast cancer and drug 

resistance. In addition, we propose to develop network-constrained support vector 

machines (SVM) for cancer classification and prediction, by taking into account the 

network structure to construct classification hyperplanes. The simulation study 

demonstrates the effectiveness of our proposed method. The study on the real microarray 

data sets shows that our network-constrained SVM, together with the bootstrapping 

MRF-based subnetwork identification approach, can achieve better classification 

performance compared with conventional biomarker selection approaches and SVMs.  

 We believe that the research presented in this dissertation not only provides novel 

and effective methods to model and analyze different types of biological data, the 

extensive experiments on several real microarray data sets and results also show the 
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potential to improve the understanding of biological mechanisms related to cancers by 

generating novel hypotheses for further study.  
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1 Background and Introduction 

1.1. Motivation 

 Computational biology is an interdisplinary field that applies techniques from 

computer science, engineering, applied mathematics and statistics to address biological 

problems [1]. The main focus lies on developing mathematical models and applying 

computational algorithms and statistical techniques to interpret biological data and 

understand underlying biological mechanisms such as cancer related pathways. State-of-

the-art high-throughput technologies, such as SNP arrays, DNA microarrays and mass 

spectrometry, are capable of producing terabytes of data that are not easily handled by 

conventional analysis approaches. As a result, the demand for computational, statistical 

or machine learning techniques is stronger than before to process, analyze and understand 

biological data in a comprehensive way.  

 Biological systems consists of different multi-functional elements that interact 

selectively and often non-linearly in order to have coherent and complex behaviors [2]. 

Multiple data sources can reveal different aspects of biological system. Traditional 

machine learning approaches cannot provide ‘global picture’ by focusing on one type of 

data source. Therefore integrating multiple data sources is becoming more and more 

important. The current and future needs will in particular require sophisticated integration 

of extremely diverse sets of data, aiming to better understand the main features of 

biological processes. On the other hand, understanding different types of biological data 

sources and their relationship will further help us develop mathematical models to tackle 

biological problems. In this study, we will focus on three different data sources for 

integration analysis: microarray gene expression data, protein-DNA interaction data and 

protein-protein interaction data, and develop different integrated methods for cancer 

research. 
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1.2. Biological background and data sources 

 Proteins are the structural components of cells and tissues that perform many key 

functions in biological systems. The production of proteins is controlled by genes, which 

are coded in deoxyribonucleic acid (DNA) [3]. A gene consists of a specific DNA 

fragment, and can be interpreted as a construction for a protein. Protein production from 

genes is explained by the central dogma of molecular biology (Figure 1.1) that includes 

two principal stages, transcription and translation. First the gene is transcribed into 

messenger ribonucleic acid, abbreviated as mRNA. Second, the mRNA is translated into 

a protein. There is huge variation in abundance and efficiency of transcription and 

translation among different cell types. The distribution is responsible for the appearance 

and state of a cell. Therefore, a cell's role is decided by the proteins it produces, which in 

turn depend on its expressed genes. Corresponding to the procedure from transcription to 

translation, multiple types of biological data can be measured at different levels as shown 

in Figure 1.1 and here we will focus on three types: microarray gene expression data, 

protein-DNA interaction data and protein-protein interaction data in our study.  

 
 

Figure 1.1. The central dogma of molecular biology from http://cats.med.uvm.edu/ and the corresponding 
different types of biological data. 
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1.2.1. Microarray gene expression data 

 Measuring changes in mRNA levels is one of possible methods to detect 

differences between cells. Scientists study different kinds and amounts of mRNA to learn 

which genes are expressed in a cell or changed among different types of cells. There are 

various methods for detecting and quantifying the amount of mRNA [4-6]. Traditional 

methods in molecular biology generally have the limits that the throughput is very limited 

and the "whole picture" of gene function is hard to obtain. A new technology, called 

DNA microarray, has been of interest among biologists. This technology can monitor the 

whole genome on a single chip so that researchers can have a better picture of the 

interactions among thousands of gene.  

DNA microarrays, or DNA chips are fabricated by high-speed robotics, for which 

probes with known identity are used to determine complementary binding, thus it allows 

massively parallel gene expression measurement and studies [3]. An experiment with a 

single DNA chip can generate thousands of gene expression levels simultaneously. The 

two most prevalent microarray technologies are cDNA microarrays and high-density 

oligonucleotide arrays. The differences between them are in the manner of placement of 

the DNA sequences on the array and in the length of these sequences during 

hybridization. Accordingly, the experimental approach and the data preprocessing differ 

as well.  

cDNA microarray is a two-channel microarray where mRNA from two different 

biological samples (i.e. a sample of interest and a control sample) is reverse transcribed 

into cDNA, labeled with red and green fluorescent dyes, and distributed on the 

microarray. Then the cDNA competitively hybridizes to the corresponding DNA clones. 

Finally the remaining material is washed off and the amount of chemically bound cDNA 

is quantified by the intensity of the fluorescence in each spot measured by a laser scanner. 

This procedure was described in [6] and [7] and illustrated in Figure 1.2 [8]. Higher 

fluorescence indicates higher amounts of hybridized cDNA, which in turn indicates 

higher gene expression in the sample. The use of two samples in cDNA allows for 

measurement of relative gene expression across two sources of cDNA. Therefore it is less 

sensitive to the variable amount of spotted DNA, as well as other experimental variation 

in this way. 
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Figure 1.2. Two-color Microarray Experiment [8]. 
 

The oligonucleotide array, most widely used by the Affymetrix GenChipTM , is a 

one-channel microarray. It is based on hybridization to small, high-density arrays 

containing tens of thousands of synthetic oligonucleotides [9]. Compared to cDNA, its 

main characteristics are 1) only one biological interest sample is fluorescently labeled and 

hybridized to the microarray. There is no competitive hybridization, and 2) the expression 

of each gene is measured by comparing hybridization of the sample mRNA to a set of 

probes, which is composed of 11-20 pairs of oligonucleotides and each of length 25 base 

pairs. The first type of probe in each pair is the perfect match (PM) which exactly 

corresponds to the gene sequence, whereas the second is the mismatch (MM), created by 

changing the middle (the 13th) base of the original sequence. The idea of this 

construction is to provide a control mechanism for random variation and cross-

hybridization. For each gene, or probe set, the typical output consists of two vectors of 

intensities, one for PMs and one for MMs. To combine the PM and MM probe intensities 

for each probe set, many methods have been developed, such as MAS [10], Robust 

Multi-chip Average (RMA) [11] and Plier [12] with quantile normalization [13]. 

After the preprocessing and normalization, microarray gene expression data can 

be represented by a matrix where each row indicates one probe set and each column 

indicates one sample. The element in the matrix represents the gene expression level for a 
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specific gene in a specific sample. Many studies have been investigated on microarray 

gene expression data, such as biomarker identification [14], gene/sample clustering [15], 

sample classification and prediction [16].  

1.2.2. Protein-DNA binding data 

Transcriptional regulation of gene expression is the process that regulatory protein 

binds to a DNA binding site located near the promoter to control when transcription 

occurs and how much RNA is created. The regulatory mechanism in eukaryotes is more 

complicated than in prokaryotes in that (1) transcriptional regulation tends to involve 

combinatorial interactions between several transcription factors, and (2) transcriptional 

regulation exhibit condition-specific characteristics so that it permits spatial (e.g. tissue-

specific) and temporal (e.g. environment dependent) differences in gene expression. 

Therefore identifying condition-specific transcriptional regulation network between 

transcription factors and target genes becomes an important topic in computation biology.  

To measure the protein-DNA binding data, ChIP-on-chip technology has been 

widely used. ChIP-on-chip, also known as genome-wide location analysis, is a 

technology for identifying genomic sites bounded by specific DNA binding proteins in 

living cells [17, 18]. It consists of two techniques which are Chromatin 

immunoprecipitation (ChIP) assay and DNA microarray technique. The principle 

underpinning ChIP assay is that DNA-bound proteins (including transcription factors) in 

living cells can be cross-linked to the chromatin on which they are situated.  Figure 1.3 

shows the major steps in ChIP-on-chip experiment, which include cross-linking, 

sonication, ChIP, reverse cross-linking and purify DNA and microarray [19]. 

Similar as gene expression microarrays, ChIP-on-chip experiments also have two 

color tiling array (e.g. NimbleGen) and single-channel tiling array (e.g. Affymetrix). The 

interpretation of data generated by a ChIP-on-chip experiment is similar to the 

interpretation of traditional gene expression microarrays in many respects, for instance, 

background correction and normalization. However, they differ in two important ways. 

First, the ChIP-on-chip signal may span several arrayed elements representing 

genomically adjacent DNA.  Second, the measurements derived from ChIP-on-chip 

experiments arise as a mixture of two distributions: one is the signal distribution and 
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another corresponds to the background and noise. Based on above characteristics, 

specific normalization methods [20, 21] and peak detection algorithms [19, 22, 23]  have 

been proposed to analyze the ChIP-on-chip raw data for different type of arrays.  

 
Figure 1.3. Procedure of ChIP-on-chip experiment [19]. 
 

Many studies and applications have been proposed based on ChIP-on-chip 

binding data, such as detecting target genes of transcription factors under specific 

conditions by integrating mRNA gene expression profiles [24], de novo motif discovery 

[25] and  reconstruction of transcriptional regulatory network [26]. The major 

disadvantage is the requirement for highly specific antibodies for each protein to be 

tested, especially for higher eukaryotes studies, which usually results in limited scale of 

ChIP-on-chip binding data set. An alternative and practical way is to extract binding 

information from the promoter regions of focused genes based on sequence information. 

The DNA sequence of a gene is composed of three functionally distinct regions: 

the regulatory (or promoter) region, RNA-coding and terminator. Determining and 

understanding the promoter structure is an important prerequisite to understanding gene 

regulation. The content of the regulatory region sequence determines which transcription 

factors will be recruited and bound to it.  A transcription factor is a protein that binds to 

specific DNA sequences (binding sites) and thereby controls the transcription of genetic 

information from DNA to mRNA. The binding sites are  short DNA sequences, 
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comprising four to twenty nucleotides [27]. Most positions in the sequence are highly 

conserved (i.e., have low sequence variation) and are frequent in the regulatory regions of 

co-regulated genes bound by the transcription factor. For computational analysis a matrix 

representation of binding sites is normally used. The matrix defines the frequency of the 

four bases (Adenine, Thymine, Guanine, and Cytosine) at each position in a binding site, 

and usually it is called position weight matrix (PWM). The matrix can be obtained from 

an aligned set of (putative) binding sites, and it represents an average sequence of the 

entire set of binding sites. Given the PWM of a specific transcription factor and promoter 

sequence of focused genes, one can extract binding information using matching 

algorithm. There are many databases which provide all available transcription factors and 

their corresponding PWMs for user to search for specific binding information, such as 

TRANSFAC [28], JASPAR [29] etc. One of the major disadvantages of binding data 

extracted from sequence data is that the binding information is quite general and noisy. 

Therefore, sophisticated method is necessary to deal with the noise information.   

1.2.3. Protein-protein interaction data 

Proteins play an important role in many biological functions and they collaborate 

or interact with one another within a cell to perform some common purpose. The 

interactions between proteins have numerous different biological functions. For 

examples, signal transduction, protein complex and protein kinase. Therefore, protein-

protein interactions (PPI) are of central importance for virtually every process in a living 

cell. Information about these interactions improves our understanding of diseases and can 

provide the basis for new therapeutic approaches. There are many biochemical methods 

and physical methods to investigate the protein-protein interactions such as yeast-2-

hybrid screens [30] or mass spectrometry techniques [31]. The interaction data are 

curated and can be downloaded from many databases [32, 33]. 

Protein-protein interaction network can be represented as a graph where the nodes 

represent the proteins and edges represent the interactions between proteins (See Figure 

1.4). In most cases of protein-protein interactions, edges are undirected which show no 

cause/effect relationship between two proteins. In some particular networks, such as 

metabolic network or pathways, the interactions can be represented by directed edges 
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which indicate cause/effect relationship between proteins. Due to the noises and 

inaccuracy in measuring the interaction data in different techniques, more reliable 

networks is constructed by combining different sources of data and applying multiple 

criteria. Real values between 0 and 1 could be assigned to the interactions in the PPI 

network that show the degree of confidence of the interactions.  

 
Figure 1.4. Confidence view of a PPI network, which is extracted from STRING database [33]. The 
network contains 21 proteins and 107 interactions. Stronger associations are represented by thicker lines. 
 

Since PPI network can be represented by a graph, many graph theoretical 

techniques has been widely used to investigate the structural properties of networks. For 

examples, subgraph and centrality statistics analysis [34], identification of network motif 

[35], clustering on the PPI network for functional modules [36], prediction of functional 

category for unknown proteins [37] etc.  

1.3. Objectives and statement of problem 

In this dissertation, we develop several methods to help understand biological 

problems by integrating multiple data sources, including microarray gene expression 

data, protein-DNA interaction data (specifically for binding data) and protein-protein 

interaction data. We focus on data integration and mathematical modeling on multiple 

data sources and their applications to biological study. 
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1.3.1. Knowledge-guided biomarker identification on time course 
microarray data 

 Biomarker has a wide definition in biology and in genetics a biomarker is defined 

as a gene which causes disease or is associated with susceptibility to disease. Biomarker 

plays an important role for clinical diagnosis, drug discovery in disease study. As 

microarray technology makes it possible to measure the expression levels of thousands of 

genes simultaneously, biomarker identification has become one of the major goals of 

microarray data analysis. Microarray gene expression data can be roughly classified as 

static data or dynamic data. Static data measure gene expression levels of samples from 

different conditions, while dynamic data, also known as time course microarray data, 

represent gene expression levels of samples from successive times in a dynamic 

biological process. For static microarray data, the purpose of biomarker identification is 

to identify significant differentially expression genes between different conditions (e. g. 

cancer vs. normal). For dynamic microarray data, the purpose of biomarker identification 

becomes to find genes which are more informative to understand the underlying patterns 

of whole data or associate to a specific disease. Here we will focus on biomarker 

identification on dynamic time course microarray data. 

 In microarray data analysis, biomarker identification is challenging due to several 

reasons. First, many statistical methods fail at parameter estimation based on the 

insufficient data due to the ‘curse of dimensionality’.  Typically a microarray data set 

contains tens to hundreds (n) of observations/samples but has tens of thousands (p) of 

genes as the variables/features. Therefore the convergence of any statistic estimator to the 

true value of a function defined on a high dimensional feature space is very slow when p 

>> n. Second, only a small portion of genes in microarray data are related to specific 

biological process of interest. With little knowledge about underlying biological 

mechanism, it is hard to extract biological related biomarkers. Finally, the significant 

noise in the microarray data requires developing robust and stable methods to deal with 

the noise impact.  

 Ideally, biomarkers should not only exhibit differential gene expressions between 

normal and disease samples, but more importantly, they should also reflect their 

biological role in the disease phenotype. Most existing methods applied to time-course 
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microarray data have the limitation that extracted genes have statistical significance but 

little biologically relevant. Therefore, incorporation of prior knowledge is of great 

importance to improving the accuracy of computational methods identifying biologically 

relevant biomarkers for a specific disease. This leads to our first research topic to be 

addressed in the dissertation. We propose a novel method, namely knowledge-guided 

multi-scale ICA, to identify disease-specific biomarkers beyond partial prior knowledge. 

1.3.2. Transcriptional regulatory network identification  

 The identification of gene regulatory modules is an important yet challenging 

problem in computational biology. Uncovering transcriptional regulatory networks helps 

us understand the complex cellular process. At the transcriptional level, a regulatory 

module is defined as a set of genes controlled by one or several transcription factors 

(TFs) in a condition-specific manner [38]. Therefore identification of regulatory network 

includes determination of active transcription factors and their target genes in given gene 

expression profiles under certain condition. At the same time, transcription factor 

activities inferred from regulatory network also reveal hidden activities of biological 

processes which could not be observed directly from gene expression levels.  

 Different mathematical models for transcriptional regulatory model have been 

developed, such as Boolean network [39], Bayesian network [38] and stochastic [40], to 

capture biological system behavior based on time course microarray data alone. On the 

other hand, since protein-DNA binding data provide more biologically and physically 

meaningful information, many methods have been proposed by integrating mRNA gene 

expression profiles and protein-DNA binding data to reconstruct condition-specific 

regulatory network [26].  

 While many computational methods have been proposed to identify regulatory 

modules, their initial success is largely compromised by a high rate of false positives in 

predicting gene module members, especially when applied to human cancer studies, due 

to high level of noises in the microarray gene expression data and protein-DNA binding 

data. New strategies are needed for reliable regulatory module identification, aiming to 

reduce the false positive rate by combating the noises in binding motif information and 

gene expression data. Our second research topic to be addressed in the dissertation is for 
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reliable identification of regulatory modules, which will focus on several questions in the 

following: 

• What are the active transcription factors in given mRNA gene expression 

profiles? 

• What are the target genes for the active transcription factors? 

• How significant and reliable are the active regulatory modules? 

1.3.3. Subnetwork identification and network-based prediction 

Traditional disease biomarkers are considered as individual genes that exhibit 

significantly differential expression between different phenotypes of samples. However, 

individual genes often result in poor generalizability with respect to prediction 

performance of cancer outcome, because of the deficiencies in experimental design, 

insufficient statistical power due to small sample size and even heterogeneity among 

patient samples. As an alternative, subnetwork identification has been proposed based on 

gene expression profiles and protein-protein interactions. Several methods [41, 42] have 

been developed and achieved promising results in that more reproducible and robust 

markers can be identified and also the resulting subnetworks could reveal the underlying 

molecular mechanisms involved in disease [43].  

One of the limitations of existing methods is that genes in the PPI network were 

treated independently when the network score was designed and the network structure 

was not utilized in the analysis. It is believed that genes in a local subnetwork have 

similar functional annotation, therefore they should have similar differential expression 

pattern in order to form a significant subnetwork. Another limitation is that hub genes, 

which are more biologically relevant and have many interactions in PPI network, usually 

have little changes in expression compared with their downstream genes [44-46]. The 

resulting subnetwork may have less ability to reveal the underlying mechanism of disease 

by picking up downstream rather than hub genes. Therefore, it is urgent to develop 

mathematical models to characterize the protein network structure and consider the 

neighboring effect of a hub gene when designing the network score function. This forms 

the first part of our third research topic in the dissertation.  
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The identified biomarkers usually are evaluated by their prediction power on the 

unknown samples, given clinical outcomes. Traditional classification methods build the 

classifier only based on individual features/genes, ignoring the relationship/interactions 

among the genes.  Recently many methods have been developed to identify significant 

gene sets or pathways involved in diseases or biological processes by incorporating some 

prior knowledge, with which to help understand the underlying biological mechanism. 

For example, gene set enrichment analysis and pathway enrichment analysis approaches 

[47-49] are proposed by using membership information in functional gene clusters or 

pathways.  

Besides the membership information in prior knowledge, several algorithms were 

developed based on the interacting structure, since most prior knowledge could be 

represented by graph, such as protein-protein interactions, protein-gene interactions or 

regulatory pathways. However, the subnetworks were represented by network activities 

and they are still treated as individual features for classification in some methods [41], 

and their structure information is not explicitly shown in the decision function of 

classifiers. The second part of our third research topic is to develop new classifiers 

that consider the interactions among input features and select significant features based 

on their expression levels and characteristics in networks.  

1.4. Summary of contributions 

In the context of research topics discussed above, we summarize the main 

contributions of this dissertation in this section.   

(1) We develop a knowledge-guided multi-scale independent component analysis 

method for biomarker identification on time course microarray data. Given 

limited knowledge genes that are related to a specific disease or biological 

process, we show an initial effort to integrate them with microarray data to 

discover more biologically meaningful markers, which is different from 

traditional statistical methods. 

(2) We propose a multi-level support vector regression method for transcriptional 

regulatory network identification by integrating gene expression data and protein-
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DNA binding information. Due to the high noise levels in binding information 

and gene expression data, we focus on how to reduce the high false positive rate 

that exists in most existing methods for the identification of regulatory modules, 

through a multi-level framework and statistical significance analysis. We 

demonstrate the effectiveness of the proposed method on simulation data and 

yeast cell cycle data. We also apply the method to breast cancer cell line data and 

discovered biologically meaningful results highly related to the development of 

breast cancer.  

(3) We develop a bootstrapping Markov random field (MRF)-based method for 

subnetwork identification to indicate significantly differential subnetworks 

between two phenotypes, based on microarray gene expression data and protein-

protein interaction network. The proposed method addresses the problem that 

biologically meaningful genes with little gene expression changes across different 

phenotypes are hard to detect using traditional statistical methods. We 

demonstrate the resulting subnetworks can include more important genes related 

to significant biological processes or pathways through the simulation study. We 

also apply the proposed method to several breast cancer patient data sets for 

survival analysis, and the experimental results demonstrate that the method can 

reveal many important subnetworks associated with cancer and/or drug resistance. 

(4) We propose to develop network-constrained support vector machines for cancer 

prediction using microarray data. In particular, we formulate the relationship of 

gene-gene interactions in PPI networks as a Laplacian term, which is integrated 

into the support vector machine framework for network-constrained prediction. 

Using simulation studies, we show that the reproducibility of the proposed 

method is better than conventional prediction methods in terms of the prediction 

performance of independent test and the recovery of ground truth subnetwork. 

The prediction results on real breast cancer microarray data sets show that our 

method outperforms conventional methods and provides more biologically 

meaningful features for improved cancer prediction.  
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1.6. Organization of the dissertation 

The main research topics of this dissertation are data integration and modeling of 

different biological data sources. Specifically, we conduct our study at different levels of 

prior biological knowledge, i.e., some known biologically relevant genes, the binding 

information from transcription factors to target genes and protein-protein interactions. 

We then model the computational problems based on the unique characteristics of 

different data sources. Among them, the following research topics - biomarker 

identification based on time course microarray data, transcriptional regulatory network 

identification, subnetwork identification and network-based prediction - will be studied in 

detail.  
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Chapter 2 addresses the first research topic: knowledge-guided biomarker 

identification on time course microarray data. We first review the existing methods on 

biomarker selection. Then we discuss how to use knowledge genes to identify 

biologically relevant component in independent component analysis model. Base on that, 

we propose a multi-scale independent component analysis strategy through clustering to 

improve the accuracy of biomarker selection. Motif enrichment analysis is designed to 

evaluate the biological relevance of identified biomarkers when ground-truth is not 

available. With the criteria designed, we compare the performance of the proposed 

method with those of comparable methods on two time course microarray data sets and 

show the improvement on biomarker identification with the proposed method.  

Chapter 3 addresses the second research topic: condition-specific regulatory 

network identification by integrating gene expression data and binding information. 

Existing regulatory network identification methods with/without integrating binding 

information are first reviewed. A linear model for transcriptional regulatory network is 

then discussed and a two-step support vector regression algorithm is proposed to solve 

the linear model with noisy binding information in order to obtain reliable results. 

Finally, a multi-level regression strategy based on a clustering framework is developed to 

identify stable and consistent regulatory modules, followed by a statistical analysis to 

ensure the significance of identified modules. The proposed method is applied to both 

synthetic and real microarray data and compared with some existing benchmark methods. 

The performance in identifying transcription factors and their target genes is compared 

and the results demonstrate the effectiveness of the proposed method. 

Chapter 4 addresses the third research topic: subnetwork identification and 

network-based prediction using microarray data and protein-protein interaction network. 

For subnetwork identification from microarray data, we first review the existing methods 

and discuss the limitation of these methods. Then we present a bootstrapping Markov 

random field (MRF)-based subnetwork identification method by integrating microarray 

gene expression data and protein-protein interaction network. A network score is derived 

based on the framework of MRF-maximum a posterior (MAP). Then simulated annealing 

search algorithm is implemented to ensure finding the optimal/suboptimal solution. 

Finally bootstrapping scheme is carried out for confidence assessment of selected nodes 
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in the subnetworks. We evaluate the proposed method on simulated data and the 

comparison studies demonstrate that the method outperforms some benchmark methods 

for subnetwork identification. Finally we apply the proposed method to real microarray 

data and the results show that the proposed method can identify important subnetworks 

related to breast cancer and drug resistance. For network-based prediction, we propose a 

network-constrained support vector machines (SVMs) method for classification and 

prediction, by integrating microarray gene expression data and PPI networks. The 

structure of a network is represented by a Laplacian matrix of graph and incorporated into 

the support vector machine framework. The mathematical model is derived and then the 

solution of network-constrained SVMs is presented. Statistical significance analysis is 

designed for significant subnetwork identification. We conduct simulation experiments 

for the proposed method, and compare with conventional SVM. The results show that the 

proposed method improves feature selection capability and achieves better 

reproducibility on independent tests. The prediction performance on real microarray data 

sets outperforms conventional method and reveals more biologically meaningful features.  

Chapter 5 summarizes the original contribution of this dissertation research work, 

discusses several problems and tasks for the future work and draws the conclusion of the 

dissertation.  
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2  Knowledge-guided Multi-scale Independent 
Component Analysis for Biomarker 
Identification 

2.1. Introduction 

 Under their broadest definition, biomarkers include any biological or chemical 

indicator of a specific underlying process. In genetics, biomarkers are defined as a set of 

genes that are associated with a disease or are associated with the susceptibility to 

develop a specific disease. Microarray technology makes it possible to measure 

simultaneously the expression levels of thousands of genes, and identifying meaningful 

and useful biomarkers from these large data sets is a common goal. Specifically, 

investigators attempt to detect genes differentially expressed across different types of 

tissue samples or the samples obtained under different experimental conditions. 

Traditional biomarker identification methods have mainly been applied to statistical 

analysis of microarray data alone; T-test [50] and significance analysis of microarray 

(SAM) [14] are frequently used to detect differentially expressed genes between two 

phenotypes. Several new statistical methods have been developed to analyze time-course 

microarray data. Storey et al. proposed an algorithm (EDGE) to fit the time-course 

microarray data with natural cubic splines, followed by a goodness-of-fit test to detect 

differentially expressed genes [51]. Conesa et al. also proposed a two-step regression 

approach to sequentially identify differentially expressed genes from time-course 

microarray data under different conditions [52]. However, these and many related 

approaches do not incorporate knowledge of gene function, with respect to the 

phenotypes of interest, into their statistical models. 

 Ideally, biomarkers should not only exhibit differential gene expressions between 

normal and disease samples, but more importantly, they should also reflect their 
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biological role in the disease phenotype. Most significance analysis methods applied to 

population (static) or time-course microarray data have the limitation that genes are 

analyzed independently and the interactions among them are ignored. Clustering 

methods, such as k-means clustering [53] and self-organizing maps (SOMs) [54], were 

introduced to group the genes with similar expression patterns. A shortcoming of the 

clustering methods is that they do not allow genes to be shared by multiple clusters.  

However, a single gene can be involved in multiple distinct biological processes [55]. 

One solution to this problem is to first infer gene regulatory networks [38, 56-59] that 

appear to control or regulate phenotypically relevant biological functions, and then to 

extract the most biologically and statistically relevant biomarkers.  

The application of Independent Component Analysis (ICA) to microarray data has 

shown some utility in regulatory network inference [57, 60]. ICA is a statistically-

principled linear decomposition method that models the observations as a linear 

combination of some latent (or hidden) variables [61]. From the perspective of a gene 

regulatory mechanism, any gene expression value can be regarded as a combinational 

effect of some regulatory inputs such as transcription factors, cellular functions, or 

responses to experiment conditions [57, 59]. As demonstrated in previous work [62] 

along with that of others [57, 59], novel applications of ICA to high-throughput data from 

microarray technology can help reveal dominant regulatory mechanisms.  

It is not a trivial task to link the estimated latent variables from ICA to real 

biological functions. To identify biologically relevant biomarkers for a specific disease, 

the incorporation of prior knowledge is of great importance to improving the accuracy of 

computational methods [63]. However, complete prior knowledge is often difficult to 

obtain. Some prior knowledge, such as regulatory motif information (promoter 

responsive element sequence) is available and can be incorporated into microarray data 

analysis to assist in regulatory module identification [64, 65]. Recently, a new approach 

called motif-directed network component analysis (mNCA) is developed to infer 

transcription regulatory activities (TFAs). This approach incorporates a stability analysis 

procedure to overcome the problem of many false positives in motif information [66]. 

Since we can only use known motifs, a clear limitation of the mNCA method is that we 
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cannot infer any new potential regulatory biomarkers beyond prior knowledge from the 

model.  

We propose a novel method, namely knowledge-guided multi-scale ICA, to 

identify disease-specific biomarkers beyond partial prior knowledge. We assume that a 

latent variable estimated by ICA from the entire gene expression population represents 

the joint effect of several biological functions. Disease-specific biomarkers could be 

involved in several different biological functions by the ICA latent variables or linear 

regulatory modes. Therefore, we first cluster the whole gene population into multiple 

sub-populations in which only a few biological processes are involved. We then uncover 

the knowledge-relevant regulatory modes in each subpopulation based on the partial prior 

knowledge. Finally, disease-specific biomarkers are extracted according to the strength of 

their association with the extracted regulatory modes. A statistical test is applied to 

evaluate the significant enrichment of transcription factors for the extracted biomarkers 

based on motif information.  

For algorithm validation, we applied our approach to two time-course microarray 

data sets to demonstrate its improved performance. The first data set is a yeast cell cycle 

microarray data set with 104 well known cell cycle-related genes; the second is a 

remodeling and spacing factor 1 (Rsf-1) induced microarray data set from a profiling 

study of ovarian cancer. The experimental results show that our approach can identify 

biologically meaningful disease-specific biomarkers related to ovarian cancer, as 

compared to other gene selection methods with or without prior knowledge. 

Organization of this chapter is as follows. In Section 2.2, we discuss the whole 

procedure of the proposed method which includes knowledge-guided multi-scale 

independent component for biomarker identification and motif enrichment analysis for 

biological evaluation. In Section 2.3, we introduce several baseline methods for 

biomarker identification on time course microarray data set in order to compare with the 

proposed method, as well as the evaluation criteria in the condition that ground truth 

biomarkers are known and unknown. In Section 2.4, we show the experiments and results 

on two microarray data sets, followed by discussion and conclusion in Section 2.5 and 

2.6, respectively. 
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2.2. Methods 

If we apply ICA directly onto an entire gene expression population, the extracted 

regulatory modes will reflect the joint effect of several biological functions, some of 

which are related to the disease under study and some are not. To overcome this problem, 

we developed a divide-and-conquer strategy. We applied a knowledge-guided multi-scale 

ICA approach to extract disease-related regulatory modes reliably, and then we identify 

the biomarkers associated with the modes. The overall scheme is illustrated in Figure 2.1. 

Firstly, a knowledge gene pool (KGP) is constructed by collecting the genes that are 

known to be relevant to the specific disease from available databases and literatures. 

Secondly, the entire gene population is divided into sub-populations by a clustering 

method applied to the microarray data and, to identify regulatory modes, ICA is applied 

to each sub-population. The most relevant linear regulatory mode in each cluster is 

extracted using the gene metadata in the KGP and the associated biomarkers are ranked 

according to their weighted loading factors. Finally, motif enrichment analysis is 

conducted to evaluate the extracted biomarker candidates in terms of the enrichment of 

disease-related transcription factors.  

 
Figure 2.1. Flow chart of the proposed method - knowledge-guided multi-scale independent component 
analysis (ICA) - for biomarker identification. 
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2.2.1. Independent component analysis (ICA)  

Consider a gene expression data matrix X = [xji], whose rows correspond to 

different microarray samples, and columns correspond to individual genes. ICA 

decomposition model can be mathematically formulated as (assuming noiselessness for 

simplicity): 

 ,LMMNLN A ××× = SX  (2.1) 

 ,LNNMLM W ××× = XU   (2.2) 

where Equation (2.1) describes the linear combination model with mixing matrix A, and 

Equation (2.2) the decomposition model with de-mixing matrix W. S, X and U are 

independent components, mixtures, and estimated independent components, respectively. 

M is the number of independent components, N the number of samples and L the number 

of genes.  

In microarray data analysis, an ICA model could be interpreted as the expression 

value of an individual gene i under condition j (xi(j)) is the summation of different linear 

modes in A at condition j (ak(j)) weighted by independent loading factors sik in S [8], as 

shown below: 

 
1

( ) ( ), 1,..., ; 1,...,
M

i ik k
k

j s j i L j N
=

= = =∑x a .  (2.3) 

The linear modes in A might reflect distinct regulatory mechanisms involved in 

gene regulation, such as transcription factor (TF) activities. The FastICA algorithm [67] 

can be utilized to obtain A and S based on the assumption that the components are 

statistically independent and have non-normal distributions (typically super-Gaussian). 

This assumption is biologically plausible as most genes are not expected to change 

dramatically. Only the genes involved in distinct regulatory mechanisms will change, 

producing super-Gaussian distributions in microarray data.  

Several methods have been developed to associate a set of genes with a specific 

linear mode [57, 59, 68]. These methods each assume that genes with the highest absolute 

loading values are the significant genes associated with linear mode ak. Here, genes are 

ranked by a modified criterion based on the same assumption as described in the next 

section. 
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2.2.2. Knowledge-guided multi-scale ICA 

Since ICA is an unsupervised method, it is difficult to determine which linear 

modes are related to specific biological functions. To identify the biomarkers relevant to 

a specific biological function, prior knowledge could provide guidance for any 

computational method. In this approach, we will collect a KGP containing genes strongly 

associated with the disease and use these to guide the ICA approach for disease-relevant 

biomarker identification. Notice that the total connection strength of the knowledge genes 

associated with a disease-relevant linear mode would be larger, in principle, than that of 

irrelevant linear modes. Based on this observation, the most knowledge-relevant linear 

mode can be determined from the estimated ICA modes and the associated genes can 

then be extracted.  

However, if we apply ICA to the entire molecular profile, the estimated linear 

modes will likely reflect the joint effect of several biological functions, even for the most 

knowledge-relevant mode, because many disease-irrelevant but differentially expressed 

genes co-exist in the data. Conversely, biomarkers should be involved in several different 

linear modes in relation to underlying biological processes. Therefore, it is reasonable to 

first separate the entire profile into sub-populations. We can then find the specific ICA 

linear modes from different subsets of genes rather than from the whole gene population; 

this approach is referred to as the “multi-scale ICA” approach here. Since these modes 

will be associated with different parts of the knowledge genes in the KGP, they are more 

suitable for biomarker identification. Clustering methods, such as k-means clustering and 

SOMs, can be used to form the subsets of genes, with the assumption that the genes 

involved in similar biological functions are more likely to exhibit similar expression 

patterns than genes involved in different biological functions.   

Our method can be mathematically described as follows. Assume a whole gene 

population G in a microarray data X has been clustered into n subsets, G1, G2, …, Gn. For 

each subset Gi (i=1,…,n), we apply ICA to find the most knowledge-relevant linear mode 

aj according to the total connection strength of the knowledge genes in this subset.  Thus, 

the index j can be obtained by 

 arg max( ) 1,...,
i

gm i
m g K

j s m M
∈

= =∑  ,  (2.4) 
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where sgm is the loading factor for gene g associated with linear mode am, Ki the subset of 

knowledge genes in the ith cluster, and Mi the number of independent components in the 

ith cluster.  

Then each gene g in this subset is assigned a score c, which is defined as follows: 

 , , i
g i gj i i

K
c w s g G w

K
= ∗ ∈ =   ,  (2.5) 

where wi   is a weight to represent the significance of the linear mode in the ith subset 

associated with the prior knowledge. Here we define wi as the proportion of all 

knowledge genes in this subset with respect to the entire KGP (K). Once the knowledge-

relevant linear modes in all subsets are determined, each gene will have a score assigned 

and we rank the genes in terms of their scores. The larger the score, the more strongly the 

gene is related to the biological process. 

A key issue in this method is how to determine the optimal cluster number when 

forming the subsets of genes. Here, we determine the optimal cluster number by a cross-

validation approach. Specifically, we assume the optimal cluster number is in some 

range, from 1 to an upper limit. For each cluster number, the knowledge genes are 

randomly stratified into a training gene set (as our partial prior knowledge gene set) and a 

test gene set by a ten-fold cross-validation approach. The method is applied with the 

partial prior knowledge genes to rank the whole gene population, and prediction accuracy 

is tested on the test gene set. The above procedure is repeated 10 times, once for each left 

out fold, and an average accuracy over the ten folds is reported. We select the number 

with the highest average accuracy as the optimal cluster number for clustering. The upper 

limit of cluster numbers should be cautiously determined by the number of knowledge 

genes and the number of genes in the full profile. If the number of clusters is too large, it 

will lose the ability to infer novel biomarkers. An extreme case is that each individual 

gene forms a cluster and then we can only obtain the correct ranks for known genes. 

Genes not in the KGP will be randomly ranked, which is not informative at all for 

biomarker identification. If the cluster number is too small, the estimated linear modes 

may be incorrect due to the presence of many irrelevant genes. In our experiments, we set 

the upper limit as 10 for the yeast cell cycle data set and 15 for the ovarian cancer 

microarray data set, respectively.   
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2.2.3. Knowledge gene pool (KGP) 

 Each KGP is a collection of those genes that are potentially most strongly related 

to a specific disease. Usually there are thousands of genes in microarray data and most of 

them are not relevant to a specific disease even though they exhibit changes in gene 

expression level. The knowledge gene pool is an important asset for data analysis since it 

helps reduce many false positives. However, in most cases, little prior knowledge can be 

obtained, and the available knowledge is usually neither complete nor sufficiently 

accurate to fully define the specific disease under study. Thus, the KGP is best used as a 

guide for biomarker identification. In our studies, the KGP is primarily constructed from 

the published biological literature or from databases such as Ingenuity Pathway Analysis 

(IPA; Ingenuity Systems: http://www.ingenuity.com) and the TRANSFAC 11.1 

Professional Database [28].    

2.2.4. Evaluation by motif enrichment analysis 

For microarray data analysis, there is often no ground truth (i.e., true biomarkers 

known to be related to a specific biological process or disease under study) available for 

us to evaluate the performance of a biomarker identification method. However, we know 

that gene expression is often regulated by transcription factors (TFs), proteins that bind to 

promoter or enhancer sequence elements upstream of genes and either activate or inhibit 

gene expression. Here, with the motif information provided, we have designed a 

statistical test to evaluate the enrichment of transcription factors for a gene set identified. 

A gene-transcription factor matrix M is generated where each element in the matrix, mgf, 

represents how well the upstream sequence of a gene g matches the motif that a 

transcription factor f binds to. For human genes, 2Kbp upstream regions from the 

transcription start sites (TSSs) of the genes are extracted from the UCSC genome 

databases [69]. Match™ [70] is then used to search the transcription factor binding site 

(TFBS) by its position-weighted matrices (PWMs) in a gene’s upstream region, which 

outputs the scores of core similarity and matrix similarity for each matched motif. Since 

one TF may have multiple TFBSs, we use the summation of average scores of core 

similarity and matrix similarity to set the final value of mgf. 
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Given a gene set S extracted by a computational method, a statistic to measure the 

enrichment of a specific transcription factor f is defined as  

 .∑
∈

=
Sg

gff me  (2.6) 

To calculate the statistical significance (p-value), we need to form a null 

distribution. The null hypothesis is that the gene set is randomly generated from the gene 

population and there is no significant enrichment of the transcription factor f. We 

randomly select gene sets with same size of S from the baseline gene population, and 

repeat B times to generate the corresponding null statistic enrichment score b
fe0 , for b = 

1,…,B. The null hypothesis distribution is assumed to be symmetric in this study. The p-

value can be obtained for each gene set by calculating the probability that a null gene set 

has a statistic more extreme than the observed statistic. Mathematically, the p-value can 

be calculated by: 
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2.3. Baseline experiments and evaluation method 

To evaluate the performance of our proposed approach, EDGE algorithm [51] was 

first considered as a comparison method since it was specially designed to identify 

statistically significant genes from time-course microarray data. However, this 

comparison is insufficient due to that EDGE does not incorporate knowledge genes to 

provide guidance for biomarker identification. On the other hand, given partial prior 

knowledge genes, traditional supervised classification methods are not suitable to predict 

whether a gene is related to prior knowledge because there is no true negative gene 

available. Therefore, we design three baseline biomarker identification methods that 

incorporate partial prior knowledge for a fair comparison. The first baseline ICA method 

is designed to evaluate if our multi-scale strategy by clustering offers an improved 

performance for biomarker identification. Two correlation methods with or without 

clustering are then implemented to identify the genes exhibiting similar patterns with 



 27 

partial prior genes, compared to the ICA approach focusing on regulatory mode 

identification. Specifically, the first method is a baseline ICA method where ICA is 

applied to the entire expression profile and the partial prior knowledge is used to find the 

most knowledge-relevant linear mode by Equation (2.4). Genes are ranked according to 

their absolute connection strengths associated with this linear mode. The second method 

estimates the correlation with the partial prior knowledge genes without clustering 

(baseline correlation method-1). Genes are then ranked based on their absolute 

correlation coefficients between an individual gene expression profile and the average 

profile of partial prior knowledge genes. However, taking the average profile of all 

knowledge genes may reduce the sensitivity of detection, especially when the genes in 

KGP are not similar to each other. To overcome this problem, the third baseline method 

is a weighted correlation method based on a clustering approach (baseline correlation 

method-2). Similar to the multi-scale ICA method, the entire gene population is grouped 

into several sub-populations and a gene in each cluster is assigned a score. The score is 

the weighted absolute correlation coefficient between an individual gene expression 

profile and the average profile of partial prior knowledge genes in this cluster. The 

weight is then calculated using Equation (2.5) and genes are ranked according to their 

scores. 

Given a ranked gene list and knowledge gene set, we can use the Receiver 

Operating Characteristic (ROC) curve [71] and the area under the curve (AUC) to 

measure the test accuracy for each biomarker identification method. ROC curve is a 

graphical plot of true positive rate (TPR) vs. false positive rate (FPR). AUC is an 

important performance measure that provides an overall measure of accuracy for the test. 

Given a ranked gene list (g1, g2, …, gn) with a total of n genes and the ground truth gene 

set Gk with k genes, true positive rate and false positive rate, when selecting top i genes 

Gi in the list, are calculated as follows: 
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Given the ground truth biomarkers, we can evaluate the performance of our 

proposed method through ROC and AUC analysis. However, it is also important to 

estimate the significance level (p-value) of a potential biomarker gene, especially with 

the false discovery rate (FDR) control when there is no ground truth. People are more 

interested in how many genes are statistically plausible as true biomarkers given a certain 

false discovery rate cut off. False discovery rate control is an effective statistical method 

used in multiple hypothesis testing to correct for multiple comparisons [72]. In a list of 

rejected hypotheses, FDR controls the expected proportion of incorrectly rejected null 

hypotheses (type I errors). In order to calculate FDR corrected p-value, we used gene 

score cg to first calculate the p-value of each gene as the biomarker associated with the 

KGP. We assume that the gene score roughly follows an exponential distribution, which 

is consistent with a well-known biological constraint, i.e., only a few of genes will be 

involved in some specific biological processes. We then computed the p-value by 

estimating the probability of the observed gene score being more extreme than the ones 

following the estimated exponential distribution. Finally we used the Story procedure 

[73] to control the FDR and computed FDR corrected p-value for the biomarkers 

identified.     

2.4. Experiments and results 

We applied our knowledge-guided multi-scale ICA method to two gene 

expression profiling studies: (1) a yeast cell cycle microarray data set [74] and (2) an Rsf-

1-induced microarray data set. The yeast cell cycle data set consists of the expression of 

6178 Open Reading Frames (ORFs) during the cell replication cycle in the budding yeast 

(Saccharomyces cerevisiae). The data set consists of 77 samples corresponding to various 

experiment conditions. Approximately 800 genes have been identified as cycle-regulated 

genes; among these 104 genes have been well studied [74]. The goal of this experiment is 

to identify the cell cycle-regulated linear modes and then extract the corresponding genes 

associated with the cell cycle.  We used the 104 genes as our training knowledge gene set 

and the remaining 704 genes as an independent test set for evaluation.  
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The Rsf-1-induced microarray data set was acquired and analyzed in our 

experiment. The dataset was generated using Affymetrix Human Genome U133 Plus 2.0 

Arrays from an expression profiling study of ovarian cancer at the Johns Hopkins 

Medical Institutions. The study was designed to identify Rsf-1 regulated genes in ovarian 

cancer; Rsf-1 (also known as HBXAP) is a newly discovered gene frequently amplified 

in ovarian cancer [75]; the protein participates in chromatin remodeling which is essential 

for a variety of cellular functions including transcription, DNA replication, and DNA 

repair. The data set is composed of 7 samples with two biological conditions (Rsf-1-

induced and not Rsf-1-induced) and four time points at 0 hour, 6 hours, 18 hours, and 30 

hours. We used Affymetrix Probe Logarithmic Intensity Error (PLIER) algorithm with 

quantile normalization to preprocess the original intensity data for gene expression 

measurements [12]. After the preprocessing, we obtained expression measurements of 

54,675 probe sets for each sample. 

The EDGE algorithm was first applied to select statistically significant expressed 

genes from yeast cell cycle data and Rsf-1 induced ovarian cancer data, respectively. 

After ranking all genes in terms of their q-values estimated from EDGE, we calculated 

AUC values for yeast cell cycle-related genes and ovarian cancer-related genes, 

respectively (see below). As a result, both AUC values are relatively low (around 0.5), 

which indicates that the genes identified from pure data-driven methods (such as EDGE; 

without prior knowledge guidance) may not show strong biological relevance.  

2.4.1. Yeast cell cycle data 

To reduce computational complexity, k-means clustering was used to form the 

subsets of genes for both datasets. The number of independent components in the 

FastICA algorithm was set to five for this dataset, since our previous dimension 

estimation approach with a stability analysis procedure [76] showed that five independent 

components are sufficient to describe the gene expression data. We first conducted ten-

fold cross-validation on the well studied 104 cell cycle-related genes. For each fold, the 

optimal cluster number is determined by a nested cross-validation procedure on the 

training gene set, as illustrated in Figure 2.2. The number of clusters ranges from 1 to 10. 

Notice that when the number is 1, no clustering is needed and the algorithm reduces to 
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the baseline ICA method. Each ten-fold cross-validation is repeated 10-times with 

different randomly chosen stratified sets of knowledge genes. Since the k-means 

clustering method generates different results depending on its random initialization, we 

repeat the procedure ten times with different initializations to obtain more reliable results. 

The results reported here are the average results of the ten different initializations.  

The resulting average AUC value of ten-fold cross-validation on 104 genes is 

0.9206 with standard deviation of 0.0470. Figure 2.3 shows the histogram of determined 

optimal number of clusters during the ten-fold cross-validation procedure. From the 

figure we can see the most frequent number of clusters is five. Then we implemented 

three baseline methods for ten-fold cross-validation as comparisons. For baseline 

correlation method-2, we chose the optimal cluster number from the multi-scale ICA 

method for a fair comparison. The ROC curves of ten-fold cross validation for the two 

baseline correlation methods, the baseline ICA method, and our multi-scale ICA method 

are shown in Figure 2.4. The ROC curves show that the multi-scale ICA method 

outperforms the baseline correlation method-2, and that the baseline ICA approach is 

better than the baseline correlation method-1. Overall, the proposed multi-scale ICA 

method significantly outperforms all three baseline methods as estimated by the 

Kolmogorov-Smirnov (K-S) one-sided test (Table 2.1). 
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Figure 2.2. Procedure of ten-fold cross-validation. The optimal number of clusters is determined by a 
nested ten-fold cross-validation on training gene set. 
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Figure 2.3. Histogram of determined optimal number of clusters in ten-fold cross- validation on yeast cell 
cycle data set. 

 
Figure 2.4. ROC curves of ten-fold cross-validation for four biomarker identification methods on training 
knowledge gene set of yeast cell cycle data set. Solid line represents the multi-scale ICA method; dash-
dotted line represents the baseline ICA method; dotted line represents the correlation method-1; dash line 
represents the correlation method-2. 
 
Table 2.1. P-values of Kolmogorov-Smirnov test for different methods on yeast cell 
cycle data using ten-fold cross-validation 

Method 1 Method 2 P-values of 
 K-S test 

Optimal ICA Baseline ICA <1e-10 
Optimal ICA Correlation method 1 <1e-10 
Optimal ICA Correlation method 2 <1e-5 
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To further test the generalizability of our method, we conducted ten-fold cross-

validation on the 104 genes using a subset of samples. The original data set includes 77 

samples synchronized by three independent methods: α factor arrest, elutriation and arrest 

of a cdc 15 temperature-sensitive mutant [74] . We selected 63 samples from all the 

samples by excluding those samples under elutriation condition. The resulting average 

AUC value is 0.9157 with standard deviation of 0.0458. Also the most frequent optimal 

cluster number is five (with a frequency of 65%), which shows a great consistency when 

compared to the result using all the samples.         

All 104 knowledge genes were then used as a training set in the algorithm to test 

704 cell cycle-related genes for all four methods. During the training, we still used ten-

fold cross-validation to determine the optimal number of clusters. Figure 2.5 shows the 

average AUC values and their standard deviations in ten-fold cross-validation across 

different number of clusters. From the figure we can see that the average AUC (standard 

deviation), starting at 0.892 (0.0006) for the full gene population, decreases a little at two 

and three clusters. The AUC increases gradually and reaches the peak of 0.9274 (0.0071) 

at five clusters, at which it remains constant. So the optimal number of clusters for multi-

scale ICA approach is five. Then an independent evaluation was performed on the test 

gene set and the ROC curves for these four methods was calculated when the cluster 

number is five (Figure 2.6). The ICA-based methods significantly outperform the 

baseline correlation methods, and the multi-scale ICA is the best method when compared 

with the three baseline methods (Table 2.2).   

 
Figure 2.5. Average area under the curve (AUC) values using ten-fold cross-validation with different 
numbers of clusters on 104 knowledge genes. The knowledge-guided multi-scale ICA method is applied to 
yeast cell cycle data set for the identification of cell cycle-related genes. 
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Figure 2.6. ROC curves of four biomarker identification methods on yeast cell cycle data set with an 
independent test gene set. 
 
Table 2.2. P-values of Kolmogorov-Smirnov test for different methods on yeast cell 
cycle data using an independent test gene set. 

Method 1 Method 2 P-value of 
 K-S test 

Optimal ICA Baseline ICA <1e-10 
Optimal ICA Correlation method 1 <1e-10 
Optimal ICA Correlation method 2 <1e-10 

 

We examined in detail the extracted knowledge-relevant linear modes and the 

biological functions of their associated cell cycle-regulated genes. Figure 1.1 shows five 

knowledge-relevant linear modes and their weights as identified when the number of 

clusters is set at the optimum number of five (Figure 2.5). The top three linear modes 

have much higher weights than the lower two modes and their estimated TFAs clearly 

show periodic patterns related to cell cycle. We examined the biological functions of 

these well-known cell cycle-regulated genes associated with these three linear modes. 

The majorities of genes in linear mode L3 are associated with the M/G1 boundary or are 

known transcriptional targets of STE12/MCM1. Most of the genes in linear mode L1 are 

SCB/MCB regulated in late G1 and S phase. Finally, many genes in linear mode L2 are 

in S/G2 and G2/M phases. In summary, we can see that the linear modes L3, L1, and L2 

correspond to different biological functions in cell cycle process. 
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Figure 2.7. Five cell cycle-related linear modes in the proposed multi-scale ICA approach on yeast cell 
cycle data set. The weight is also listed in the figure for each linear mode. 
 
Table 2.3. Top10 genes selected by the proposed multi-scale ICA method on yeast cell 
cycle data and their FDR corrected p-values < 1.0e-07. 

Rank ORF Name FDR corrected 
p-value Short Description 

1 YPL256C CLN2 0.19e-10 CycLiN; G1 cyclin involved in regulation of the cell 
cycle 

2 YOL007C CSI2 0.19e-10 Chitin Synthesis Involved; protein of unknown function 

3 YKR013W PRY2 0.44e-10 Pathogen Related in Yeast; protein of unknown 
function 

4 YDL003W MCD1 0.15e-09 Mitotic Chromosome Determinant; expression is cell 
cycle regulated and peaks in S phase 

5 YML027W YOX1 0.15e-09 Homeodomain-containing transcriptional repressor 
6 YBR088C POL30 0.37e-09 POLymerase; proliferating cell nuclear antigen (PCNA) 

7 YLR183C TOS4 0.37e-09 Target of SBF; promoters of some genes involved in 
pheromone response and cell cycle;  

8 YIL140W AXL2 0.37e-09 AXiaL budding pattern; glycosylated by Pmt4p; 
potential Cdc28p substrate 

9 YGR189C CRH1 0.21e-08 Congo Red Hypersensitive; cell wall protein ; putative 
chitin transglycosidase 

10 YER070W RNR1 0.62e-08 

RiboNucleotide Reductase; the RNR complex catalyzes 
the rate-limiting step in dNTP synthesis and is 
regulated by DNA replication and DNA damage 
checkpoint pathways via localization of the small 
subunits 
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The top 10 genes selected by multi-scale ICA method are listed in Table 2.3. 

Among them, four genes (CLN2, MCD1, POL30 and RNR1) are in the known training 

gene set. All other genes (CSI2, PRY2, YOX1, TOS4, AXL2 and CRH1) are the genes 

related to cell cycle beyond our training gene set, i.e., in the test gene set. The results 

show that our method is effective at finding novel biomarkers beyond knowledge, which 

is clearly an important feature of the proposed approach for novel biomarker 

identification beyond prior knowledge. In most of cases, especially for human disease, 

knowledge genes are limited and we need to infer the new ones from partial knowledge 

for biomarker discovery. 

2.4.2. Rsf-1-induced gene expression data 

Knowledge gene pool (KGP) 

To construct the KGP, we started with the known gene Rsf-1 and its related 

genes, NF-kappa B (NFKB1) and SMARCA5 (also known as hSNF2H) as reported in 

[77], to search the databases. We used Ingenuity Pathway Analysis (IPA) to extract 95 

genes that are thought to be directly related to NFKB1 and SMARCA5. Note that there is 

no network related to Rsf-1 in the current IPA database. We also included 43 genes from 

TRANSFAC 11.1 Professional Database [28], whose protein products are transcription 

factors biologically relevant to ovarian cancer as reported in literature. Hence, our KGP 

consists of 141 distinct Affymetrix probe set identifiers that represent the expression 

values for the 138 genes. 

Multi-scale ICA results 

We used ‘tanh’ nonlinearity in the FastICA algorithm: other parameters were set 

at their default values. The number of the independent components is set to a maximum 

value of 6 due to the limitation of sample size. Ten-fold cross-validation was conducted 

on our partial prior knowledge genes, where the optimal cluster number was determined 

by a nested cross-validation approached for each fold as shown in Figure 2.2. The 

number of clusters was set from 1 to 15. We also repeated 10 times for ten-fold cross-

validation and k-means clustering in order to generate more reliable results.  The 

resulting average AUC is 0.7203 with standard deviation of 0.0804.  Figure 2.8 shows the 

histogram of determined optimal cluster number in the ten-fold cross-validation 
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procedure and we can see that the most frequent cluster number is 4. We compared the 

ROC curves for the two baseline correlation methods, the baseline ICA and the multi-

scale ICA for ten-fold cross-validation (Figure 2.9). The results in Table 2.4 show that 

multi-scale ICA method performs significantly better than baseline ICA method and 

baseline correlation method-1 with p-value < 1e-10, while performing marginally better 

than baseline correlation method-2 (p-value = 0.0037). Since baseline correlation 

method-2 also calculates clustered average profiles of the prior knowledge genes, this 

result indicates that the multi-scale approach by clustering is an effective strategy to 

improve the performance for ovarian cancer-related biomarker identification. On the 

other hand, a major weakness in baseline correlation method-1 lies in that the average 

profile of all prior knowledge is used when their expression profiles are not similar to 

each other.  

 
Figure 2.8. Histogram of determined optimal number of clusters in ten-fold cross- validation on ovarian 
cancer data set. 
 
Table 2.4. P-values of Kolmogorov-Smirnov test for different methods on Rsf-1-induced 
ovarian cancer microarray data. 

Method 1 Method 2 p-value of 
 the K-S test 

Optimal ICA Baseline ICA <1e-10 
Optimal ICA Correlation method 1 <1e-10 
Optimal ICA Correlation method 2 0.0037 
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Figure 2.9. ROC curves of ten-fold cross-validation for four biomarker identification methods on 
knowledge gene set of ovarian cancer data set. Solid line represents the multi-scale ICA method; dash-
dotted line represents the baseline ICA method; dotted line represents the correlation method-1; dash line 
represents the correlation method-2. 

 
 

Evaluation by motif analysis 

All knowledge genes were used as the training set in the algorithm to rank the 

whole gene population for all four methods. During the training, we still used ten-fold 

cross-validation to determine the optimal number of clusters in multi-scale ICA method. 

Figure 2.10 shows the average AUC values and their standard deviations obtained with 

different numbers of clusters for the ten-fold cross-validation; the average AUC (standard 

deviation), starting at 0.6146 (0.0004) for the whole gene population, increases to 0.7329 

(0.0253) at two clusters and reaches the maximum value of 0.7343 (0.0210) at four 

clusters, and remains almost constant thereafter. Therefore, the optimal number of cluster 

for the multi-scale ICA approach was selected as four.  Specifically, we examined 

estimated linear modes from ICA methods. Figure 2.11 shows the estimated knowledge-

related TFAs using baseline ICA method and Figure 2.12 shows the estimated four 

knowledge-related TFAs and their weights using our multi-scale ICA method. We 

observe that one of the TFA patterns in Figure 2.12 (L3) is similar with that in Figure 

2.11, which indicates that multi-scale ICA method can estimate more TFAs for 

knowledge-related genes than baseline ICA method. Four different linear modes and their 
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weights in Figure 2.12 also indicate that the expression patterns of the genes in KGP are 

not similar to each other, which seems to be the major reason behind that baseline 

correlation method-1 (using the average profile of all prior knowledge) underperforms 

other methods. 

 
Figure 2.10. Average AUC values using ten-fold cross-validation across different numbers of clusters. The 
knowledge-guided multi-scale ICA method is applied to Rsf-1-induced ovarian cancer microarray data for 
the identification of disease-specific biomarkers. 
 

 
Figure 2.11. Estimated knowledge-related TFAs using baseline ICA method. X-axis represents the time 
and Y-axis represents the estimated TFAs. 

Ovarian cancer dataset

0.5

0.55

0.6

0.65

0.7

0.75

0.8

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

number of clusters

av
er

ag
e 

A
U

C

0hour 6 hour 18 hour 30 hour
-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

es
tim

at
ed

 T
FA

s 
(lo

g 
ra

tio
)

control
Rsf-1 induced



 40 

 
L1, w1 = 0.1765 

 
L2,w2 = 0.1176 

 
L3, w3 = 0.3235 

 
L4,w4 =0.3824 

Figure 2.12. Estimated four knowledge-related TFAs using the proposed multi-scale ICA method. X-axis 
represents the time and Y-axis represents the estimated TFAs. 

 

For the final ranked gene lists, we performed motif enrichment analysis to 

evaluate the performance of each of the four different methods for biomarker 

identification. Specifically, among 43 ovarian cancer-related TFs extracted from 

TRANSFAC 11.1 Professional Database [28], 14 TFs have their PWMs available and we 

generated the gene-TF matrix M for them. For each TF, a PWM was chosen from the 

vertebrate non-redundant profiles. Table 2.5 lists their TRANSFAC PWM entry IDs and 

the corresponding TF descriptions. To increase the statistical power, we conducted 

multiple tests by selecting different gene sets with different sizes for different gene 

selection methods. The number of genes in each gene set ranges from 100 to 1,000 and 

the average p-values for 14 TFs are reported. Figure 2.13 shows the average p-values of 

TFs enrichment for different gene sets selected by different methods. Both ICA methods 

outperform the baseline correlation methods in terms of finding more enriched ovarian 

cancer-related TFs binding sites. Moreover, our multi-scale ICA method is slightly better 

than baseline ICA method for motif enrichment. It is worth noting that although both 

multi-scale ICA and baseline ICA methods can extract ovarian cancer-related biomarkers 
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with significant motif enrichment, multi-scale ICA method can help reveal more 

biomarkers related to ovarian cancer. For this experiment, it is also expected to have 

similar TF enrichment from both methods, since one common linear mode is revealed by 

both methods (i.e., the mode in Figure 2.11 is very similar with the L3 mode in Figure 

2.12).  From the pattern of this common mode, we postulate that this is a major mode 

related to RSF-1-induced ovarian cancer. Therefore, the genes extracted from this mode 

will show a similar significance level in TF enrichment (as shown in Figure 2.13). 

However, the multi-scale ICA approach can extract other linear modes related to ovarian 

cancer (see Figure 2.12). Apparently, the biomarkers related to these other modes cannot 

be identified with the baseline ICA approach. This can be supported by the ROC curves 

in Figure 2.9, showing an improved performance of using multi-scale ICA approach 

compared to that of using baseline ICA approach.  

Table 2.5. Ovarian cancer-related TFs and their TRANSFAC entry IDs & descriptions. 

Index TF Name PWM 
Access No. Consensus Binding Site Factor Description 

1 AP-2 M00189 MKCCCSCNGGCG Activator protein 2 

2 AP-
2alpha M00469 GCCNNNRGS Activating enhancer binding 

protein 2 alpha 

3 AP-
2alphaA M01045 ANNGCCTNAGGSNNT Activating protein 2, AP-2A, 

Ker-1 

4 AP-
2gamma M00470 GCCYNNGGS Activator protein 2gamma, ERF-

1 

5 AP-2rep M00933 CCCCGCCCCN Specificity protein1, stimulating 
protein 1 

6 BRCA1 M01082 KTNNGTTG Breast cancer type 1 
susceptibility protein 

7 E2F M00516 TTTSGCGCGMNR 
EIIF protein, activator of myc, 
important for p107 promoter 
activity 

8 Elk-1 M00007 NAAACMGGAAGTNCVH Elk1, member of ETS oncogene 
family 

9 NF-
kappaB M00774 NNNNKGGRAANTCCCN Nuclear factor kappa B, p50 

10 Sp1 M00933 CCCCGCCCCN Specificity protein1, stimulating 
protein 1 

11 TGIF M00418 AGCTGTCANNA 
5’-TG-3’ interacting factor, TG-
interacting factor, TGFB-
induced factor 

12 c-Rel M00053 SGGRNTTTCC Nuclear factor kappa B c-Rel, 
p68 

13 P53 M00272 NGRCWTGYCY Tumor protein p53, TRP53 
14 ER M00191 NNARGNCANNNTGACCYNN Estrogen receptor 
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Figure 2.13. Average p-value of TF enrichment for different gene sets associated with different methods on 
Rsf-1-induced ovarian cancer microarray data set. 
 

Discussion with biological interpretation 

To enable a more detailed analysis, the top 10 genes extracted by optimal multi-

scale ICA method are listed in Table 2.6 and the putative TFs in their promoter regions 

are shown in Figure 2.14. Since none of the genes are in the KGP, they were entered into 

an Ingenuity Pathways Analysis (IPA) where we found that all of these genes can be 

incorporated into a single hypothetical network (Figure 2.15). The major functions of this 

network are involved in gene expression, cancer development, and cellular motility. Five 

genes, FOSB, FOS, EGR1, IL8 and CDK2, are in the cancer module with p-values 

ranging from 1.84E-7 to 6.5E-3. FOSB and FOS belong to the Fos family that hetero-

dimerizes with Jun proteins to form the AP-1 transcription factor complex [78]. AP-1 

transcription factors control rapid responses of mammalian cells to stimuli that are 

associated with proliferation, differentiation and transformation [79]. IL-8 is a member of 

the C-X-C family of chemokines, and overexpression of IL-8 is observed in subsets of 

human ovarian cancer cells [80]. Previous studies have shown that the expression of 

interleukin-8 (IL-8) is directly correlated with the progression of human ovarian 

carcinomas implanted into the peritoneal cavity of nude mice [81]. The early growth 

response 1 (EGR1) is a transcription factor that acts as both tumor suppressor and tumor 

promoter depending on the cellular context. In the experiments of multiple pituitary and 
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ovarian defects in Krox-24 (NGFI-A, Egr-1)-targeted mice, EGR1 was implicated as a 

novel key regulator of anterior pituitary physiology and that it may play important roles 

in specific cell lineages [82]. CDK2 is known to be involved in cell cycle regulation and 

the overexpression of CDK2 is associated with malignancy in ovarian tumors [83].  

 
Table 2.6. Top 10 genes selected by the proposed multi-scale ICA on Rsf-1-induced 
microarray data and their FDR corrected p-values < 0.006. 

Rank Probe Set 
ID 

Gene 
Symbol 

FDR corrected 
p-value Gene Full Name 

1 202768_at FOSB 0.0058 FBJ murine osteosarcoma viral oncogene 
homolog B 

2 209189_at FOS 0.0058 v-fos FBJ murine osteosarcoma viral oncogene 
homolog 

3 205476_at CCL20 0.0058 chemokine (C-C motif) ligand 20 
4 212009_s_at STIP1 0.0058 stress-induced-phosphoprotein 1 
5 209795_at CD69 0.0058 CD69 molecule 
6 211506_s_at IL8 0.0058 interleukin 8 

7 1557910_at HSP90AB1 0.0058 heat shock protein 90kDa alpha (cytosolic), class 
B member 1 

8 227404_s_at EGR1 0.0058 Early growth response 1 
9 211804_s_at CDK2 0.0058 cyclin-dependent kinase 2 

10 208621_s_at VIL2 0.0058 villin 2 
 

 
Figure 2.14. TFs and their locations in 2Kbp promoter region for top 10 genes selected by our approach. 
The promoter region is represented from -2,000bp to 0bp from TSS and each block in the figure represents 
a 100bp region. 
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Figure 2.15. The network obtained from IPA with all of top 10 genes in Table 6. Five genes, FOSB, FOS, 
EGR1, IL8 and CDK2, are highly related to cancer module. 

2.5. Discussion and conclusion  

Biomarker identification is an important goal in many microarray data analyses. 

We propose a novel method, knowledge-guided multi-scale ICA, to find relevant 

biomarkers associated with specific biological functions. We aimed to infer knowledge-

relevant regulatory signals and then identify corresponding biomarkers through a multi-

scale strategy. A knowledge gene pool is constructed from multiple knowledge sources to 

help identify disease-specific gene clusters.  By applying ICA to multi-scale gene 

clusters, an examination of the revealed regulatory modes can uncover knowledge of the 
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underlying biological regulatory mechanisms. In addition, we have designed a statistical 

test procedure to measure the transcription factor enrichment of a selected gene set based 

on motif information. The approach was successfully applied to two gene expression 

profile data sets to identify biomarkers: yeast cell cycle microarray data and Rsf-1-

induced microarray data. The experimental results show that our method can extract 

apparently biologically meaningful and condition-related biomarkers. The performance 

of the proposed method significantly outperforms several baseline methods for biomarker 

identification. More importantly, the proposed method has notable potential to discover 

novel biomarkers beyond any partial prior knowledge.  

 

 



 46 

3  Multi-level Support Vector Regression Analysis 
to Identify Condition-specific Regulatory 
Networks 

3.1. Introduction 

Identifying regulatory modules is one of the key steps to understanding the 

molecular mechanisms of biological processes, especially important for defining the 

deregulated pathways in cancer. At the transcriptional level, a regulatory module is 

defined as a set of genes controlled by one or several transcription factors (TFs) in a 

condition-specific manner [38]. Transcription factors can either activate or inhibit gene 

expression, usually by binding to short, highly conserved, DNA sequences in the 

promoter (or upstream) region, i.e., transcription factor binding site (TFBS) or binding 

motif. In higher eukaryotes, TFBSs are often organized in clusters called cis-regulatory 

modules (CRMs). Many computational methods have been developed to facilitate the 

identification of CRMs from either gene expression data or DNA sequence data. 

Expression-based methods [38, 84, 85] take advantage of gene expression data but lack 

of sequence binding constraints. Sequence-based module discovery algorithms, such as 

CisModule [25], CREME [86] and ModuleSearch [87], analyze the promoter regions of a 

set of co-regulated genes to identify overrepresented motif combinations. A major 

limitation of sequence-based methods is that they do not consider the condition-specific 

nature of regulatory modules, i.e., they ignore the relationship between binding affinities 

and gene expression levels. 

A living cell is a dynamic system in which gene activities and interactions exhibit 

temporal patterns and spatial compartmentalization [88]. Recently, several studies have 

shown that binding of transcription factors not only depends on their affinity for the 

binding sites, but binding also occurs in a condition-specific manner in response to 
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various environmental changes [89, 90]. Thus, a transcription factor may play different 

regulatory roles to its downstream target genes or may even have different downstream 

targets under different conditions [89]. Motivated by this understanding, many 

computational algorithms were proposed to discover condition-specific regulatory 

modules by integrating condition-specific gene expression profiles and motif information. 

Regression models are widely used to combine these two types of information [91-95] . 

For example, a least square regression (LS-regression) method described by [95] 

identifies significant regulators by combining mRNA expression level and ChIP-on-chip 

binding data to minimize a fitting error. GRAM [26] is another regression method based 

on an iterative search to identify significant regulators and target genes. Bayesian models 

have also been used for regulatory module identification. A thermodynamic model [90] 

was proposed to predict expression patterns from regulatory sequence data in Drosophila 

segmentation.  COGRIM [96] is a Bayesian hierarchical model with Gibbs Sampling 

implementation that integrates gene expression data, ChIP binding data, and transcription 

factor motif information to identify regulatory modules. 

While these methods have achieved some degree of success, a high false-positive 

prediction rate is still a major problem mainly due to the noises in motif information and 

gene expression data. To reduce the false-positive rate, we propose a novel method, 

namely multi-level regulatory module identification through support vector regression 

(ml-SVR), to help find significant and stable regulatory modules. The ml-SVR method is 

particularly effective because of several novel adaptations: 1) a two-stage support vector 

regression (SVR) method is used to integrate  binding motif information and gene 

expression data, aiming to improve the noise-tolerance capability; 2) a significance 

analysis procedure is applied to identify statistically significant regulatory modules; 3) a 

multi-level analysis strategy is developed to reduce the false-positive rate for reliable 

regulatory module identification; and 4) a weighted voting scheme is implemented for 

target gene identification, taking into account the entire multi-level analysis.  

We have applied the ml-SVR method to simulation data and yeast cell cycle data 

to assess its performance for gene module identification, in comparison with existing 

methods. The comparison results clearly demonstrate that the proposed ml-SVR method 

notably outperforms other methods. We then applied our method to two breast cancer 
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microarray data sets to identify condition-specific regulatory modules, respectively, in 

response to different estrogen conditions. The experimental results show that our method 

can successfully identify biologically meaningful modules associated with estrogen 

signaling and action in breast cancer. 

Organization of this chapter is the following. In Section 3.2, we formulate a linear 

regression model for transcriptional regulatory network and introduce multi-level two 

stage support vector regression method for regulatory network identification. Statistically 

evaluation of the identified regulatory network is discussed and the convergence of two-

stage SVR is proved in this section. In Section 3.3, we evaluate the proposed method on 

simulation data, yeast cell cycle data. Then we conduct the experiments on two 

conditions of breast cancer cell line data. Detailed experimental results is shown and 

discussed. In Section 3.4, we discuss the potential application and further study and we 

draw the conclusion in Section 3.5.   

3.2. Methods 

The multi-level support vector regression (ml-SVR) method is aimed to identify 

significant condition-specific regulatory modules by integrating mRNA gene expression 

data and binding motif information. Figure 3.1 illustrates the flow chart of the ml-SVR 

approach, shown as an iterative procedure in a nutshell. This multi-level analysis 

procedure, as conducted in a coarse-to-fine way, ensures that a condition-specific 

regulatory module becomes ever more significant as more relevant gene sets are formed 

at finer levels. At each level, support vector regression (SVR) is used to integrate binding 

motif information and gene expression data. Specifically, a two-stage SVR method is 

implemented to refine the estimation of transcription factor activity (TFA) and binding 

strength. Significance analysis of regulatory modules is achieved by evaluating the 

regression fitting errors compared to a baseline without motif information; an F-statistic 

is calculated from a permutation test to assess the significance (p-value) of a regulatory 

module. Finally, with the multi-level analysis, significant gene modules can be 

determined and their target genes identified by a voting scheme running through all 
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levels. In the following subsections, we provide a detailed description of each component 

in the ml-SVR approach. 

 
Figure 3.1. Flow chart of the multi-level support vector regression (ml-SVR) approach. 

3.2.1. Sequence analysis for motif information 

ChIP-on-chip, also known as genome-wide location analysis, is a technique that 

can isolate and identify DNA sequences occupied by specific DNA binding proteins [97]. 

However, it is not a trivial task to measure the binding strengths for all transcription 

factors (TFs) from ChIP-on-chip experiments due to the limited antibodies available, 

especially for higher eukaryotes studies. An alternative and practical way is to extract 

binding motif information from the promoter regions of focused genes. Motif information 

is usually represented by a position weight matrix (PWM) that contains log-odds weights 

for computing a match score between a binding site and an input DNA sequence. Many 

algorithms have been developed to either de novo discover motifs given multiple input 

sequences [25, 98] or search the known motifs in a given sequence based on their PWMs 

[70, 99]. Among them, MatchTM [70] takes DNA sequences as input, searches for 

potential TF binding sites using a library of PWMs, and outputs a list of potential sites in 

the sequence. The search algorithm uses two score values: the matrix similarity score 

(mss) and the core similarity score (css). These two scores measure the quality of a match 
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between the sequence and the matrix, ranging from 0 to 1.0, where 0 denotes no match 

and 1.0 an exact match. The core of each matrix is defined as the first five most 

conserved consecutive positions of a matrix.  

We assume that the binding strength for a specific transcription factor to its target 

gene is proportional to the similarity score of its binding site and the number of 

occurrences of the binding site in the gene promoter region. Here, all human promoter 

DNA sequences were obtained from the UCSC Genome database [69] (upstream 2,000 

bp from the transcription start site (TSS)). With all vertebrate PWMs provided by the 

TRANSFAC 11.1 Professional Database  [28], MatchTM algorithm is used to generate a 

gene-motif binding strength matrix X = [xgm] with the cut offs that minimize the false-

positive rate. The rows in the matrix X correspond to different genes, and the columns 

correspond to different binding sites (or motifs). Each element xgm represents the binding 

strength at motif m in the promoter region of a gene g, which is calculated 

mathematically as follows: 

∑
=

+=
N

i
gmigmigm cssmssx

1

)(
2
1 ,    (3.1) 

where N is the number of occurrences of motif m in the promoter region of gene g; mssgmi 

and cssgmi are the matrix similarity score and core similarity score for motif m and gene g 

in the ith hit, respectively. 

 It is worth noting that although in this study, we opt to define the initial motif 

binding strength based on motif score and number of occurrences, there are other factors 

that are related to motif binding strength; phylogenetic conservation and distance to 

transcript start site (TSS) are two important factors that likely have influence on the 

binding strength.  Phylogenetic conservation is an important evidence for motif 

information that considers the number of orthologous upstream regions in other genomes 

containing a particular binding site. Using phylogenetic conservation score could reduce 

false positive hits but also could lose the sensitivity dramatically, especially for high 

eukaryotes. The reason is that phylogenetic conservation score is based on the 

orthologous and conserved upstream regions from whole genome alignments cross 

different species. It would be difficult if many genomes are far away from the studied 

one. For example, a previous study  has shown that the conserved block coverage for 
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human and mouse is only 23.30% [100]. Cautions are also needed when considering the 

distance to TSS for binding strength in high eukaryotes, especially human genome.  

There is evidence showing that the binding strength is not as simple as a linear 

relationship with the distance to TSS. For example, a recent genome-wide ChIP-on-chip 

study shows that only 4% of estrogen receptor binding sites are mapped to 1,000bp 

promoter-proximal regions [101]; many sites are located in regions of 5,000bp to 

10,000bp away from TSS.  Nevertheless, it is important to incorporate the conservation 

and distance to TSS into a comprehensive definition of motif binding strength if the 

information is available and more critically, reliable for a particular study.  

3.2.2. Two-stage support vector regression to infer regulatory modules 

Suppose that there are G genes and T gene expression profiles, we represent 

microarray gene expression data as a matrix [ ], 1, , ; 1, ,G T gty g G t T× = = =Y L L , where 

each element ygt is the log-ratio of the expression level of gene g in sample t to that of the 

control sample. We also assume that there are M motifs on this gene set and the 

corresponding gene-motif binding matrix is [ ], 1, , ; 1, ,G M gmx g G m M× = = =X L L , 

where xgm is the binding strength on motif m in the promoter region of gene g.  The 

relationship between gene expression level and binding strength can be mathematically 

described by a linear model as follows: 

 G T G M M T× × ×= +Y X A N  ,    (3.2) 

where [ ], 1, , ; 1, ,M T mta m M t T× = = =A L L is the TF activity matrix and N the noise 

matrix. Biologically, the model represents the log-ratio of gene expression levels 

expressed as a linear combination of log-ratios of transcription factor activities (TFAs) 

(denoted as amt) weighted by their binding strengths (i.e., xgm) [63].  

If X and Y are known, the solution to the linear model (Equation (3.2)) can then 

be easily obtained by a simple regression [102]. However, since both motif information 

and gene expression data are noisy, a simple regression will inevitably introduce a large 

number of false positive predictions. To alleviate this problem, we propose a two-stage 

support vector regression (SVR) method to specifically address the noises in motif 

information and gene expression data. SVR has been shown to have good robust 
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properties against noise through the regularization term in its cost function [103]; the 

regularization term is intended to keep the estimated TF activity (in matrix A) as smooth 

as possible so as to combat the noise in gene expression data (Y). The ε-insensitive loss 

function is used in SVR to ensure the existence of the global minimum and a high 

tolerance to noise, which is defined by 

 
ˆ0,     if 

( )
ˆ , otherwise

gt gt

gt

gt gt

y y
L y

y y
ε

ε

ε

⎧ − <⎪= ⎨
− −⎪⎩

,     (3.3) 

where ŷgt is the estimated value of expression log-ratio ygt.  

The goal of SVR is to find a function f that minimizes the loss function while 

keeping as flat as possible. By introducing slack variables ξg and ξg
* for soft margin, we 

can formulate the optimization problem as follows [104]: 

Minimize 
2 *1 ( )

2 g g
g G

C ξ ξ
∈

+ +∑a ,  

subject to *

*

,
,

, 0             

g g g

g g g

g g

y
y

ε ξ
ε ξ

ξ ξ

⎧ − < >≤ +
⎪ < > − ≤ +⎨
⎪ ≥⎩

a x
a x .     (3.4) 

 
The constant C > 0 determines the tradeoff between the flatness of f and the amount up to 

which deviations larger than ε are tolerated. 

 By further introducing non-negative Lagrangian multipliers αg and αg
*, we can 

formulate the above optimization problem to be the following one of maximizing the dual 

Lagrangian function with respect to αg and αg
*  [104]: 

 

        Maximize 
* * * *

,

1 ( )( ) , ( ) ( )
2 i i j j i j

i j

g g g g g g g g g g g
g g G g G g G

x x yα α α α ε α α α α
∈ ∈ ∈

− − − < > − + + −∑ ∑ ∑ ,  

  subject to * *( ) 0, , [0, ]g g g g
g G

Cα α α α
∈

− = ∈∑ .                              (3.5)  

 
 By solving the above optimization problem, we can finally obtain the solution to 

the regression problem as follows [104]: 
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       *( )g g g
g G

α α
∈

= −∑a x , *ˆ ( ) ( ) ,g g g g g g
g G

y f α α
∈

= = −∑x x x .       (3.6) 

 

 To combat the noise in motif information, we use a similar strategy as in the two-

stage approach proposed by Yu et al. [94] to update the binding strength matrix X based 

on Y and the estimated A. In this way, we can reduce the number of false binding motifs, 

which are initially present in the binding strength matrix X but with no support from gene 

expression data (Y) and estimated TF activity (A). 

The two-stage SVR method is implemented as an iterative procedure, which 

updates matrices A and X alternately until converged. In the implementation, we 

normalize (or standardize) the gene expression data to 0 mean and 1 standard deviation. 

We also standardize the estimated TF activity at each iteration step of our algorithm. The 

final algorithm of our two-stage SVR approach can be summarized as follows: 

(1) Estimate A using X and Y. For each column vector yt in matrix Y, regress yt against 

X based on 
1

( ) M
gt g gm mtm

y f x a
=

= = ∑x  ; calculate regression coefficient amt using ε-

insensitive SVR.  

(2) Update X using A and Y. For each row vector yg in matrix Y, regress yg against A 

based on '
1

( ) M
gt t gm mtm

y f x a
=

= = ∑a ; calculate regression coefficient '
gmx using ε-

insensitive SVR; update X by ( ' )η= + −X X X X , where η is a parameter in the 

range of (0, 1). (Note that η is set to 0.2 in our experiments.)  

(3) Repeat Step (1) and Step (2) until converged. The convergence criterion is defined 

as the average correlation coefficient of TF activities between two successive 

iterations is larger than a predefined threshold r0. (Note that r0 is set as 0.9 in our 

experiments.)   

The two-stage SVR can be proved to be converged and we will give the proof in 

Section 3.2.5. 
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3.2.3. Significance analysis of regulatory modules 

A significance analysis procedure is designed to test if a selected motif set is 

statistically associated with the regulation of a given gene set, aiming to identify active 

regulators for that set. The null and alternative hypotheses (H0 and H1, respectively) are 

given as follows: 
 

H0: The motif set is not actively involved in regulating a given gene set; 

H1: The motif set is actively involved in regulating a given gene set. 
 

We use a summary statistic to represent the fitting results as described below: 

0 1

1

2
0

,

2
1

,

1( ) ,

ˆ ˆ( ) ,

gt t t gt
g t g G

gt gt gt mt gm
g t m
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RSS y y y y
G

RSS y y y a x
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−
=

= − =

= − =

∑ ∑

∑ ∑

,    (3.7) 

where RSS0 is the residual sum of squares without motif information, and RSS1 is the 

residual sum of squares with motif information. The above equation is proportional to the 

typical F-statistic used to compare two models [105]. To calculate the p-value, we use the 

permutation method described below to form the null distribution. For a given motif set, 

we randomly select a gene set G0 with the same size of G from the entire gene 

population, and then repeat B times to generate the corresponding null statistic score F0b, 

for b = 1,2,…, B (B = 1,000 in our experiments). The p-value can be obtained for each 

gene set by calculating the probability that a null gene set has a statistic more extreme 

than the observed statistic. Mathematically, the p-value is calculated by the following 

equation: 

0

0
0 #{ : , 1, , }Pr ( )

b
b

H
b F F b Bp F F

B
> =

= > =
L .    (3.8) 

3.2.4. Multi-level analysis for regulatory module identification 

Assuming that most genes involved in a regulatory module are co-expressed 

under a given condition, we can use a clustering method to form the gene set for 
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regression analysis. However, simple gene clustering based on gene expression data 

alone often results in many false-positives for gene module identification. In addition, 

motif information is noisy and incomplete due to the current status of limited biological 

knowledge. Thus, false-positives would be included based on a fixed gene set and 

available motif information. To reduce the false-positives, we developed a multi-level 

analysis strategy to search for regulatory modules showing significance consistently from 

coarse level to fine levels. With this strategy, a condition-specific regulatory module and 

its enriched motifs will appear increasingly significant in finer levels, as the irrelevant 

genes are gradually eliminated. Figure 3.2 shows an illustration of the multi-level 

strategy. Technically, a multi-level gene clustering procedure, such as self-organizing 

map (SOM) clustering [54],  is used to form the gene clusters to gradually reduce the 

irrelevant genes for multi-level analysis. The multi-level analysis strategy, incorporating 

the two-stage SVR approach described previously, is the backbone of the ml-SVR 

approach proposed here for reliable regulatory module identification. The final ml-SVR 

procedure is illustrated in Figure 3.2, which can also be summarized as follows: 

(1) Set cluster number c = 1 and cluster level l = 1. For all possible enriched motif sets, 

calculate their p-values on current gene set G through the two-stage SVR analysis 

and significance analysis described in Sections 3.2.2 and 3.2.3.  

(2) Increment c by 1 and l by 1. Cluster the gene population into c clusters, denoted as 

},,,{ 21
l
c

ll GGG L . 

(3) For each gene cluster, calculate p-values for all possible enriched motif sets by the 

two-stage SVR analysis and significance analysis (Sections 3.2.2 and 3.2.3).  

(4) Repeat Steps (2) and (3) until the following stopping criterion is met, that is, the 

number of genes is less than a threshold t0 for all gene clusters.  

(5) Let us use lc
Mp  to denote the p-value of a candidate motif set M for cluster l

cG at level 

l. Output the significantly enriched motif sets if they satisfy lpp llc
Mc

∀< ,)(min
0

, 

where lp0  is the threshold of p-value at each level l. Assign the final weighted 

average p-value as ,21,)min( Lplp
l

lc
MM +++=ΔΔ= ∑ L L is the total 

number of levels. 
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(6) Use a voting scheme to determine the gene members of a regulatory module with 

the enriched motif set M; the voting scheme is described as follows:  

a. Initialize a gene weight vector w as 0; 

b. Update w by the following equation:  

0
, , ,l l l

c c c

lc l
MG G G m

m M

l c if p p
∈

∀ = + <∑w w X  . 

(7) Finally, the genes whose weights are greater than a threshold w0 are chosen as the 

members of a corresponding regulatory module. In our implementation, we set w0 

as the mean of w plus one standard deviation. 

 

 

Figure 3.2. An illustration of the multi-level strategy. We can see from the figure that as the level moves 
from up to down, i.e., in a coarse-to-fine way, significant modules (e.g., M1, M2 and M4) will stably show 
up in fine levels, while non-significant modules (e.g., M3) will not show up at some fine levels. 
 

We use the binding strength to represent how strong a gene is involved in a 

regulatory module. The larger the binding strength, the more likely a gene is the true 

target gene. Therefore, once the binding strengths are estimated, we regard genes with 

larger binding strengths (w) as the target genes. We assume that the binding strength (w) 

of target genes regulated by a transcription factor roughly follows an exponential 

distribution, which is consistent with a well-known biological constraint, i.e., a 
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transcription factor only regulates a few target genes. The binding strength of target genes 

is likely located on the tail of the exponential distribution. In Figure 3.3, we show an 

example of the empirical distribution of w for one of the active transcription factors, AP-

1, under estrogen-induced condition (see Section 3.3.4 for experimental description). For 

an exponential distribution, when the cut-off threshold is set as w0 = mean plus one 

standard deviation, the probability of w > w0 is roughly 13.5%. In our experiments, this 

cut-off threshold, w0 = mean plus one standard deviation, seems to give us a reasonable 

number of target genes for further study and biological validation. Should this threshold 

still results in too many target genes, it is advised to set a more stringent threshold such as 

w0 = mean plus two standard deviations; accordingly, the probability of w > w0 is cut 

down to roughly 5%.   

 
Figure 3.3. An example of the distribution of binding strength - binding strengths of AP-1’s target genes in 
Cluster B under estrogen-induced condition. The distribution is fitted by an exponential function with the 
mean and threshold w0 (= mean plus one standard deviation) indicated. Note that the probability of w > w0 
is roughly 13.5% for the exponential distribution. 
 

3.2.5. Convergence of two-stage SVR 

 
Suppose that there are G genes and T gene expression profiles, we represent 

microarray gene expression data as a matrix [ ], 1, , ; 1, ,G T gty g G t T× = = =Y L L , where 

each element ygt is the log-ratio of the expression level of gene g in sample t to that of the 

control sample. We also assume that there are M motifs on this gene set and the 
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corresponding gene-motif binding matrix is [ ], 1, , ; 1, ,G M gmx g G m M× = = =X L L , 

where xgm is the binding strength on motif m in the promoter region of gene g.  The 

relationship between gene expression level and binding strength can be mathematically 

described by a linear model as follows: 

 G T G M M T× × ×= +Y X A N  , (3.9) 

where [ ], 1, , ; 1, ,M T mta m M t T× = = =A L L is the TF activity matrix and N the noise 

matrix. Biologically, the model represents the log-ratio of gene expression levels 

expressed as a linear combination of log-ratios of transcription factor activities (TFAs) 

(denoted as amt) weighted by their binding strengths (i.e., xgm) [63].  

The two-stage SVR method is implemented as an iterative procedure, which 

updates matrices A and X alternately until converged. We first write the matrix A as 

follows:  

  ,1 ,2 ,c c c T= ⎡ ⎤⎣ ⎦A a a aL , (3.10) 

where ac,i is the ith column of A. Now define a column vector ac by stacking the columns 

of A as follows: 
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Similarly we can write the matrix X as follows: 
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where xr,i is the ith row vector of X.  

Based on the objective function of SVR, the optimal X and A can be found by 

solving:  

 2 2

,

1 1min ( )
2 2c r

c r cLε+ +
a x

a x Y , (3.11) 
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where Lε is the ε-insensitive loss function, which is used in SVR to ensure the existence 

of the global minimum and a high tolerance to noise. It is defined by 
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where ŷgt is the estimated value of expression log-ratio ygt from SVR. 

The final algorithm of our two-stage SVR approach can be summarized as 

follows:  

(1) Estimate Ak-1 using X k-1 and Y:  

  For each column vector yt in matrix Y, regress yt against Xk-1 based on 
1 1 1

1
( ) Mk k k

gt g gm mtm
y f x a− − −

=
= = ∑x ; calculate regression coefficient 1k

mta − using ε-insensitive SVR.  

The estimation error is: 
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2
1 21211

1 Yxa εcLe k
r

k
c

k ++= −−− . (3.13)  

 

(2) Update Xk using Ak-1 and Y:  

  For each row vector yg in matrix Y, regress yg against Ak-1 based on 
1 1

1
( ) 'Mk k k

gt t gm mtm
y f x a− −

=
= = ∑a ; calculate regression coefficient 'kgmx using ε-insensitive 

SVR; update X by 1 1( ' )k k k kη− −= + −X X X X , where η is a parameter in the range of (0, 

1).  

  Denote the estimation error based on 'kX  as  
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  Since the estimation error can be guaranteed to be non-increasing, so 1
1

1
2'

−− ≤ kk ee . 

The estimation error for kX  is: 
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  For equation (3.15), it can be derived that 
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Repeat Step (1) and Step (2) until convergence. The estimation error is proved to 

be non-increasing in each step of the iterative optimization procedure. Therefore 

convergence to the optimal solution is guaranteed. It is also equivalent that the average 

correlation coefficient of TF activities between two successive iterations is non-

increasing. During the experiment, the convergence criterion is defined as the average 

correlation coefficient of TF activities between two successive iterations is larger than a 

predefined threshold r0.  

3.3. Experiments and results 

3.3.1. Reliability of knowledge information 

Since the ml-SVR method relies on binding motif information as prior knowledge 

and usually it is quite noisy in real cases, we need to assess the influence of prior 

knowledge information on the recovered regulatory modules. To assess the reliability of 

knowledge information, we conducted a simulation experiment on ml-SVR for 

transcriptional network identification. Based on yeast ChIP-on-chip binding strength 

data, we randomly sampled 30 TFs and their target genes (p-value < 0.01) as the ground 

truth binding information. We generated gene expression profiles using a linear model Y 

= XA, where Y is the gene expression profile, A is the transcription factor activity and X 

is the binding strength. A is randomly sampled from a normal distribution. We purposely 

controlled the percentage of correct knowledge in the binding information and varied the 

percentage of knowledge from 0 to 100%. The ml-SVR algorithm was applied to identify 

transcription factors and target genes. We repeated the experiment 100 times at each 

percentage and reported the mean and standard deviation. Furthermore, to assess the 

influence of prior knowledge to the TRN identification, we conducted a baseline 
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experiment using self-organizing maps (SOM) algorithm based on expression profiles 

alone. Comparing with many expression-based TRN identification methods [38, 84, 85], 

clustering methods have fewer assumption on the underlying TRN model, in particular, 

with no prior binding information needed; therefore it is selected to conduct the initial 

baseline experiment. However, the performance could be improved if we use more 

sophisticated and appropriate models (such as independent component models) for the 

baseline study. For this study, we grouped the entire gene population into 30 clusters for 

the identification of TRNs. The average of expression profiles in each cluster was 

calculated to represent the underlying transcription factor activity and the correlation 

coefficient between individual gene expression profile and the average profile was 

regarded as the binding strength of the underlying transcription factor to the gene. Since 

we could not determine which cluster represented which specific transcription factor 

without prior knowledge, we calculated the Pearson’s correlation coefficients between 

cluster centers and ground truth TFAs to help establish their correct correspondence; 

specifically, we regarded one cluster as correctly recovered transcription factor module if 

the correlation coefficient was larger than a threshold, which was 0.7 (correlation p-value 

= 0.01) in our experiment. We also repeated the experiment 100 times and reported the 

mean of AUC values as an overall performance measure. 

Figure 3.4 shows the area under the curve (AUC) values for TF identification at 

different percentages of correct prior knowledge for the ml-SVR method and the SOM 

clustering method. From the figure we can see that the performance of TF identification 

is improved when there is more correct knowledge information included in the prior 

binding data. The ml-SVR method is better than the SOM method when more than 20% 

of correct prior knowledge is included. Specifically, it can achieve more than 80% 

accuracy when at least 40% prior knowledge is correct. It is noticed that when the 

binding information contains little correct information (<10%), the performance of TF 

identification is even worse than a random guess, which indicates that insufficient 

information may lead to inaccurate results.  

Figure 3.5 shows the AUC values for target gene identification at different 

percentages of correct prior knowledge for both ml-SVR and SOM methods, 

respectively. Similarly, the AUC value of TF target identification is gradually increasing 
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with the percentage of correct prior knowledge. The ml-SVR method is better than the 

SOM clustering method when more than 10% of correct prior knowledge is included. 

When little correct prior knowledge (<10%) is included, the performance is a little better 

than that from random guess. When more than 40% prior knowledge is correct, it can 

give more than 75% accuracy in terms of AUC value. We notice that the improvement of 

AUC value for target identification is not dramatically improved as compared with TF 

identification. One possible reason is that one gene could be regulated by multiple 

transcription factors, but the ml-SVR method identified target genes for each individual 

TF, i.e., the joint effects were not considered for those genes.  

 

 
Figure 3.4. AUC values for TF identification at different percentage of correct prior knowledge. 

 
Figure 3.5. AUC values for TF targets identification at different percentage of correct prior knowledge. 
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3.3.2. Simulation data  

We first tested our method on a synthetic yeast microarray data set. The 

microarray data set was simulated using the network generator software SynTReN [106], 

where network topologies are generated from yeast regulatory networks using a neighbor 

addition strategy. The network consists of 29 transcription factors and 260 target genes. 

The mRNA expression profiles were generated for 260 genes at 50 different conditions 

based on the network. In our algorithm, we use a ChIP-on-chip experiment [89] as our 

binding information that includes the binding p-values of 113 regulators to all genes. The 

purpose of this study is to first identify true regulators and then their downstream target 

genes.  

We transformed the binding p-values to binding strength by taking the negative 

logarithm values based on 10. We used the MATLAB SVM toolbox [16] to implement 

the ε-insensitive linear SVR and SOM clustering algorithm [54] to form multi-level gene 

clusters. The parameters in the algorithm were empirically determined for this 

experiment. Specifically, we set threshold t0 = 30 (see Step (4) in the multi-level analysis 

procedure) and p-value threshold for each level ))(001.001.0,1min(0 lLpl −×+= . Since 

we know the underlying transcriptional network from which the microarray data set was 

generated, we can use the Receiver Operating Characteristic (ROC) curve [71] and the 

area under the curve (AUC) to measure the test accuracy for the identification method. 

ROC curve is a graphical plot of true positive rate (TPR) vs. false positive rate (FPR). 

AUC is an important performance measure that provides an overall measure of accuracy 

for the test. We rank the TFs in terms of their weighted average p-values across all levels.  

Since the clustering method (SOM) generated slightly different results depending on its 

random initializations, we repeated the entire procedure ten times with different 

initializations in search of more reliable results. The significant motif sets and their 

regulatory modules were determined according to their average values of ten different 

initializations. We also compared k-means [53] clustering results with SOM results after 

multiple initializations and found the overlap rate is greater than 90% in terms of 

clustering membership, which generates similar results for regulatory module 

identification. Therefore we only present the results based on SOM clustering method. 
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To evaluate our proposed ml-SVR approach, we compared its performance with 

similar methods including LS-regression [95], LASSO [107], GRAM [26] and COGRIM 

[96]. Among these four existing methods, only GRAM can simultaneously identify 

significant regulators and target genes. LS-regression and LASSO can only identify 

significant regulators with known target genes by assuming the binding information is 

known from ChIP-on-chip data. COGRIM is derived from a Bayesian hierarchical model, 

which assumes the transcription factors (TFs) and their activities are known so as to infer 

new target genes based on binding information. As a common practice [38] but faulty 

[63], mRNA expression level of each TF is often used to approximate the TF activity for 

COGRIM. Therefore, in this comparison study we compared ml-SVR with GRAM, LS-

regression and LASSO for transcription factor identification, while we compared ml-

SVR with GRAM and COGRIM for target gene identification. 

Figure 3.6(a) shows the ROC curves of transcription factor identification for ml-

SVR, GRAM, LS regression and LASSO, respectively. From the figure we can see that 

ml-SVR outperforms GRAM, LS-regression and LASSO methods in identifying 

significant transcription factors. The mean AUC value of ml-SVR is 0.6912 (with a 

standard deviation of 0.0196), which is greater than the AUC values of GRAM (0.6245), 

LS-regression (0.5530) and LASSO (0.5620). It should be noted that in this comparison 

experiment, the overall performances of all three methods are relatively low; this is 

indeed a relatively difficult case since some non-linear relationships between TFs and 

target genes were included by SynTReN in the simulation data. Nevertheless, the false 

positive rate (FPR) is much reduced by ml-SVR as compared to GRAM, LS-regression 

and LASSO. When the true positive rate (TPR) is fixed at 80%, the FPR for ml-SVR is 

55.48% while 74.64% for GRAM, 94.05% for LS-regression and 71.42% for LASSO, 

showing a substantial improvement in FPR reduction. 

For the 29 known transcription factors, we compared the performance of target 

gene identification for ml-SVR, GRAM and COGRIM. Figure 3.6(b) shows the average 

of ROC curves of target gene identification for all TFs using ml-SVR, COGRIM and 

GRAM, respectively. The ml-SVR approach gave us the best performance with a mean 

AUC value of 0.7358 (and a standard deviation of 0.0090). The performances of 

COGRIM and GRAM are similar with the AUC values of 0.6434 and 0.6438, 
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respectively, which are much lower than that of ml-SVR.  Also seen from Figure 3.6(b), 

the FPR for ml-SVR is 42.12% given TPR = 80%, which shows a reduction of ~25% 

when compared to 68.79% for GRAM and 66.04% for COGRIM. This comparison result 

demonstrates the advantage of ml-SVR over other methods for identifying significant 

TFs and their target genes. For more ROC analysis results, please refer to Figure 3.7 to 

see the detailed performance of target gene identification for several individual 

transcription factors. 
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(a)                                                                    (b) 

Figure 3.6. Comparison of Receiver Operator Characteristic (ROC) curves for ml-SVR and other 
methods on simulation data. (a) Transcription factor identification. (b) Target genes identification. 
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(c) REB1 

 
(d) GCN4

Figure 3.7. Comparison of Receiver Operator Characteristic (ROC) curves for ml-SVR, GRAM and 
COGRIM on target gene identification for some selected transcription factors. (a) YAP1. (b) STE12. (c) 
REB1. (d) GCN4. The values shown in the figure are the AUC values of ROC curves. 

3.3.3. Yeast cell cycle data  

We also applied the ml-SVR method to a yeast cell cycle microarray data set 

[108]. The yeast cell cycle data set comprises the expression of 6178 Open Reading 

Frames (ORFs) during the cell replication cycle in the budding yeast (Saccharomyces 

cerevisiae). The cell cycle process consists of four distinct phases: G1 phase, DNA 

synthesis (S) phase, G2 phase (also known as interphase) and mitosis (M) phase [108]. 

This microarray data set includes 77 samples collected with three different 

synchronization experimental conditions (alpha, cdc and elu). For the binding 

information, we used the ChIP-on-chip data from [89], which provides significance levels 

(p-values) of 113 transcription factors binding to their target genes. We took negative of 

logarithm (base 10) of p-values to convert the significance levels to binding strengths. 

After mapping these two data sets, we finally obtained 6,099 ORFs that have both 

expression measurements and binding information. Approximately 800 of these genes 

have been identified as cell cycle-regulated genes [108]. Among the 113 TFs, 19 

regulators have been identified as cell cycle-related TFs. The goal of this study is to 

identify the cell cycle-related condition-specific transcription factors and their target 

genes. 

To demonstrate the feasibility of applying ml-SVR to real microarray data, we 

compared the performances of ml-SVR, GRAM, LS-regression and LASSO for 

transcription factor (TF) identification using 19 known cell cycle-related regulators as the 

ground truth. The parameters in our algorithm are same as those in the simulation study. 
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Figure 3.8 shows the ROC curves of transcription factor identification by ml-SVR, 

GRAM, LS-regression and LASSO methods. The mean AUC value for ml-SVR is 

0.9284 (with a standard deviation of 0.0127). The AUC values for GRAM, LS regression 

and LASSO methods are 0.6691, 0.8761 and 0.7704, respectively. The improvement of 

ml-SVR over GRAM is substantial in terms of false positive rate (FPR) reduction. Again, 

when the true positive rate (TPR) is fixed at 80%, the FPR for ml-SVR is 11.31% while it 

is 74.06% for GRAM, 18.68% for LS-regression and 52.18% for LASSO, showing a 

substantial improvement in FPR reduction. These results clearly show that ml-SVR 

outperforms the GRAM and LS-regression and LASSO methods for the identification of 

cell cycle-related transcription factors.  

For target gene identification of all cell cycle-related TFs, since the ground truth 

target genes are not known for all TFs, we assessed their Gene Ontology (GO) functional 

enrichment as an alternative using software BiNGO [109]. The GO function enrichment 

score is defined as the negative logarithm of Benjamin-corrected p-value from an over-

representative analysis in BiNGO. The average GO functional enrichment scores are 3.53 

for ml-SVR, 3.41 for COGRIM and 2.86 for GRAM, which indicates that our method can 

identify more functionally coherent gene clusters associated with specific TFs. 

 
Figure 3.8. Receiver Operator Characteristic (ROC) curves of transcription factor identification for ml-
SVR, GRAM and LS-regression on yeast cell cycle data. 
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3.3.4. Breast cancer data  

Estrogen-induced condition 
 

A breast cancer cell line microarray data set [110] was used to identify condition-

specific regulatory modules associated with estrogen signaling in breast cancer. Estrogen 

plays a significant role in breast cancer development and progression. The original 

profiling study was designed to examine how estrogen-induced gene expression patterns 

observed in vitro correlate with the expression patterns in breast tumors in vivo.  Three 

estrogen-dependent breast cancer cell lines (MCF-7, T47D and BT-474) were treated 

with 17β-estradiol (E2) from 0 to 24 hours, and then profiled for gene expression using 

Affymetrix GeneChip Arrays. As reported in the paper [110], eight E2-induced gene 

clusters were formed and among them, the expression pattern in four clusters (i.e., 

Cluster A, B, C and D as denoted in [110]) clearly showed up-regulation along the time 

from early to late, which provides us an important starting point to study regulatory 

mechanisms related to estrogen signaling and action in breast cancer.  

The ml-SVR approach was applied to identify significant regulatory networks. 

After mapping the expression data with binding motif strength data (Section 3.2.1), we 

obtained gene expression measurements with 39,407 probe sets and their corresponding 

binding strengths with 318 non-redundant motifs for the four up-regulated clusters. As a 

pre-processing step, we took the average of expression levels across all samples as the 

control value for each gene to calculate the log-ratio data. Parameters in the ml-SVR 

algorithm were empirically determined. Specifically, we set threshold t0 = 50 (see Step 

(4) of the multi-level analysis) and the p-value threshold for each level 

0 min(1, 0.05 0.01 ( ))lp L l= + × − . We repeated the entire procedure ten times with 

different clustering initializations for a more reliable result. The significant motif sets and 

their regulatory modules were selected according to their average values of the ten 

different initializations. 

The identified significant motifs in each cluster are shown in Table 3.1, along 

with their average p-values across all levels, number of regulated probe sets in the 

module and the description of the corresponding transcription factors. The significant 

motifs are defined by average p-values ≤ 0.05. Figure 3.9 shows an example of using the 
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multi-level strategy to determine that SP1 and AP1 are significant TFs while ATF3 and 

E2F are not significant.  

 
Figure 3.9. An example of the multi-level strategy for significant and stable motif discovery on the 
gene set of Cluster B in the estrogen-induced condition. SP1 and AP1 are significant since their p-
values are less than thresholds across all levels, while ATF3 and E2F are not called significant since 
their p-values are larger than the thresholds at some levels. The p-values of transcription factors at each 
level are also shown in a table in the figure. 

 

Table 3.1. Significant binding motifs in each cluster in breast cancer estrogen-induced 
cell line data set. 

Cluster Rank Name P-value No. of probe IDs Description 

 1 V$EGR1 0.008 43 Egr-1/Krox-24/NGFI-A immediate-early gene product 

 2 V$AP1 0.009 79 Activating protein 1; AP1; Fos/Jun 

A 3 V$SP1 0.016 68 Specificity protein 1; Stimulating Protein1 

 4 V$TCF11 0.020 60 TCF11/KCR-F1/Nrf homodimers 

 5 V$MYCMAX 0.022 55 c-Myc:Max heterodimer 

 6 V$E2F 0.036 64 E2F transcription factor 

 1 V$KROX 0.014 58 Krox-24/NGFI-A immediate-early gene product 

 2 V$EGR 0.019 56 Early growth response protein 

 3 V$LEF1 0.027 87 Lymphocyte enhancer binding factor 1 

B 4 V$SP1 0.033 102 Specificity protein 1; Stimulating Protein1 

 5 V$TCF11 0.035 81 TCF11/KCR-F1/Nrf homodimers 

 6 V$CREB 0.038 104 Cyclic AMP Responsive Element Binding factor 

 7 V$AP1 0.049 120 Activating protein 1; AP1; Fos/Jun 

 1 V$AP1 0.033 66 Activating protein 1; AP1; Fos/Jun 

C 2 V$GATA 0.044 46 GATA binding protein 

 3 V$PBX1 0.048 35 Homeobox protein PBX1 

 1 V$MYCMAX 0.018 49 c-Myc:Max heterodimer 

 2 V$NFY 0.019 63 Nuclear factor Y (Y-box binding factor) 

 3 V$USF 0.023 49 Upstream Stimulatory Factor 1 

D 4 V$P53 0.032 70 Tumor protein p53 

 5 V$OCT1 0.038 57 Octamer-binding factor 

 6 V$SP1 0.039 58 Specificity protein 1; Stimulating Protein1 

 7 V$CREB 0.040 78 Cyclic AMP Responsive Element Binding factor 
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Among all listed motifs and their corresponding TFs, we found that several TFs 

are tightly related to estrogen signaling as reported in previous studies [111], to name just 

a few here, AP-1, SP-1 and CREB. From the table, we can also see that the significantly 

enriched motifs are different in each cluster, reflecting the condition-specific nature of 

transcriptional regulation. Since the target genes in Clusters A and B are up-regulated 

within 4 hours, we assigned the significantly enriched motifs in these two clusters to the 

early up-regulation condition. The target genes in Clusters C and D showed sustained 

induction by E2 at 8 hours and 12 to 24 hours, respectively. We assigned the significantly 

enriched motifs in Clusters C and D to the late up-regulation condition.  

Figure 3.10 shows the significantly enriched motifs in two different conditions, 

i.e., early and late conditions. We can see that AP-1, SP-1, MYCMAX and CREB are 

significantly enriched in both early and late conditions, suggesting their important roles 

in estrogen signaling and action. AP-1 and SP-1 are known to form transcription factor 

complexes with estrogen receptor (ER) to regulate genes with the appropriate binding 

site(s); the transcription factor CREB is phosphorylated after the MAPK signaling 

pathway has been activated by 17β-estradiol and the phophorylation of CREB leads to 

the expression of genes that contain CRE binding motifs [111].  EGR, TCF11, E2F, 

KROX and LEF1 are only significantly enriched in the early up-regulation condition. 

Since many of their transcriptional functions are not known, we annotated their target 

genes biological function through GO analysis; their significant GO terms are related to 

‘ribosome biogenesis, ‘RNA metabolism’ and ‘protein folding’ (p-value < 0.01). This 

may suggest some potential functions of these binding transcription factors. For example, 

a change in the ability to fold proteins adequately induces the unfolded protein response, 

which we have previously implicated in antiestrogen resistance [112, 113]. Similarly, 

NFY, USF, P53, OCT1, GATA and PBX1 are only significantly enriched in the late up-

regulation condition. Significant GO terms of their target genes include ‘cell cycle’, ‘cell 

proliferation’, ‘mitosis’ and ‘DNA replication’ (p-value < 0.01). Among them, previous 

studies [114] have shown that nuclear transcription factor Y (NFY) and p53 are related to 

cell cycle arrest; Octamer transcription factor-1 (Oct-1) is a member of the POU family 

of transcription factors and is involved in the transcriptional regulation of a variety of 

gene expression related to cell cycle regulation, development and hormonal signals [115]; 
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Upstream stimulatory factor 1 (USF) is a transcription coactivator that plays a role in 

regulation of cell proliferation and associated with breast neoplasms [116]; Pre-B-cell 

leukemia homeobox 1 (PBX1) is a transcription activator that promotes transcription 

factor activity and cell growth, which may play an important role in Wnt receptor 

signaling [117]. 

 
Figure 3.10. Venn diagram of significantly enriched motifs in estrogen-induced and estrogen-deprived 
conditions. 
 

Estrogen-deprived condition 

We previously derived a series of breast cancer variants that closely reflect 

clinical phenotypes of endocrine sensitive and resistant tumors [118, 119]. We selected 

two cell lines for this study: MCF-7 and MCF-7-stripped. MCF-7-stripped denotes 

estrogen-deprived MCF-7 human breast cancer cells, which were grown in the absence of 

estrogen for 96 hours. Three independent total RNA samples were extracted for each cell 

line (MCF-7 and MCF-7-stripped) and the samples were arrayed using Affymetrix 

GeneChip HG-U133A. Raw data are available in GEO 

(http://www.ncbi.nlm.nih.gov/geo/; accession number: GSE 20700). We analyzed the 

enriched motifs and their targets for the genes significantly down-regulated in MCF-7-

stripped cells as compared to MCF-7 cells. Down-regulated genes are identified by SAM 

analysis [14] with FDR < 0.05. Again, we applied the ml-SVR approach for this study to 

identify significant regulatory networks. After mapping the expression data with motif 

binding strength data, we obtained gene expression measurements with 1,120 probe sets 

and their corresponding binding strengths with 318 non-redundant motifs for the down-

regulated gene set.  We used the ml-SVR approach to identify the regulatory modules 

that are specifically enriched in estrogen deprivation condition.  The parameters in the 
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ml-SVR algorithm were empirically determined, which are same as the ones previously 

specified in estrogen induced condition. 

Table 3.2 shows the identified significant motifs, their average p-values across all 

levels, number of probe sets in the module and the description of the corresponding 

transcription factors. As in the previous section, significant motifs were selected when 

their average p-values ≤ 0.05. From these motifs and their corresponding transcription 

factors, we found several transcription factors that have known associations with breast 

cancer, such as SP-1 and NFκB [111]. For the their target genes, the significant GO terms 

functions are related to cell cycle, intracellular membrane-bound, DNA replication etc (p-

value < 0.01).  

 

Table 3.2. Significant binding motifs in breast cancer estrogen-deprived cell line data 
set. 

RANK Name P-value No. of probe 
IDs Description 

1 V$AP2 0.008 113 General transcription factor IIIA 
2 V$SP3 0.015 145 Stimulating Protein 3 
3 V$HMGIY 0.018 102 High mobility group AT-hook protein 1 
4 V$CEBP 0.019 146 CCAAT Enhancer Binding Protein 
5 V$SP1 0.032 115 Specificity protein 1; Stimulating Protein1 
6 V$NERF 0.041 131 E74-like factor 2 (ets domain transcription factor) 
7 V$FOXJ2 0.046 125 Fork head homologous X 

8 V$NFKB 0.048 86 nuclear factor of kappa light polypeptide gene 
enhancer in B-cells 2 

 

In Figure 3.10, we show a Venn diagram of significantly enriched motifs in both 

estrogen-induced and estrogen-deprived conditions. We can see that SP-1 is significantly 

enriched in both conditions, while AP-1 is only enriched in the estrogen-induced 

condition and NFκB is only enriched in the estrogen-deprived condition. A number of 

publications have reported that elevated AP-1 and NFκB activities are each associated 

with tamoxifen-resistant breast cancer [120-123]. We depicted these three transcription 

regulatory modules with their target genes in Figure 3.11(a). The interactions among the 

transcription factors ESR1, AP-1, SP-1and NFκB are extracted from Human Protein 

Reference Database [32]. Figure 3.11 (b) shows the binding sites for AP-1, SP-1 and 

NFκB in the promoter regions of their target genes, and their expression patterns in both 
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conditions. In the next section, we provide a detailed description of the SP-1 network to 

establish its function role in estrogen signaling and action.   

 

 
SP-1 motifs are significantly enriched under both estrogen-induced and estrogen-

deprived conditions, but the role of this transcription factor in estrogen and anti-estrogen 

signaling is less clear.  Kim et al. [124] have reported that in breast cancer cells, E2 and 

anti-estrogens can both stimulate transcription on G/C-rich promoters via ER/SP-1 

complexes. Table 3.3 shows the SP-1 target genes common to the estrogen-induced and 

estrogen-deprived conditions. Among these genes, some of them have been confirmed to 

be regulated by SP-1 in previous studies, and may have direct relevance to breast cancer, 

estrogen signaling, and antiestrogen resistance. For instance, it has been shown that the 

transcription factor SP1 can bind to the promoter of CXCL12 [125], and that estrogen-

stimulated proliferation of ER+ T47D breast cancer cells can be blocked by a specific 

 
(a) 

      
(b) 

Figure 3.11. (a) Identified transcription regulatory modules of AP-1, SP-1 and NFκB in breast cancer 
study. (b) Gene expression patterns of target genes of AP-1, SP-1 and NFκB in estrogen-induced and 
estrogen-deprived conditions (left), and the binding sites of AP-1, SP-1 and NFκB on the promoter 
regions of their target genes (right).  

MCF7         T47D    BT‐474      MCF7        MCF7
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antagonist of the receptor for CXCL12 [126]. MYBL2 (B-MYB) is a ubiquitous protein 

required for mammalian cell growth, and a study by Sala, et al. [127] showed that B-

MYB functions as a coactivator of SP1, binding to the 120bp B-MYB promoter 

fragment. Moreover, it has recently been shown that MYBL2 mRNA expression is 

significantly increased in breast cancer cells resistant to the tamoxifen analogue 

Toremifene [128]. Finally the RET proto-oncogene, more commonly associated with 

multiple endocrine neoplasia and medullary thyroid carcinoma, is also known to be 

transcriptionally regulated by SP1 [129]. Boulay et al. have reported that RET is induced 

by estrogens; RET signaling enhances the proliferative effect(s) of estrogen in ER+ 

MCF7 and T47D breast cancer cells, and RET is co-expressed with ER in primary breast 

tumors [130].  We have also observed RET mRNA overexpression in tamoxifen-resistant 

SUM44 breast cancer cells [121]. These results demonstrate that our method can 

successfully identify relevant transcription factor targets that play key, functional roles in 

estrogen signaling and action in breast cancer.  

 
Figure 3.12. Identified transcription regulatory modules of AP-1, SP-1 and NFκB in the breast cancer 
study.  
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Table 3.3.  Overlapped target genes of SP1 in estrogen-induced and estrogen-deprived 
conditions. 

Probe Set ID Gene Symbol Gene Name 

204507_S_AT PPP3R1 PROTEIN PHOSPHATASE 3 (FORMERLY 2B), REGULATORY SUBUNIT B, 
19KDA, ALPHA ISOFORM (CALCINEURIN B, TYPE I) 

211421_S_AT RET RET PROTO-ONCOGENE (MULTIPLE ENDOCRINE NEOPLASIA AND 
MEDULLARY THYROID CARCINOMA 1, HIRSCHSPRUNG DISEASE) 

201349_AT SLC9A3R1 SOLUTE CARRIER FAMILY 9 (SODIUM/HYDROGEN EXCHANGER), MEMBER 3 
REGULATOR 1 

201819_AT SCARB1 SCAVENGER RECEPTOR CLASS B, MEMBER 1 

203666_AT CXCL12 CHEMOKINE (C-X-C MOTIF) LIGAND 12 (STROMAL CELL-DERIVED FACTOR 
1) 

204498_S_AT ADCY9 ADENYLATE CYCLASE 9 

209687_AT CXCL12 CHEMOKINE (C-X-C MOTIF) LIGAND 12 (STROMAL CELL-DERIVED FACTOR 
1) 

218657_AT RAPGEFL1 RAP GUANINE NUCLEOTIDE EXCHANGE FACTOR (GEF)-LIKE 1 

218670_AT PUS1 PSEUDOURIDYLATE SYNTHASE 1 

218944_AT PYCRL PYRROLINE-5-CARBOXYLATE REDUCTASE-LIKE 

219990_AT E2F8 E2F TRANSCRIPTION FACTOR 8 

221223_X_AT CISH CYTOKINE INDUCIBLE SH2-CONTAINING PROTEIN 

221987_S_AT TSR1 TSR1, 20S RRNA ACCUMULATION, HOMOLOG (YEAST) 

41037_AT TEAD4 TEA DOMAIN FAMILY MEMBER 4 

201000_AT AARS ALANYL-TRNA SYNTHETASE 

201678_S_AT C3ORF37 CHROMOSOME 3 OPEN READING FRAME 37 

201710_AT MYBL2 V-MYB MYELOBLASTOSIS VIRAL ONCOGENE HOMOLOG (AVIAN)-LIKE 2 

202309_AT MTHFD1 
METHYLENETETRAHYDROFOLATE DEHYDROGENASE (NADP+ DEPENDENT) 
1, METHENYLTETRAHYDROFOLATE CYCLOHYDROLASE, 
FORMYLTETRAHYDROFOLATE SYNTHETASE 

203422_AT POLD1 POLYMERASE (DNA DIRECTED), DELTA 1, CATALYTIC SUBUNIT 125KDA 

205086_S_AT NCAPH2 KLEISIN BETA 

205240_AT GPSM2 G-PROTEIN SIGNALLING MODULATOR 2 (AGS3-LIKE, C. ELEGANS) 

208808_S_AT HMGB2 HIGH-MOBILITY GROUP BOX 2 

216299_S_AT XRCC3 X-RAY REPAIR COMPLEMENTING DEFECTIVE REPAIR IN CHINESE HAMSTER 
CELLS 3 

 

Figure 3.12 shows a detailed regulatory network for AP-1, SP-1 and NFκB. 

Different colors indicate different regulatory modules. Transcription factors are 

represented by ellipses and target genes are represented by diamonds. The AP-1 

transcription factor family includes JUN, FOS, FOSB and JUND. The NFκB 

transcription factor family includes NFκB1, NFκB2, REL, RELA and RELB. The 

interactions among these transcription factors are extracted from Human Protein 

Reference Database (HPRD) [32], which are indicated by undirected edges. The 

regulations from transcription factors to target genes are indicated by directed edges in 

the figure. Besides directly regulated genes, in each regulatory module we also include 

target genes that have protein-protein interactions with the transcription factors (extracted 
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from HPRD), indicated by undirected edges in the module. The AP-1 module is 

significantly enriched in the estrogen-induced up-regulated condition, while the NFκB 

module shows significantly in the estrogen-deprived down-regulated condition.  The SP-

1 module is significantly enriched in both conditions.  We show selected target genes for 

each module as supported by published studies from literature survey. For AP-1 target 

genes, some are already known to be regulated by AP-1. For instance, FOS protein is 

present in a complex that binds a negative regulator of MYC [131], which plays an 

important role in cellular proliferation and the genesis of diverse tumors. CA12, 

APT1A1, MYC and EGRF have all been identified as estrogen-induced/AP-1-dependent 

genes in [132], and each has a high frequency of AP-1 binding sites in their promoters. 

Kordula, et al. [133] have shown that SERPINA3 (ACT) contains an AP-1 binding site 

that contributes to the full responsiveness of the ACT gene to cytokines. For NFκB target 

genes, an NFκB site binds the p50 and p65 heterodimer and is required for the induction 

of IRF7 [134]. In vitro binding studies [135] have also confirmed the capacity of the 

NFκB site to bind p50/p65 and p52/p65 heterodimers for upstream of PSMB9. NUDC 

and RASAL2 were identified as the candidate components of NFκB signaling pathway 

through physical and functional study in [136]. 

3.4. Discussion 

Identification of transcription regulatory modules has become increasingly 

important to understand the molecular mechanisms associated with cancer. Previous 

methods [91-95] focused on how to model the relationship of transcription factor binding 

and gene expression levels, assuming either active transcription factors or target genes 

are known. However, it is a challenging problem in many cancer studies due to 

significant noise in data sources: inaccurate motif binding information, noisy gene 

expression data, and incomplete knowledge of the biological problem under study. The 

ml-SVR method is intended to address these problems and simultaneously identify 

significant transcription factors and their target genes through a multi-level strategy. SVR 

is utilized because its performance for combining binding motif information and gene 

expression data is robust in the presence of noise; note that it can also be potentially 
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extended to model the nonlinear relationship between binding information and expression 

data through kernel functions. Clustering is used to group genes in multiple levels, in a 

coarse-to-fine way, to avoid hard split of the genes, which may be undesirable 

considering the noises.  

There are several issues for further investigation. The method described here 

assumes that co-expressed genes should be co-regulated to some degree; hence, genes are 

clustered based on their expression profiles alone. Recently, Gong et al. [137] proposed 

to cluster genes based on their gene expression data and binding motif information 

together, which may provide more accurate gene clusters for analysis. Another important 

issue that needs to be addressed is how to determine an appropriate motif set for SVR 

fitting. In our experiment, we only focused on each individual transcription factor and 

their modules. However, finding the cooperative transcription factors is also important 

for many biological studies. Due to the large number of motifs under study (typically in a 

range of 50 to 500), it is not feasible to consider all possible motif combinations when the 

order of the motif set increases. In our recent work [138], we developed a stepwise 

forward greedy search strategy,  using a modified loss function to find the co-operative 

motifs in a given gene set. 

3.5. Conclusion 

We have proposed a multi-level two-step SVR method to identify significant 

condition-specific regulatory networks. Binding motif information and gene expression 

data are integrated by support vector regression followed by significance analysis to find 

the active motif sets. A multi-level analysis strategy is further developed to help reduce 

false positives for reliable regulatory module identification. The simulation study and the 

experiment on yeast cell cycle data demonstrated the effectiveness of our method in 

identifying transcription factor and target genes.  
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4  Bootstrapping MRF-based Subnetwork 
Identification and Network-based Prediction 
from Microarray Data and Protein-protein 
Interaction Network 

4.1. Introduction 

As microarray technology makes it possible to measure the expression levels of 

thousands of genes simultaneously, biomarker identification has become one of the major 

goals of microarray data analysis, with which to detect differentially expressed genes 

across different types of tissue samples or samples obtained under different experimental 

conditions in this high-dimensional gene space. Given clinical outcomes, the problem can 

be formulated as a prediction problem that is designed to find informative genes to build 

a classification model with accurate prediction performance when future unknown 

samples are interrogated.  

Many classification methods [71, 139, 140] have been developed, with filter- [14, 

141, 142] or wrapper-based [143, 144] feature selection methods incorporated. These 

methods have demonstrated their initial effectiveness in finding differentially expressed 

genes. However, these computational methods are primarily designed based on 

microarray data alone, and the selected features/genes usually have little biological 

functional coherence related to a specific disease or cancer under study.  

Recently many methods have been developed to identify significant gene sets or 

pathways involved in diseases or biological processes by incorporating some prior 

knowledge, with which to help understand the underlying biological mechanism. For 

example, gene set enrichment analysis or pathways enrichment analysis approaches [47-

49] are proposed by using the membership information in functional gene clusters or 

pathways.  
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Besides the membership information in prior knowledge, most of the prior 

knowledge contains network or structure information, which could be represented by 

graphs, such as protein-protein interactions, protein-gene interactions or regulatory 

pathways. Based on the structure of PPI network, identification of active subnetworks, 

which are related to the underlying mechanisms governing the observed changes in gene 

expression [41], is becoming more and more important in systems biology. Traditional 

individual gene-based biomarker identification is extended to subnetwork marker 

identification, aiming to reveal more biologically relevant information by incorporating 

prior knowledge such as PPI network or pathway information. Consequently, it is of great 

importance to develop network-based classification and prediction schemes to achieve 

better reproducibility among different platform data sets.   

4.1.1. Existing methods and their limitations 

Many methods have been developed to search subnetworks from PPI data with 

significant changes in gene expression over different conditions [41, 42, 145, 146].  

Among them, Chuang et al. [41] proposed a protein-protein network-based approach to 

identify markers of metastasis using gene expression profiles. The markers are not 

encoded as individual genes or proteins, but as subnetworks of interacting proteins within 

a larger human protein-protein interaction network. The resulting subnetworks not only 

provide models of the molecular mechanisms underlying metastasis, but also include 

several key proteins that cannot be easily detected through their differential expression 

alone. Ideker et al. [42] converted the p-value of gene expression levels between two 

phenotypes into z-score and aggregated z-scores in a subnetwork to form the network 

score. A search algorithm is then implemented to find the subnetwork with maximum 

network score. Although these methods have achieved some successes in identifying 

biologically relevant subnetworks, one of the limitations of the methods is that genes in a 

PPI network were treated independently when the network score was calculated, i.e., the 

dependency among the genes in a subnetwork was ignored during the analysis. It is well 

known that genes in a local subnetwork have functional relevance; therefore they should 

form a significant subnetwork even though not all of them have significantly differential 

gene expression. Another limitation is that many hub genes, which are biologically 
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important and have many interactions in PPI network, often show little change in 

expression compared with their downstream genes. Therefore by picking up downstream 

rather than hub genes the resulting subnetwork may not reveal the underlying mechanism 

of disease. 

 With the identified significant subnetworks, an important issue to be considered is 

how to construct features on the subnetworks in order to build a classifier for further 

prediction. Generally speaking, there are two ways for feature construction. One is to 

calculate the subnetwork activity by aggregating the expression profiles of genes within 

the subnetwork [41]. Through this way, each subnetwork activity is regarded as a feature 

and the classifier is built on these features. Although using network activity as feature 

may offer some benefit to reduce the noise in gene expression data, the structure of 

subnetwork is totally omitted when building the classifier. Another way is to use each 

individual gene expression profile in the subnetwork as the input feature, but the structure 

of subnetwork is explicitly modeled in the classifier formulation [147, 148]. For example, 

Li et al. [147] introduced a network-constrained regularization procedure for linear 

regression analysis. In this method, the entire network is represented as a graph and its 

corresponding Laplacian matrix. The network-constrained penalty function penalizes the 

L1-norm of the regression coefficients but encourages the smoothness of the coefficients 

on a network. The effectiveness of this method, in a general regression framework, has 

been demonstrated in identifying the relevant genes and subnetworks as they are related 

to the phenotypes under study. Nevertheless, since there is no subnetwork identification 

procedure conducted before the classification in [147], the method overemphasizes on a 

global network structure rather than a local network structure. Consequently, it has a 

severe limitation to deal with large networks due to a high computational cost paid in the 

construction of Laplacian matrix.   

4.1.2. Our proposed methods 

In this chapter, we propose to develop a novel subnetwork identification method 

for network analysis on different phenotypes of microarray data. In Particular, we 

develop a bootstrapping Markov Random Field (BMRF)-based subnetwork identification 

method, which follows an MRF-MAP (maximum a posterior) framework, by integrating 
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gene expression data and protein-protein interaction network. Note that Markov random 

filed model has been applied for network-based analysis to predict protein function using 

PPI data and achieved some successes [37, 149] due to its flexibility to represent different 

types of dependency in network. A simulated annealing search algorithm is implemented 

to avoid local maximum and then a bootstrapping scheme is developed to help identify 

confident subnetworks. The simulation experiments demonstrate the effectiveness of the 

proposed method and the comparison results show that our method outperforms several 

benchmark methods in identifying subnetworks and hub genes. We have further applied 

our method onto two types of breast cancer microarray data sets; the experimental results 

show that the proposed method not only can achieve good prediction performance, but 

also helps identify several important subnetworks associated with the development of 

breast cancer and drug resistance. 

We also develop a network-constrained support vector machine (netSVM) 

algorithm for classification and prediction. Laplacian matrix of network is explicitly 

incorporated in the objective function to impose the smoothness of estimated coefficients 

along the network. We evaluated the effectiveness of netSVM on simulation data and 

then applied the method to the real breast cancer data. The experimental results 

demonstrate that our method can help improve classification performance compared with 

conventional SVM, but more importantly, it can identify significant subnetworks that 

might be related to the underlying mechanism associated with clinical outcomes. 

The organization of this chapter is as follows. In Section 4.2, we propose a novel 

subnetwork identification method based on a Markov random field (MRF) framework. 

We derive the mathematical model to calculate network score of a subnetwork and then 

present a search algorithm based on simulated annealing. A bootstrapping scheme is 

further implemented to generate confidence measures for subnetworks. In Section 4.3, a 

network-constrained support vector machine algorithm is proposed and the solution of 

the problem is derived. Statistical test for the significance of genes in the subnetworks is 

developed. The simulation study for subnetwork identification and netSVM is shown in 

Section 4.4. In Section 4.5 we present the subnetwork identification results on two types 

of breast cancer data with or without drug treatment. The prediction results by network-
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based SVM are shown in terms of cross validation and independent test. Finally, 

discussion and conclusion are presented in Sections 4.6 and 4.7, respectively.  

4.2. Bootstrapping MRF-based subnetwork identification 

4.2.1. Assumption and framework 

We present a new algorithm to identify subnetworks from mRNA expression data 

and PPI network based on an MRF-MAP framework. The underlying assumption in our 

model is that the significant score of one gene in a subnetwork depends not only on its 

own gene expression profile, but also on the profiles of its neighbors in PPI network. 

Figure 4.1 shows the framework of BMRF-based subnetwork identification method, 

which takes PPI network and gene expression profiles as input, searches for subnetworks 

with large MRF-based network scores and outputs significant subnetworks after 

confidence assessment.  

Different from the average activity score in [41], we will use an MRF-based 

framework to derive a new network score for subnetwork identification, taking into 

account the dependency among the genes in a subnetwork. The goal of subnetwork 

identification is to find a connected subnetwork or clique that maximizes the likelihood 

of posterior probability, P(f|z), where f is a random variable vector representing the 

underlying discriminative scores and z is a vector representing the observed 

discriminative scores of a subnetwork; this goal can be achieved by maximizing a 

network score of the subnetwork as described below. A search algorithm based on 

simulated annealing will be implemented to identify the subnetwork for each candidate 

‘seed’ gene using protein-protein interaction (PPI) data and gene expression data, to 

avoid the local maxima problem that is inevitably existed in the greedy algorithm adopted 

in [41]. Finally, a bootstrapping scheme is implemented on the data set to generate 

confident subnetworks through credibility test. 
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Figure 4.1. Framework of BMRF-based subnetwork identification from microarray gene expression 
profiles and PPI network.  

 

4.2.2. Network score of a subnetwork 

Let’s first define a random variable vector 1{ , , }mf f=f L  to represent a set of 

discriminative scores of m genes (or proteins) between two phenotypes (e.g., ‘Cancer’ 

and ‘Normal’). In the context of a PPI network, S represents the gene set of m genes in a 

network and Ni represents the connected neighbors of gene i. We define a pairwise clique 

C2 on Ni and S as follows: 

 { }2 { , '} | ' ,iC i i i N i S= ∈ ∈ . (4.1) 
The random variable vector f is said to form a Markov random field on S with 

respect to Ni subject to the following conditions: 
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The second criterion is the Markov property for a random field and states that the 

probability of a certain configuration at a site i is statistically independent of the 

configurations of all other i S∈  given the configurations at ii N∈ . 
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Specifying the joint probability P(f) for a Markov random field is in general 

intractable. However, the equivalence between MRF and Gibbs distribution [150] 

provides us an alternative to specify P(f) using Gibbs distribution.  The possible 

configuration f of a set of random variable vector F obeys a Gibbs distribution if the joint 

distribution takes the form: 

 
1 ( )1( )

U
TP e

Z
−

= ×
f
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where Z is a normalizing constant given by:  
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and U is given by: 

 ( ) ( )c
c C

U V
∈

= ∑f f . (4.5) 

U is an energy function that is determined by a sum of clique potentials Vc(f) over 

all cliques. Clique potentials allow the modeling of knowledge (a priori) about the 

contextual interactions between genes at neighboring sites. Usually we assign 0 potentials 

to all cliques of size greater than 2. The energy U(f) corresponds to the probability of that 

configuration. From Equation (4.3), we can see that lower energies correspond to more 

likely configurations. The parameter T is often referred to as ‘temperature’ and controls 

the sharpness of the distribution. Calculation of the partition function Z is intractable even 

for relatively small problems. However, calculation of Z is unnecessary since it is 

normalization constant.  

Denote the observed discriminative scores of genes between two phenotypes as

1{ , , }, ( , )m iz z z= ∈ −∞ +∞z L . Here, we define zi as the z-score of its corresponding p-

value pi using 1(1 )i iz p−= Φ − , where 1−Φ  is the inverse normal cumulative density 

function (CDF). We assume here that the observed discriminative score is a result of the 

addition of independent zero mean Gaussian noise to the underlying discriminative score, 

i.e., ~ (0,1)Nz = f + e, e . A possible estimate of the underlying discriminative score f is 

the MAP estimate f̂  that maximizes the likelihood of posterior probability (i.e., 

log ( )P f | z ); with the help of Bayes’ rules and Gibbs distribution, it is equivalent to say 

that the MAP estimate f̂  minimizes the following posterior potential function: 
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ˆ arg min( ( ) ( ))U U= +
f

f f z | f . The first term in the posterior potential function is the prior 

potential given by: 
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where di is the degree of gene i in the PPI network, k the number of interactions/edges 

and λ a trade-off parameter. As we can see, the first term in Equation (4.6) is the average 

discriminative score in a subnetwork; the second term in Equation (4.6) imposes the 

smoothness across the subnetwork while putting more weights on the genes with large 

degrees. Notice that the posterior potential function is normalized by the number of genes 

and the number of edges in the subnetwork, hence, independent of the subnetwork size.  

 The second term in the posterior potential function is the likelihood potential 

given by: 

 2( ) ( ) / 2i i
i S

U z f
m
γ

∈

= −∑z | f . (4.7)  

where γ is a trade-off parameter. The likelihood potential gives the average square of 

difference between observed and underlying discriminative scores, given the assumption 

of Gaussian distribution of noise signal with 0 mean and 1 standard deviation.   

Thus, we can define the subnetwork score as the negative posterior potential 

function that takes into account the dependency among the genes of a subnetwork, which, 

in the form of estimated discriminative scores, can be defined as follows: 
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4.2.3. Properties of MAP estimator for random variable f 

First we define the Laplacian (L) of G with the uvth element to be: 
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With the Laplacian matrix L, the prior potential in Equation (4.6) can be written 

in a matrix format as: 

 
1( ) T TU

m k
λ−

= +f f 1 f Lf , (4.10)  

where 1 is a m×1 vector where each element is 1. 

Based on Equation (4.10) and Gibbs distribution, Equation (4.3), we can derive 

the expectation of random variable f as follows: 
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Through the first derivation of Equation (4.8), we can obtain the close form of the 

maximum-a-posterior (MAP) estimator of f:  
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From Equation (4.12) we can see that when parameter γ goes to infinity, the MAP 

estimator approximately equals to the observed z score. When γ approximately equals to 

0, the MAP estimator is almost determined by network structure alone. Otherwise, it is a 

tradeoff between network structure and observation. Similarly, when parameter λ goes to 

infinity, the MAP estimator is close to 0. When λ approximately equals to 0, the MAP 

estimator is totally dependent on the observed z score. Otherwise, it is a tradeoff between 

network structure and observation. 

It can be proved that this MAP estimator is an unbiased estimator through 

following derivation:  
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Therefore we can calculate its Cramér-Rao Lower Bound (CRLB) for an unbiased 

estimator based on the information inequality. The Information inequality [151] tells us 

that the variance of the estimator f̂ is bounded by the inverse of Fisher Information 

Matrix (FIM) I(f), whose ijth element is given by: 

 [ ] [ ]2 ln ( ; )
( )

ij
i j

p
I E

f f
⎧ ⎫∂⎪ ⎪= − ⎨ ⎬∂ ∂⎪ ⎪⎩ ⎭

z f
f . (4.14) 

Based on Equation (4.14), we can derive the FIM of f as follows: 
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Thus the variance of estimator f̂ is bounded by the following inequality: 
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Assume there are M observations {zj; j=1, 2, …, M}, we can easily derive the 

CRLB for estimator f̂ as follows: 
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From Equation (4.17), we can see that the variance of estimation is decreasing 

when the number of observations increases. Given fixed number of observations, the 

variance of each node is related to the Laplacian matrix of given graph G. When all nodes 

are isolated or isotropic in the graph, the variances of the elements in vector f are same 

and equal to some constant. Otherwise, the variances of the elements in vector f are 

unequal and determined by the graph characteristics. Generally speaking, we observed in 

PPI network that the gene with large degree may have large variance, since its estimated 

discriminative score is determined and affected by more adjacent genes.   

4.2.4. Search algorithm based on simulated annealing 

The network score in Equation (4.8) allows us to properly evaluate a given 

subnetwork, but finding the maximally scoring subnetwork in the full PPI network is an 

NP-hard problem. It is infeasible to perform exhaustive search since the searching space 

is exponentially increasing with the number of nodes in a graph. Greedy search algorithm 
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is a fast solution but usually stuck in local maxima. Therefore heuristic methods are more 

suitable in our study because they can search very large spaces of candidate solutions and 

optimize a problem by iteratively improving a candidate solution with few or no 

assumptions. Among them, genetic algorithms [152], simulated annealing [42] tabu 

search [153, 154] and their related methods [155-157] are widely used for optimization 

problem. Genetic algorithms (GAs) mimic the process of natural evolution to find near-

optimal solutions through inheritance, mutation, selection and crossover. Simulated 

annealing is a generalization of the Monte Carlo method for combinatorial optimization 

[158, 159]. It traverses the search space by generating neighboring solutions of a current 

solution and replaces the current solution by new solution with certain probability 

determined by the difference in quality and a temperature parameter. Tabu search is 

similar to simulated annealing but it generates multiple candidate solutions and selects 

the one with the lowest fitness. A tabu list is utilized to keep the partial solutions to avoid 

revisiting the existing solutions. Since crossover step is required in GAs, it often greatly 

increases the computational burden in checking the connectivity of subnetwork for each 

iteration. Furthermore previous studies [160, 161] have shown that GAs are not effective 

for problems involving a great number of variables of roughly equal influence compared 

with simulated annealing. Tabu search requires addition memory structure and defining 

the length of the tabu list is a tradeoff between the efficiency and computational 

complexity. Considering the flexibility of a search algorithm and its associated 

computational complexity, we implement our search algorithm based on simulated 

annealing to avoid the local maxima problem [42] for this study.  

The computational complexity of simulated annealing (SA) depends on several 

parameters, such as diameter of the search graph, the candidate generator procedure, the 

acceptance probability function and the annealing schedule. It has been proven [162] that 

for any given finite problem, simulated annealing search can converge to the global 

optimal solution as the annealing schedule is extended. However, it is not practically 

useful since the iteration time required to ensure convergence will usually exceed the 

time required for exhaustive search of the solution space. Therefore we compromise the 

optimal solution in order to reduce the computational complexity; the sub-optimal 

solution is acceptable in our problem since the most differentially expressed genes may 
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not be the ones biologically meaningful. In the implementation, we reduce the 

computational complexity through several aspects: 1) reducing the search space to a local 

search, 2) generating more heuristic candidate genes and 3) terminating the searching 

procedure when the objective cost function is small enough.  Since the solution space 

increases exponentially with the number of nodes in the graph, we restrict the search 

space for each seed gene within two jumps since we focus on localized subnetworks 

derived from seed genes. In the context of PPI network, usually more than 1,000 genes 

are included within two jumps.  

The second modification for the search algorithm is to generate more heuristic 

candidates rather than randomly picked after several iterations since the current state is 

expected to have much lower energy than a random state. We use a weighted sampling to 

randomly sample a new gene to generate new state. The weight is positively correlated 

with gene’s z-score if adding one node, and negatively correlated with gene’s z-score if 

deleting one node. Through this way, it is more possible to include a differentially 

expressed gene or delete a non-differentially expressed gene to increase the network 

score. Although it may get trapped in local optimum, this modified approach is expected 

to be better than greedy search in terms of optimal/suboptimal solution and better than 

(totally) random search in terms of convergence time. We conducted a comparison 

experiment for modified SA and original SA on subnetwork identification using 

simulation data (see the simulation study in Session 4.4 for further details). Figure 4.2 

shows the trajectories of convergence rate and mean average precision for two algorithms 

on two simulation data sets, respectively. From the figure we can see that the modified 

SA converges much faster than the original SA does. The modified SA can also achieve a 

comparable performance in terms of MAP as the original SA can (see Figure 4.2(b) for 

an example). However, in some cases it may result in a slightly degraded performance 

(indicating being stuck in the local optimum) as compared to the original SA (Figure 

4.2(d)), but it is still acceptable considering the saving in computational time.   

The third modification is to terminate the searching procedure if the objective cost 

function could not be reduced in certain number of successive iterations. For example, 

the potential shown in Figure 4.2(a, c) for both SA algorithms are not decreasing after 

1,000 iterations. Therefore we may terminate the procedure earlier to save the 



 90 

computational time. 

With these modifications, we can save approximately one third of computational 

time, which is a significant improvement considering the running time ranges from 

several hours (on the simulation data set) to several days (on the breast cancer data set) 

using the modified SA algorithm.  

 
                                               (a)                                                                                (b) 

  
                                               (c)                                                                                (d) 
 
Figure 4.2. Comparison of convergent rate and performance between modified SA and original SA on two 
different simulation data sets when w = 40. (a) Trajectories of posterior potentials along iterations on first 
data set. (b) Trajectories of mean average precision of identified subnetworks along iterations on first data 
set. (c) Trajectories of posterior potentials along iterations on second data set. (d) Trajectories of mean 
average precision of identified subnetworks along iterations on second data set. 

 

Therefore the modified search algorithm for each seed gene can be described as 

follows: 

INPUT: A PPI network, seed gene g0 and observed significance scores over the PPI 

network.  

OUTPUT: A subnetwork G seeded by g0 that maximizes the network score. 

(1). Initialization:  set i = 0, G = {g0}, Ti = T0 and Kmax = K0; set the network score 

NetScorei as the significance score of g0; note that Ti is the temperature parameter in 

simulated annealing and Kmax is the maximum iteration step. 
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(2). Iteration: while Ti >0 and i < Kmax, perform the following steps: 

a. i = i + 1; 

b. Obtain all connected genes from current subnetwork G and assign the 

outer layer of genes in G except g0, as the candidate gene set;  

c. Sampling a gene from candidate gene set based on their significance score 

and toggle its state (‘insert’ or ‘remove’) to form a new subnetwork Gnew; 

d. Calculate the network score NetScorei for subnetwork Gnew; 

e. IF NetScorei  > NetScorei-1 , update current subnetwork as new subnetwork, 

i.e.,  G = Gnew; 

ELSE update current subnetwork as new subnetwork G = Gnew with a 

probability of 1( ) /i i iNetScore NetScore Tp e −−= ; 

f. Update 10.9i iT T −= . 

g. IF NetScore keeps constant within 500 successive iterations, stop (2). 

(3). Output subnetwork G that is of the maximum network score. 

4.2.5. Bootstrapping for confidence measures of selected genes in 
subnetworks 

Due to the heterogeneity and different noises in microarray data, the 

reproducibility of identified subnetworks across different data sets is usually low. In 

order to obtain more reliable subnetworks, we have implemented non-parametric 

bootstrap methods to select the most confident genes in the subnetwork identified [163]. 

The underlying intuition is that we should be more confident on genes frequently 

included in the identified subnetworks when we perturb the data. In the non-parametric 

bootstrap we generate such perturbations by re-sampling with replacement from the given 

dataset. The confidence score can be computed from the bootstrapping results as follows 

[164]: 

 
1

1conf ( ) ( )
B

b
i i

b

gene f gene
B =

= ∑ . (4.18) 

where ( )b
if gene  is 1 if gene i is selected, and 0 otherwise; B is the number of bootstrap 

versions of the data. In this study, we generated 100 (i.e., B = 100) versions of the data 
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set by sampling with replacement, and applied the MRF-based simulated annealing 

procedure to the data to obtain 100 subnetworks for each seed for confidence calculation.  

Furthermore, we tested the credibility of our confidence assessment by randomly 

permuting the phenotype labels of data samples [164]. Using 100 random permutations, 

we can obtain a baseline distribution of the confidence score. Then we can calculate the 

false discovery rate for a given confidence conf0 in the observed data as follows:  
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The final subnetwork is composed by the genes that the corresponding false 

discovery rate is less than a predefined threshold, which is 0.05 in our experiments.  

As an example, Figure 4.3(a) shows the confidence distribution of one of the 

subnetworks on a simulation data set (see Section 4.4 for further details). With a false 

discovery rate threshold of 0.05, we can obtain 25 genes in the subnetwork and the 

corresponding confidence score as 0.8. Figure 4.3(b) shows an example for the 

confidence measure of one of the subnetworks (seed gene: CDK25) on an in-house data 

set (see Section 4.5 for more details). Similarly, 16 genes are included in the subnetwork 

when false discovery rate is set as 0.05, with the corresponding confidence score as 0.15.  

 
(a)                             (b) 

Figure 4.3. Confidence distributions of one of the subnetworks for the observed data set (solid line) and the 
randomized data set (dotted line) on (a) simulation data set and (b) in-house data set. The x-axis represents 
the confidence threshold and the y-axis represents the number of genes with confidence equal or higher 
than the corresponding x -value. Inset in the right figure is the plot of tail distribution. 
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4.3. Network-based support vector machine for prediction 

In most cases, only binary information of clinical outcomes is known, therefore a 

binary classification scheme is widely used to build a prediction model. In this section, 

we develop a network-constrained support vector machine (netSVM) in order to achieve 

better prediction performance and identify biologically meaningful genes by 

incorporating gene-gene interacting network. Specifically, we add a network constraint in 

the objective function of SVM to impose the smoothness of coefficient over the network. 

The network constraint is represented by the Laplacian matrix of gene-gene interacting 

network. 

4.3.1. Support vector machine 

Support vector machine (SVM) is a classification scheme that addresses the 

general case of nonlinear and non-separable classification tasks efficiently. The goal of 

an SVM is to find a hyperplane that maximizes the width of the margin between the 

classes and at the same time minimizes the empirical errors. Since the coefficients in 

weight vector correspond to real genes for linear SVM, we will focus on discussing the 

network-constrained SVM for linear case only in order to have a clear biological 

interpretation of those significant features (i.e., genes).  

Given a training sample set (x1, y1), …, (xl, yl) with p features and l samples, 

where p
i R∈x  and }1,1{ +−∈iy , the SVM learning algorithm aims to find a linear 

function of the form bf +⋅= xβx)( , with pR∈β  and Rb∈  such that a data point x is 

assigned to a label +1 if f(x) > 0, and a label -1 otherwise. The linear SVM classifier can 

be obtained by solving the following optimization problem: 

 ( ) 0,1..
2
1min
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bytsC ξξξ
ξ

xββ
β

, (4.20) 

where the slack variable ξi > 0 denotes the difference of sample i to the required 

functional margin. The sum of ξi can be seen as an upper bound of the empirical risk. 

And the regularization constant C > 0 determines the trade-off between ½||β||² (the 

complexity term) and the sum of ξi.  
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By introducing non-negative Lagrangian multipliers αi, the above optimization 

problem is equivalent to maximizing the dual Lagrangian function with respect to αi in 

Equation (4.21): 
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This is a quadratic programming problem and the solution to Equation (4.21) gives 

∑
=

=
l

i
iii y

1

xβ α  and b can be simply computed with any training point such that equality 

holds in problem (4.20). 

4.3.2. Network-constrained SVM (netSVM) 

Consider a gene network that is represented by a graph G = (V, E, W), where V is 

a set of vertices that correspond to p genes, E = {u ~ v} is a set of edges indicating that 

gene u and v are linked on the network and W is the weights of the edges. The degree of a 

vertex v is defined as ∑=
u

v vuwd ),( , where w(u, v) indicates the weight of edge u~v. For 

this application, the weights could represent the probabilities of having edges between 

two vertices. Following Chung et al. [165], we define the Laplacian matrix L of G with 

the uvth element to be: 
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This matrix is symmetric and non-negative definite and its corresponding 

eigenvalues or spectra reflect many properties of the graph as detailed in [165].  

We define the network-constrained SVM given non-negative parameter λ as 

follows: 
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2
1min
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Compared to Equation (4.20), the only difference is that we add one more 

regularization term λβTLβ into the objective function. We already know that the first 

regularization term is designed to maximize the width of the margin between two classes. 

We will thus focus on discussing the meaning of the second regularization term. 

Note that L can be written as L = SST, where S is the matrix whose rows are 

indexed by the vertices and whose columns are indexed by the edges of G such that each 

column (corresponding to an edge e = {u, v}) has an entry udvuw /),(  in the row 

corresponding to u, an entry  udvuw /),(−  in the row corresponding to v, and zero 

entries elsewhere. Therefore we can see that βTLβ can be re-written as 

 ∑ ⎟
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⎝

⎛
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vu v

v

u

uT vuw
dd~

2
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From this representation we can understand that the added regularization term 

λβTLβ imposes the smoothness of parameters (coefficients) β over the network via 

penalizing the weighted sum of squares of the scaled difference of coefficients between 

neighboring vertices in the network.  

It is worth noting that the network-constrain SVM is different from Laplacian 

SVM [166]. Network-constrained SVM imposes smoothness for weight vector β, while 

Laplacian SVM imposes smoothness for Lagrangian multipliers α. In Laplacian SVM, it 

assumes that the data of each class, which follow a manifold and decision function must 

avoid passing through the manifold. In network-constrained SVM, the underlying 

assumption is that the genes highly connected in a network have synergistic effect and 

they should be considered together rather than individually. 

Next, we will discuss how to solve the problem of Equation (4.20). Here we 

propose a simple algorithm by reducing it to a conventional SVM optimization problem. 

Since L is symmetric and semi-positive definite, Equation (4.23) can be represented as 

 ( ) 0,1..
2
1min

1

*

,,
≥−≥+⋅+ ∑

=
iiii

l

i
i

T

b
bytsC ξξξ

ξ
xββLβ

β
, (4.25) 

where,  
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Further with the definition of βPβ T=* , the problem in (4.23) can be reduced to 
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where i
TT

i xPx ))(( 1* −= . Therefore, this optimization problem could be solved by its 

corresponding dual problem similar with Equation (4.21). The solution gives 

∑
=
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i
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1

** xβ α  and we can recover β through *1)( βPβ −= T .Note that λ is a parameter and 

it can be optimized through cross validation in practice. 

4.3.3. Significance analysis of subnetworks in netSVM 

From the input network, we want to know which parts of the network are 

significantly contributing to the decision boundary for classification. As is shown in the 

Equation (4.23), the larger the absolute value of an element in coefficient vector β, the 

more important the corresponding gene is. Based on the clinical outcome information, we 

design a significance test to evaluate the significance of each gene in the network and 

then significant subnetworks can be determined by those genes whose p-values are less 

than some predefined threshold. For each gene i in the network, we take its absolute 

value of coefficient βi as a summary statistic. To form a null distribution, we randomly 

permute training sample labels, and learn the coefficient vector β0 using network-

constrained SVM on the training samples with permuted labels. The procedure is 

repeated B times, and all the corresponding absolute values of βi
0 will be used to form the 

null distribution. The p-value of gene i can be calculated as follows:  

 
0

0
0 #{ : , 1, , }

Pr ( )
b

i i
i H i i

b b B
p

B
β β

β β
> =

= > =
L

.  (4.28) 

 



 97 

4.4. Simulation study 

4.4.1. Simulation data 

We used two models to simulate the microarray gene expression data under two 

conditions considering the dependency of genes along a network. First, an MRF model is 

utilized to determine the states of genes (i.e., differentially expressed (DE) or non-

differentially (equally) expressed (EE)) given the ground truth subnetwork. Then a 

Gamma-Gamma (GG) model [167] is utilized for modeling the gene expression levels in 

two conditions based on the states of genes.  

We modified the MRF model in [149] to embed differentially expressed 

subnetwork/genes in the PPI network given a ground truth subnetwork. Let S is a binary 

vector indicating the differential expressed states of genes in a PPI network G, 0 means 

‘equally expressed’ and 1 means ‘differentially expressed’;, and assume that the ground 

truth differential subnetwork is G0, which means S{G0}=1 and S{G-G0}=0. We sample the 

gene state according to the following probability based on Markov random field model:  

 ( | ) exp( (1 ))i k ip k kγ χμ⋅ ∝ − − .  (4.29) 

In the original model, μi(1-k) denotes the number of neighbors of gene i having 

state 1-k, k = 0, 1. γk and  χ are the parameters predefined. In order to introduce different 

levels of false positives in the sampled differential subnetwork, we added one parameter 

to control the probability of keeping initial states of ground truth DE genes and 

background EE genes. Here we define μi(1-k) as a function of parameter ω as follows: 
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The larger ω is, the more consistent the simulated DE genes and ground truth genes are. 

Therefore we can vary ω to generate different simulation gene expression data sets with 

different levels of consistency. 

Then, we simulated gene expression data X given S using a Gamma-Gamma 

model [167, 168]. In the GG model, the observed variable x (gene expression level) is a 
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Gamma distribution having shape parameter α>0 and scale parameter χg, with a mean 

value g gμ αχ= . Its probability density function is: 

 
1 exp{ / }
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− −
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Γ
.  (4.31) 

In the above equation, the scale parameter χg has a Gamma distribution with shape 

parameter α0 and scale parameter ν. Given these three parameters, we can simulate the 

gene expression levels in two conditions with multiple replicates. In this experiment, we 

further assume that equally expressed gene has same expected mean for all samples and 

differentially expressed gene has different expected mean values in different conditions. 

To finally generate simulation data, we fist sampled the scale parameter χg based on 

Gamma distribution (α0, ν) and then sampled gene expression levels using parameters (α, 

χg) given the states of genes.  

4.4.2. Simulation study for BMRF-based subnetwork identification 

We conducted simulation studies on an estrogen receptor (ER) focused network 

that contains 365 genes and 1825 interactions, from which an ER-signaling pathway is 

considered as ground truth subnetwork including 35 genes and 89 interactions. To form 

an ER focused network for this simulation study, we collected 470 genes around ERα, 

ERβ, estrogen related receptors α (ESRRA) and γ (ESRRG) and aromatase from a set of 

bioinformatics resources including protein-protein interactions (PPIs), canonical 

pathways and protein-protein complex. We developed a strategy (as described below) for 

selecting the highest confidence genes to be part of this gene set by examining genes 

from various databases and different types of bioinformatics data (Figure 4.4).  For the 

protein-protein interactions, STRING database [33] was mined for the first and second 

neighbors of the 5 aforementioned genes/proteins, the network seeds using the highest 

confidence score (>0.900), which resulting in 300 proteins. Next, a search for protein 

complexes with any of the 5 seeds was performed in the CORUM database [169].  34 

proteins were indentified from this search and were added to the gene set.  We searched 

many canonical pathway sources and found Biocarta, Linnea and STKE to have ER 

pathways.  Totaling all of the proteins from these three pathway sources, there were 232 

unique genes classified as part of ER pathway.  Finally, ER protein-protein interactions, 
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ER pathway genes and ER complexes were grouped together to form 470 ER-related 

genes. After having overlaid these ER-related genes on Human Protein Reference 

Database (HPRD [32]), we finally have 365 genes and 1825 interactions for this 

simulation study. To form the ground truth subnetwork, 35 ER-signaling pathway genes 

were determined from pathway resources by at least 2 out of the 4 pathway sources to be 

part of the ER pathway, which resulted in 89 interactions in the HPRD database (Figure 

4.5).  

 
(a)                                                                            (b) 

Figure 4.4. (a) Venn Diagram of PPIs, Pathway and Complexes to form ER-related genes. (b) ER-focused 
network on HPRD PPI network. 

 

 
Figure 4.5. Ground truth ESR1 Subnetwork. 
 

We first set the same parameters in GG model as the ones in Newton et al. (α = 

10, α0 = 0.9 and ν = 0.5). We then chose w to be 0, 10, 20,…, 90, and for each parameter 

of w we generated 10 simulated gene expression data sets. For each data set, we used 

BMRF for subnetwork identification. As a comparison, we also performed 
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jActiveModules as proposed in [42] and HEINZ in [146] on the same simulation data. 

jActiveModules is a subnetwork identification method that scores the subnetwork using 

the aggregated z-score derived from each individual gene’s significance score (p-value). 

HEINZ (featuring a module scoring function) is a decomposition based method using 

mixture models, where integer-linear programming is used to find the optimal or 

suboptimal solution to the maximally-scoring subnetwork. 

We used precision-recall curve [170] and percentage of identified hub genes 

(degree > 5) as the metrics to evaluate the performance. The precision and recall are 

defined as follows: 

 Precision = |intersect (Srecoved, Sground)|/|Srecoved|, (4.32) 

and 

 Recall = |intersect (Srecoved, Sground)|/| Sground|, (4.33) 

where Srecoved indicates the recovered subnetwork after applying the MRF-based 

subnetwork identification method (or any other method in this comparison study) and 

Sground indicates the ground truth subnetwork.  To generate precision and recall curve, we 

ranked genes in the identified subnetwork according to their t-statistic p-values and then 

calculated precision and recall points by running down genes one by one on the ranked 

gene list. Mean Average Precision (MAP) of the precision-recall curve was also 

calculated in order to have an overall performance assessment.   

Figure 4.6 shows the average precision-recall curves of identified subnetworks by 

BMRF-based method with different weights. From the figure we can see that MAP 

increases with weight w, which means that the BMRF-based method performs better 

when the genes in the subnetwork are more differentially expressed than background 

genes.  

The performance comparisons for the BMRF-based method, jActiveModules and 

HEINZ are shown in Figure 4.7 and Figure 4.8. Figure 4.7 shows the mean average 

precision for the three methods at different weights. We also calculated the false positive 

rate of DE genes in the simulated gene expression data as listed in the figure. From the 

figure we can see that the BMRF-based method gives the best precision results 

consistently, and HEINZ performs a little better than jActiveModules. Figure 4.8 gives 

the comparison of percentage of identified hub genes for the three methods at different 
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4.4.3. Simulation study for network-constrained SVM 

We also conducted simulation studies on a breast cancer-related network that 

contains 584 genes and 2,280 interactions. The genes are either breast cancer related 

[171] or involved in estrogen signaling pathways collected from Ingenuity Pathway 

Analysis (Ingenuity® Systems; www.ingenuity.com). The interactions are extracted from 

the HPRD database [32]. Here the weights in the network are set as 1 if there are 

connections between two genes and 0 otherwise. We set the same parameters in the GG 

model as the ones in Newton et al. [167] (α = 10, α0 = 0.9 and ν = 0.5).  We added 

different levels of noise and adjusted parameter w to control false positive rate in the 

sampled DE subnetworks to generate simulation data sets. For each scenario, we 

randomly generated 100 training and test data sets. Each data set included 100 training 

samples and 100 test samples.  

We implemented both network-constrained SVM (netSVM) and conventional 

SVM for training and testing, respectively. A 10-fold cross validation was conducted on 

the training dataset to select the optimal value of parameter λ. We then computed the 

accuracy, sensitively and specificity for classification performance evaluation on the test 

data. In addition, we also assessed the performance of recovering ground truth 

subnetwork genes in classifier through receiver operating characteristic (ROC) analysis 

[71] for ranked gene list. Genes were ranked by their absolute coefficients in weight 

vector β. True positive rate and false positive rate were calculated in the ranked gene list 

and the Area under the ROC Curve (AUC) were computed for an overall performance 

evaluation.  

We first fixed weight (ω = 10) and added different levels of Gaussian noise to the 

simulated gene expression data. Figure 4.9 shows the AUC values of prediction 

performance on test data sets at different signal-to-noise ratios for netSVM and 

conventional SVM, respectively. From the figure we can see that when signal-to-noise 

ratio is relative high (>4db), both methods can achieve good prediction results. However, 

when signal-to-noise ratio is low, which reflects a more likely scenario in real microarray 

gene expression data, network-constrained SVM gives better classification performance 

compared to conventional SVM. Furthermore, AUC values for subnetwork identification 
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are compared in Figure 4.10. We can see that netSVM outperforms SVM significantly in 

identifying the relevant ground truth subnetwork/genes.   

Then we further evaluated the performance in uncovering underlying 

network/genes with different weights, with which to control the false positive rate of 

sampled subnetworks. With a fixed signal-to-noise ratio (SNR = 0 db), the prediction 

performance of two methods are comparable (results are not shown). However, the 

performance in identifying underlying subnetworks is becoming apparently different for 

the two methods when false positive rate increases, which is shown in Figure 4.11. From 

the figure we can see that network-constrained SVM outperforms conventional SVM 

significantly, especially when false positive rate of sampled subnetwork is high.  

 
Figure 4.9. Comparison Results of prediction AUC values on simulation data sets with different signal-to-
noise levels for network-constrained SVM and conventional SVM. AUC values are calculated based on 
100 simulations, where standard deviations are shown in the error bar. 

 
Figure 4.10. Comparison Results of subnetwork identification AUC values on simulation data sets with 
different signal-to-noise levels for network-constrained SVM and conventional SVM. AUC values are 
calculated based on 100 simulations, where standard deviations are shown in the error bar. 
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Figure 4.11. Comparison Results of subnetwork identification AUC values on simulation data sets with 
different false positive rates (w) for network-constrained SVM and conventional SVM. AUC values are 
calculated based on 100 simulations, where standard deviations are shown in the error bar. 

4.5. Breast cancer Study 

4.5.1. Drug untreated breast cancer data 

In this study, we first applied the proposed BMRF-based method for subnetwork 

identification from two gene expression data sets of breast cancer patients without drug 

treatment, as previously reported by van de Vijver et al. [172] and Wang et al. [173] 

respectively. Particularly we focused on ER positive patients in our study. Among them, 

78 patients in van de Vijver et al. [172] and 80 in Wang et al. [173] have been detected 

metastasis during follow-up visits within 5 years of surgery, which were assigned to 

‘recurrence’ group. For the remaining 217 and 129 patients were labeled ‘non-

recurrence’.  

Since there are many false positives in the PPI network, we assumed that genes 

highly connected are more confident than those sparsely connected. Therefore, we 

determined the seed genes from ER focused network (Figure 4.4) according to the node 

degree in the ER focused network. In our experiments, we set a threshold of 5 to select 

202 seed genes for this breast cancer study. Subnetworks were identified from Protein-

protein interaction network from HPRD [32], which contains about 9,000 genes and 

35,000 interactions. We converted gene expression data from probe set IDs to Entrez 

gene IDs. The probe set ID with largest variance across patients’ samples was used if 
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multiple probe set IDs are linked to one Entrez gene ID.  After mapping the PPI and two 

data sets, there were 7,249 genes with 27,885 interactions to be investigated.  

From 202 bootstrapping subnetworks we determined the significant subnetworks 

according to network size and network score. A network is considered as significant if 

the network size is greater than 5 and the network score is larger than 1.65 (p-value = 

0.05, normal distribution). 27 significant subnetworks are detected on Wang et al. [173] 

by the BMRF-based method. We trained a classifier using netSVM [174] based on these 

subnetworks from Wang et al. [173] and predicted on van de Vijver et al. [172]. The 

ROC curves for five-fold cross validation and independent test are shown in Figure 4.12. 

Specifically, the accuracy of five-fold cross validation is 72.58% with 74.61% sensitivity 

and 72.09% specificity. For independent test we achieved 69.14% accuracy with 73.13% 

sensitivity and 60.26% specificity. Similarly 14 significant subnetworks are identified on 

van de Vijver et al. [172] by the BMRF-based method. The accuracy of five-fold cross 

validation on van de Vijver et al. [172] is 70.20% with 72.22% sensitivity and 70.05% 

specificity. The independent test on Wang et al. [173] gives 63.16% accuracy with 

72.50% sensitivity and 57.36% specificity. Figure 4.13 shows the ROC curves for cross 

validation and independent test. 

 
Figure 4.12. ROC curves for 5-fold cross validation on Wang et al. [173] and independent test on van de 
Vijver et al. [172] . 
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Figure 4.13. ROC curves for 5-fold cross validation on van de Vijver et al. [172]  and independent test on 
Wang et al. [173]. 

 

The cross validation results are comparable with the reported ones and our 

method achieved better prediction performance on independent data set. The detailed 

comparable results are shown in Table 4.1 for cross validation and Table 4.2 for 

independent test, respectively.  The Kaplan-Meier analysis of independent test on two 

data sets (Figure 4.14) also showed highly significant differences in terms of overall 

survival between the groups predicted as ‘recurrence’ and ‘non-recurrence’, respectively. 

 

Table 4.1. Comparison of prediction performance of five-fold cross validation on Wang 
et al. [173] and van de Vijver et al. [172] for bootstrapping MRF-based method and 
network-based method [41]. 

Data set Method Accuracy Sensitivity Specificity 

Wang et al. [173] 
BMRF-based 72.58% 74.61% 72.09% 

Network-based 72.2% 90% 61.7% 
van de Vijver et 

al. [172] 
BMRF-based 70.20% 72.22% 70.05% 

Network-based 70.1% 90% 63.1% 
 
Table 4.2 Comparison of independent test performance on Wang et al. [173] and van de 
Vijver et al. [172] for bootstrapping MRF-based method and network-based method [41]. 

Data set Method AUC Accuracy Sensitivity Specificity 
Wang et al. 

[173] 
BMRF-based 68% 63.16% 72.50% 57.36% 

Network-based 63% 48.8% 90% 24.4% 
van de Vijver 

et al. [172] 
BMRF-based 69% 69.14% 73.13% 60.26% 

Network-based 72% 55.8% 90% 43.3% 
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             (a)                                                                           (b) 
Figure 4.14. Kaplan-Meier analysis for overall survival of independent test on (a) van de Vijver et al. [172] 
and (b) Wang et al. [173]. 

 

We further checked the overlapped genes in subnetworks as identified from two 

data sets. There are in total 128 genes from Wang et al. [173] and 77 genes from van de 

Vijver et al. [172]. 16 genes are shown in the subnetworks from both data sets.  Among 

them, many genes are known to be related to breast cancer estrogen signaling. For 

instance, although the functional role of androgen receptor (AR) is still unclear, its 

expression was shown to be a prognostic indicator in breast cancer [175]; steroid 

hormones and their receptors (PGR) are involved in the regulation of eukaryotic gene 

expression and affect cellular proliferation and differentiation in target tissues [176]; 

BCL2 is an independent predictor of breast cancer outcome and can be useful as a 

prognostic marker [177]. AR, BCL2, CCNA2 and CCNB2 are involved in subnetworks 

identified from Wang et al. [173] (Figure 4.15(a)); AR, CCNA2, CCNB2 and PGR are 

involved in subnetworks identified from Vijver et al. [172] (Figure 4.15 (b)). Although 

the genes in these two subnetworks in Figure 4.15 are not exactly same, their enriched 

pathways and GO functions annotated by MsigDB database [48] are similar, which are 

cycle cell pathway and breast cancer signaling. 

The experimental  results support that our method can identify some hub genes 

that may not be significantly differentially expressed between ‘recurrence’ and ‘non-

recurrence’ groups, for examples, DAXX (Figure 4.15 (a)), TP53 and CDKN1A (Figure 

4.15(b)). The t-test p-values of these genes are larger than 0.05 between two groups, 

however, they are included in the identified subnetworks because their neighboring genes 

are significantly differentially expressed. 
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                                                    (a)                                                             (b) 
Figure 4.15. Subnetwork identified from (a) Wang et al. [173] and (b) van de Vijver et al. [172]. 
Subnetworks are merged if more than 2 genes are common. Node shape indicates the seed gene (hexagon) 
or non-seed gene (ellipse). Node color indicates the fold change between ‘recurrent’ and ‘non recurrent’ 
group. Red means over-expressed in ‘recurrent’ group and green means over-expressed in ‘non-recurrent’ 
group. Enriched pathways and GO functional annotations are (a) Cell cycle pathway: 2.91e-10; Breast 
cancer estrogen signaling: 4.3e-05 (b) Cell cycle: 3.18E-15; Breast cancer estrogen signaling: 4.02e-07. 

 

For the other identified subnetworks, we also conducted pathway enrichment 

analysis and functional annotation based on the MsigDB database. Many pathways or 

biochemical activities were identified. Among them, cell cycle pathway or cell cycle 

process is highly enriched in two data sets (Figure B.5, Figure B.6, Figure B.7and Figure 

B.8 in Appendix B). Apoptosis (Figure B.5) and signaling transduction (Figure B.1) were 

shown in Wang et al. [173]. Insulin receptor pathway was shown in van de Vijver et al. 

[172] (Figure B.6 and Figure B.7)). Detailed networks and annotations are shown in 

Appendix B. These results show that our findings are consistent with the ones reported in 

the original studies [172, 173].   

4.5.2. Drug treated breast cancer data 

As an exploration, we also applied our method onto an in-house microarray data 

set for anti-estrogen resistance study of breast cancer. The study was designed to find 

estrogen-related networks or pathways to help understand the recurrence of breast cancer 

Extracellular Space

Plasma Membrane

Cytoplasm

Nucleus

Down regulated Up regulated



 109 

after drug treatment (Tamoxifen). 64 samples have been profiled with Affymetrix 

GeneChip U133 Plus 2.0 Array. Among them, 24 samples were labeled as ‘early 

recurrence’ (< 3 years) and 40 samples were labeled as ‘non-recurrence’ (> 10 years) 

according to their relapse-free time. We used one public data set by Loi et al. [178] for 

cross data study, which also collected tamoxifen-treated samples and arrayed on the same 

microarray platform. Among them, 12 samples were labeled as ‘early recurrence’ and 12 

samples were labeled as ‘non-recurrence’ according to the same relapse-free time 

division. We used Probe Logarithmic Intensity Error (PLIER) algorithm with quantile 

normalization to preprocess the original intensity data for gene expression measurements 

[12]. After the preprocessing, we obtained expression measurements of 54,675 probe sets 

in each sample. We used same seed genes as defined in the previous section to identify 

subnetworks by integrating the gene expression and network data sets. After mapping the 

PPI data and two gene expression data sets, there were 9,247 genes with 34,883 

interactions remained in this experiment. 

From 202 bootstrapping subnetworks we determined the significant subnetworks 

according to network size and network score. A network is considered as significant if 

the network size is greater than 5 and the network score is larger than 1.65 (p-value = 

0.05, normal distribution). 19 significant subnetworks were identified from the in-house 

data set by the BMRF-based method. We trained a classifier using netSVM based on 

these subnetworks on our in-house data set and predicted on Loi et al. [178]. The ROC 

curves of cross validation and independent test are shown in Figure 4.16. Specifically, the 

accuracy of five-fold cross validation is 80.42% with 67.21% sensitivity and 88.35% 

specificity. The classifier achieved 75% accuracy with 75% sensitivity and 75% 

specificity for independent test. Similarly, 13 significant subnetworks are identified from 

Loi et al. [178] by our BMRF-based method. The accuracy of five-fold cross validation 

on Loi et al. [178] is 87.22% with 83.58% sensitivity and 96% specificity. The 

independent test on the in-house data set gives 73.44% accuracy with 70.83% sensitivity 

and 75% specificity. The corresponding ROC curves are shown in Figure 4.17. The 

Kaplan-Meier analysis of independent test on two data sets (Figure 4.18) showed highly 

significant differences in terms of overall survival between the groups as predicted to be 

either ‘early recurrence’ or ‘non-recurrence’. 
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Figure 4.16. ROC curves for 5-fold cross validation on in-house data set and independent test on Loi et al. 
[178] . 

 
Figure 4.17. ROC curves for 5-fold cross validation on Loi et al. [178] and independent test on in-house 
data set. 
 

 
    (a)                                                         (b) 

Figure 4.18. Kaplan-Meier analysis for overall survival of independent test on (a) Loi et al. [178] and (b) 
In-house data set. 
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We then checked overlapped genes in the subnetworks identified from two data 

sets. There are in total 127 genes from in-house data set and 134 genes from Loi et al. 

data [178]. 24 genes are shown in common from both data sets.  Among them, many 

genes are known to be associated with cell cycle/ cell proliferation or signaling pathway. 

For examples, E2F1, E2F2, SKP1, SKP2, CDC25A, CCNA2, CCNE2, CDK2 and RB1 

are cell cycle related genes; RASA1, MAP2K3, NFKB1 and RELA are related to MAPK 

signaling pathway; PTK2B, BCAR1 and SRC are involved in epidermal growth factor 

receptor signaling pathway. Interesting, breast cancer anti-estrogen resistance 1 (BCAR1) 

network is shown in the networks extracted from both data sets (Figure 4.19) with 

overlapped genes PTPRF, SRC and E2F2, where cell to cell adhesion signaling and 

down-stream transduction signaling are enriched. BCAR1 has been reported that the 

alteration of BCAR1 is responsible for the development of anti-estrogen resistance and 

overexpression of BCAR1 was observed in anti-estrogen resistant human breast cancer 

cells [179, 180]. This may suggest that these networks identified by our method are 

associated with drug resistance in breast cancer. From the figure we can see that BCAR1 

itself is not significantly expressed between recurrence and non-recurrence groups and 

reversely expressed in two data sets. Nevertheless, our method can highlight this hub 

gene according to the expression patterns of its neighboring genes. 

 
             (a)                                                 (b) 

Figure 4.19. Subnetwork identified from (a) In-house data set and (b) Loi et al. [178]. Subnetworks are 
merged if more than 2 genes are common. Node shape indicates the seed gene (hexagon) or non-seed gene 
(ellipse). Node color indicates the fold change between ‘recurrent’ and ‘non recurrent’ group. Red means 
over-expressed in ‘recurrent’ group and green means over-expressed in ‘non-recurrent’ group. Enriched 
pathways and GO functional annotations are (a) Links between Pyk2 and Map Kinases: 1.64e-06; Cell to 
Cell Adhesion Signaling: 6.07e-05. (b) Integrin Signaling Pathway: 9.42e-07; Genes involved in Down-
stream signal transduction: 5.72e-06; ErbB signaling pathway: 8.98e-05; Cell to Cell Adhesion Signaling: 
9.26e-05. 
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We then conducted functional annotation and pathway analysis using MsigDB 

database. Cell cycle pathway is enriched in both data sets (Figure B.13, Figure B.15 and 

Figure B.19, Appendix B). Nucleus is also enriched in two data sets (Figure B.10 and 

Figure B.21). Apoptosis is shown in Loi et al. [178] (Figure B.20). The functional 

annotation and pathways of these networks are similar with the ones obtained from drug 

untreated data sets [172, 173], which may indicates that the subnetworks are related to the 

development of breast cancer. Besides, the results on these two data sets show more 

signaling information compared with the results from drug untreated microarray data sets. 

For example, Figure 4.20 shows the two subnetworks identified on in-house and Loi et 

al. [178], in which notch signaling pathway is enriched in both subnetworks. Specifically, 

in highly conserved Notch signaling pathway, some genes located in plasma member and 

cytoplasm were identified from Loi et al. [178], which include Notch1, PSEN1, PSEN2, 

NUMB and NUMBL (Figure 4.20(b)); some genes located in nucleus were identified 

from our in-house data set, including CREBBP, HDAC1 and CTBP1 (Figure 4.20(a)). 

The results indicate that different data sets may reveal different active parts of one 

common underlying mechanism.  Notch signaling pathway has been studied in many 

papers [181-183] and it is suggested that the inhibition of Notch signaling may be a 

therapeutic strategy for breast cancer [181]. In [184], the study has showed that the 

combination of tamoxifen and Notch inhibitors could eliminate the emergence of 

Tamoxifen resistance.   
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                                                      (a)                                                                  (b) 
Figure 4.20. Subnetwork identified from (a) In-house data set and (b) Loi et al. [178]. Subnetworks are 
merged if more than 2 genes are common. Node shape indicates the seed gene (hexagon) or non-seed gene 
(ellipse). Node color indicates the fold change between ‘recurrent’ and ‘non recurrent’ group. Red means 
over-expressed in ‘recurrent’ group and green means over-expressed in ‘non-recurrent’ group. Enriched 
pathways and GO functional annotations are (a) WNT signaling pathway: 2.67E-07; Notch signaling 
pathway: 1.45E-04 (b) Nucleus: 2.99E-06; Notch signaling pathway: 6.18E-08; Signal transduction: 7.94E-
05. 

 

Signaling pathway is more complicated and diverse. We can see that TGF-beta 

signaling pathway (Figure B.11) and WNT signaling pathway (Figure B.16) are enriched 

in the networks from our in-house data set, while WNT signaling pathway (Figure B.20), 

Notch signaling pathway (Figure B.21) and ErbB signaling pathway (Figure B.22) are 

enriched in the networks from Loi et al. [178]. It has been observed that WNT proteins 

are sometimes overexpressed and the downstream components of the WNT signaling 

pathway are activated in a significant proportion of human breast tumors [185, 186].  

Transforming growth factor-beta (TGF-beta) is a tumor suppressor, which is involved in 

many types of human cancer, including breast cancer [187]. The recent findings through 

the in vitro cell line study provided evidence that TGFbeta-dependent mechanism could 

help induce immnunosuppression in the tumor microenvironment, which may contribute 

to the development of antiestrogen resistance in breast cancer [188]. Researchers have 

shown that dysregulation of human epidermal growth factor receptor (ErbB/HER) 

pathways by over-expression or constitutive activation can promote tumor processes and 

is associated with poor prognosis in many human breast tumors [189]. In a recent study 
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by Schiff et al.[190], cross-talk between estrogen receptor and ErbB pathways was 

discussed as a molecular target to potentially overcome endocrine resistance. These 

subnetworks showed an important difference between drug untreated and drug treated 

data sets and may provide insights into drug resistance in breast cancer. 

Finally, Figure 4.21 shows the comparison of AUC values of independent test on 

four data sets for different feature selection and classification methods. We compared 

network-constrained SVM classification method with conventional SVM method, with 

the BMRF-based subnetwork identification method or traditional t-test based gene 

selection method. For traditional t-test based method, we selected same number of genes 

as the ones identified by the BMRF-based method. From the figure we can see that 

subnetwork identification method can improve the prediction performance on 

independent data set compared with traditional t-test based method. Furthermore, the 

performance can be further improved if we use our network-constrained classification 

method. The results indicate that our network-based methods can improve the 

reproducibility of identification of significant genes/subnetworks across different data 

sets.  

 
Figure 4.21. Comparison of AUC values of independent test on four data sets for different feature selection 
and classification methods.   
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4.6. Discussion 

A common characteristic of the methods that we proposed for subnetwork 

identification and network-based prediction is that the dependency among genes in the 

network is explicitly represented in the objective functions that we designed. Specifically, 

we penalized the weighted difference between connected gene pairs to impose the 

smoothness of estimated parameters. In this way, the genes with larger number of 

neighbors are emphasized in terms of their underlying contribution to the subnetwork. 

Such consideration is biologically meaningful in that many hub genes play important and 

central role in the underlying biological process compared to their downstream genes. By 

capturing the underlying hub genes, it becomes possible to identify important 

subnetworks with common functional annotation among different data sets, hence to 

improve the reproducibility of prediction across different data sets.  

For the BMRF-based subnetwork identification, there are several issues to be 

further investigated. First, the BMRF-based subnetwork identification method searches 

for subnetworks along a pre-defined PPI network, where the interactions in the PPI 

network are fixed. However, the PPI network is far from being complete, and it includes 

a large degree of noise and false positive interactions. Moreover, it is observed that the 

interactions among genes are tissue-specific or condition-specific. Therefore, it is 

important and necessary to address the specificity of interactions in the PPI network for 

the subnetwork identification problem. Second, besides PPI information, pathway 

information provides more direct source for pathway analysis. Different from PPI 

network, pathway network can be represented as a directed graph. To incorporate 

pathway information, our method needs to be further extended to take into account the 

direction information.  Finally, more sophisticated statistical tests such as the ones 

proposed in Chuang et al. [41] need to be carried out in our experiments for significant 

subnetwork identification.       
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4.7. Conclusion 

We have proposed a novel subnetwork identification method by integrating 

microarray data and protein-protein interaction data. We formulated a new network score 

through an MRF-MAP framework. Modified simulated annealing algorithm is utilized to 

search for subnetworks with maximal network scores and bootstrapping scheme is 

implemented to find the most reliable subnetworks. The simulation experiments have 

demonstrated the effectiveness of our proposed method. Furthermore, we have studied 

two types of breast cancer data (i.e., drug untreated and drug treated) and the results 

showed that our method can successfully identify many significant subnetworks, which 

could lead to good prediction performance and are associated with estrogen signaling in 

the development of breast cancer and drug resistance. We have further proposed a 

network-constrained support vector machine (netSVM) for classification by incorporating 

protein-protein interactions as prior knowledge. The network structure is explicitly 

formulated in the objective function of SVM through the Laplacian matrix of network. 

Through this way, we have imposed the smoothness of estimated coefficients over 

network to emphasize the role of hub genes in defining classification hyperplanes. 

Extensive simulation studies have demonstrated the effectiveness of this proposed 

method by providing more accurate prediction performance as well as more significant 

features related to the underlying network. The study of breast cancer on real microarray 

data sets has further demonstrated that netSVM can provide better reproducibility of 

prediction performance across different data sets than conventional SVM can.  
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5  Contribution, Future work and Conclusion 

5.1. Summary of original contribution 

In this dissertation, we have developed novel computational methods for 

integrative analysis of multiple genomic data including microarray gene expression data, 

protein-DNA interaction data and protein-protein interaction data, aiming to reveal and 

understand disease related biological functions and processes. We summarize the original 

contribution of this dissertation as follows.  

5.1.1. Knowledge-guided multi-scale ICA for biomarker identification on 
time course microarray data 

We have developed a novel method, knowledge-guided multi-scale independent 

component analysis, for biomarker identification on time course microarray data. We aim 

to infer knowledge-relevant regulatory signals and identify corresponding biomarkers 

beyond partial prior knowledge, which is constructed from multiple knowledge sources 

related to disease-specific biological functions. We first cluster the whole gene 

population into multiple sub-populations in which only a few biological processes are 

involved. By applying ICA to multi-level gene clusters, an examination of the revealed 

regulatory modes can uncover knowledge of the underlying biological regulatory 

mechanisms. The optimal number of clusters is determined by cross validation based on 

knowledge genes. Finally, disease-specific biomarkers are extracted according to the 

strength of their association with the extracted regulatory modes. In addition, we have 

designed a statistical test procedure to measure the transcription factor enrichment of a 

selected gene set based on motif information.  

We have applied the proposed method to two gene expression data sets to identify 

biomarkers: yeast cell cycle microarray data and Rsf-1-induced microarray data. The 

experimental results show that our method can extract apparently biologically meaningful 

and condition-related biomarkers. The performance of the proposed method significantly 

outperforms several baseline methods for biomarker identification. More importantly, the 
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proposed method has notable potential to discover novel biomarkers beyond any partial 

prior knowledge.  

5.1.2. Transcriptional regulatory network identification by multi-level 
support vector regression by integration of binding information and 
mRNA gene expression profiles 

We have developed a multi-level support vector regression method for 

transcriptional regulatory network identification based on motif binding information and 

mRNA gene expression profiles. The method aims to reduce false positives in discovery 

of regulatory modules due to the noises from binding and expression data. We have 

formulated the relationship of gene expression levels and the binding strength of their 

corresponding transcription factors using linear equations and proposed two-stage 

support vector regression to solve and refine the estimation of transcription factor activity 

and the binding strength. The convergence of two-stage SVR is mathematically proved. 

A statistical test is used to find the significant regulatory modules. A multi-level strategy 

based on clustering is applied to reduce the noise effect of binding information and find 

stable and significant regulatory modules. Finally, a weighted voting scheme is 

implemented for target gene identification, taking into account the entire multi-level 

analysis.  

We have first assessed the reliability of knowledge information on ml-SVR 

method for transcriptional network identification through simulation experiment. We 

have applied the proposed method to simulation data and yeast cell cycle data to assess 

its performance for transcriptional regulatory module identification, in comparison with 

those of existing benchmark methods. The comparison results clearly demonstrate that 

the proposed ml-SVR method notably outperforms other methods, which show the 

effectiveness of identifying condition-specific regulatory modules of our methods. We 

have also applied the method to two breast cancer cell line data sets to identify breast 

cancer related transcriptional regulatory module associated with the conditions of 

estrogen treatment. The results show that our method can successfully identify significant 

condition-specific transcription factors and target genes associated with estrogen 

signaling in breast cancer. 
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5.1.3. BMRF-based subnetwork identification and network-based 
prediction on microarray gene expression profiles by integrating 
protein-protein interaction network     

We have developed a BMRF-based subnetwork identification method to discover 

significant subnetworks between two phenotypes based on microarray gene expression 

data and protein-protein interaction network. We derive a novel network score based on a 

Markov random field (MRF) – maximum a posterior (MAP) framework, taking into 

account the dependency among the genes within a subnetwork. The MRF-based network 

score emphasizes the significance of hub genes even though they often do not have 

significant differential power compared with their downstream genes. A modified 

simulated annealing search algorithm is utilized to find the optimal/suboptimal 

subnetworks with maximal network scores. Finally, bootstrapping scheme is 

implemented to help identify confident subnetworks.  

We have also developed a network-constrained support vector machine for 

classification and prediction. We derive the method by adding a Laplacian matrix of 

network constraint in the objective function to impose the smoothness of estimated 

coefficients along a network. Statistical significance test is then carried out to assess the 

importance of input features in a network. 

We have applied the proposed methods to simulated data and compared the 

performance with those of existing benchmark methods, for both BMRF-based 

subnetwork identification and network-constrained support vector machine. The 

experimental results show that the proposed methods outperform other methods in terms 

of identifying underlying significant subnetworks and obtaining more accurate prediction 

results. We have also studied four microarray data sets acquired from breast cancer 

patients with or without drug treatment. We have identified significant subnetworks that 

can differentiate the survival times of patients. The experimental results show that the 

method can not only achieve an improved prediction performance for independent test, 

but it can also identify biologically meaningful subnetworks related to the development 

of breast cancer and drug resistance. 
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5.2. Future work 

There are several remaining problems/topics that can be further studied. We 

discuss some of the extensions in this section. The topics are related to what we have 

presented above and can be summarized as follows.  

5.2.1. Transcriptional regulatory network identification 

• Enhancing the ml-SVR method to address uncertainty from both sources 

In the current ml-SVR method, we have proposed two-stage support vector 

regression and multi-level strategy to reduce the noise effect coming from microarray 

data and binding data. However, besides noises, there are many uncertainties from both 

data sources due to the limited knowledge. We have shown in our simulation study that 

inaccurate prior knowledge may lead to unreliable results. Therefore the justification of 

prior knowledge needs to be addressed in future study. Furthermore, the current method 

assumes that co-expressed genes should be co-regulated to some degree; hence, genes are 

clustered based on their expression profiles alone. However, this may not be true in some 

cases [38]. Clustering method based on gene expression profiles alone may not be 

appropriate to form sub-clusters. Therefore, the method can be further extended to 

address the noise effect of microarray gene expression data and uncertainty of forming 

gene clusters. Recently, Brynildsen et al. [191] developed a Gibbs sampling technique to 

identify genes that have consistent expression and binding information. Gong et al. [137] 

proposed to cluster genes based on their gene expression data and binding motif 

information together, which may provide more accurate gene clusters for transcriptional 

regulatory network analysis. These proposed methods may provide some directions and 

insights to enhance our method. 

• Extending ml-SVR method for co-regulatory module identification     

Currently our ml-SVR method identifies transcriptional regulatory network only 

focusing on each individual transcription factor and module. However, finding 

cooperative transcription factors is also of importance for many biological studies. The 

method can be extended to find cooperative transcription factors and then determine their 

target genes using regression analysis. However, there are several issues that need to be 
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considered carefully. An important issue is how to determine an appropriate motif set for 

SVR fitting.  In our preliminary study [138], we have developed a stepwise forward 

greedy search strategy using a modified loss function to find the co-operative motifs in a 

given gene set. However, more sophisticated methods such as optimal search algorithms 

[152, 154, 158] need to be developed and analyzed to address the problem of co-

regulatory module identification. A recent study [192] analyzed the scaling of 

partnerships between regulators with the number of target genes through differential 

equations, which may provide some guidance for further study. Another one is how to 

conduct biological validation since currently ChIP-on-chip technology is still in an initial 

development stage (with a limited number of available antibodies) and it can be only used 

for validating of target genes of single transcription factor at current stage.   

• Extending the ml-SVR method to patient microarray data 

For the real application, we have applied ml-SVR method on cell line data to 

identify regulatory networks. The experiments have shown that our method is effective to 

identify significant transcription factors and their target genes since the expression 

pattern in cell line data is quite consistent and clear. However, it is not easy to directly 

extend the method to patient data for regulatory network identification since the 

expression pattern in patient data is much diverse due to the heterogeneity and noisy in 

patients. Therefore, new information based on the characteristics of patient data such as 

survival time needs to be incorporated, and correspondingly the algorithm needs to be 

modified to identify transcriptional regulatory networks from patient microarray data. For 

example, Cheng et al. [193] proposed to use a  Kolmogorov-Smirnov test-like method to 

identify transcription factors associated with patient survival in cancers. The method 

avoided correlation between gene expression and binding affinity but emphasized the 

difference of transcription factor activities between two phenotype groups. Their method 

may provide us some directions on how to further extend our ml-SVR method for patient 

data analysis.   
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5.2.2. BMRF-based subnetwork identification and network-based 
prediction 

• Enhancing structure learning for BMRF-based subnetwork identification 

The BMRF-based subnetwork identification method that we developed searches 

for subnetwork along a pre-defined PPI network, where the interactions in the PPI 

network are fixed. As we pointed out before, the PPI network is far from being complete, 

currently with noises and false positive interactions included. Additionally, the 

interactions among genes are tissue-specific or condition-specific in nature. Therefore, 

addressing the specificity of interactions in the PPI network becomes an important and 

necessary task for subnetwork identification. The BMRF-based method should be 

extended to evaluate the confidence of a specific interaction based on the characteristics 

of PPI network, thus the method could be enhanced for condition-specific subnetwork 

identification by addressing the influence of interactions to the subnetwork.  

• Statistical significance analysis for the subnetworks identified by the  BMRF-based 

method 

In the BMRF-based subnetwork identification method, we applied a simple 

criterion to identify significant subnetworks based on network score. More rigorous 

statistical tests such as the ones in Chuang et al. [41] need to be carried out. The three 

statistical tests in [41] measure the significance of identified subnetworks jointly. The 

first two tests are designed for network significance analysis to calculate global network 

p-value and local network p-value, respectively. The third test is a conventional 

significance analysis by permutation test. The significant subnetworks are then 

determined if all p-values pass the thresholds of three significance tests. Our method 

could be extended to incorporate these three significance tests to better identify 

significant subnetworks. 

Another issue that we need to consider for significance test is the false discovery 

rate (FDR) to correct for multiple hypothesis testing. In the multiple hypothesis testing, it 

is very important to control the false discovery rate, which is the expected proportion of 

incorrectly rejected null hypotheses (type I errors), rather than the significance level (p-

value). In the above-mentioned three statistical tests each one is a multiple hypothesis 

testing problem, therefore, FDR correction needs to be considered and we should 
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calculate q value that  is the FDR analogue of the p-values. Furthermore, there exists 

dependency among the test statistics in subnetwork identification since the network score 

is derived from genes that may be overlapped in different subnetworks. The control of the 

false discovery rate in multiple testing under dependency would be another problem to be 

addressed. It has been proven that the FDR controlling procedure proposed by Benjamini 

and Hochberg [72] also controls the false discovery rate when the test statistics have 

positive regression dependency on each of the test statistics corresponding to the true null 

hypotheses. For other forms of dependency, a simple conservative modification is 

proposed in [194] to control the false discovery rate. It is important to analyze the 

correlation of dependency and propose a conservative modification procedure in the 

future study. 

• Incorporate pathway information into the BMRF-based subnetwork identification 

method 

Pathway information is an important source for biological data analysis. Different 

from PPI network, pathway network can be represented as a directed graph and extending 

the BMRF-based method to model directed edge information will help pathway analysis. 

Recently, there are several papers discussing pathway analysis and building through 

linear programming [195, 196], however, the existing methods are limited in that they 

only provide a deterministic way to identify pathways associated with biological 

processes. We believe that a biological process is much more complicated and multiple 

pathways need to work together via cross-talk in order to accomplish a specific biological 

process. Therefore, instead of using deterministic analysis for pathway analysis, it is 

necessary to develop statistical ways to identify several possible pathways with certain 

probability. However, it is not easy to directly extend the BMRF-based method for 

pathway analysis since the method is mainly focusing on subnetwork identification 

through a growing strategy. For pathway analysis, people are more interested in 

identifying several possible paths passing through some known key genes. Therefore a 

path search algorithm is more suitable for pathway analysis. However, in order to 

emphasize those hub genes that may not be significantly differentially expressed between 

two phenotypes/conditions, we can still utilize the MRF-MAP framework to estimate 

posterior gene scores instead of observed gene scores for pathway analysis and building.   
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5.3. Conclusion 

In conclusion, we have conducted research on three major topics for biological 

data analyses, focusing on integrating microarray gene expression data and other different 

types of biological knowledge data sources. We have first introduced the characteristics 

of multiple biological data sources including microarray gene expression data, protein-

DNA interaction data and protein-protein interaction data. We have then developed 

different mathematical models to integrate different types of data to solve specific 

biological problems. For each topic, we have discussed the problems in detail, 

transformed them into mathematical models and derived algorithms to solve the 

problems. Then we have conducted simulation experiments and comparison studies to 

demonstrate the feasibility of the proposed methods.  Finally we have applied the 

proposed methods to real biological data for cancer study. The results show the potential 

of these methods to improve the understanding of underlying biological mechanisms 

related to cancer development and treatment, hoping to help generate novel hypotheses 

for further biological study. 
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Appendix A. Case study for MAP estimator f 
 

In order to have a better understanding of MAP estimator of f and its influence on 

the network score, we conducted a case study on small networks that include 4 nodes and 

have different network topologies. The result is shown in Table A.1. From the table we 

can see that given the same observed score, different network topologies result in 

different network scores. We normalized the observation z score and estimated f score 

vectors in order to compare different cases. Note that for non-connected case (case 1 in 

the table), Equation (4.12) does not exist when k equals to 0. So we define the estimated 

score equals to the observed score and therefore the network score is the average of 

observed scores in the graph. In the real case, based on our search algorithm, we can 

guarantee the network is always connected and so MAP estimator could be calculated. 

We can observe that the network scores of connected cases are larger than the one 

of non-connected case (case 1). The estimated score of hub gene is more affected by 

other genes than the one of non-hub genes. For example, the change between estimated 

score and observed score of node 1 in case 4 is larger than the ones in other cases since 

node 1 in case 4 is a typical hub gene compared with others. This indicates that our 

method could promote the role of hub genes in the subnetwork identification. 

Furthermore, we observed that node with large degree may have large bounded variance, 

since its estimated discriminative score is determined and affected by more adjacent 

genes.  
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Table A.1. Case study of MRF-based network score and performance bounds for MAP 
estimator f (λ = γ = 1). 

Case Network Observed z 
score 

Estimated f 
score 

Network 
score 

Bounded 
variance 

1 

 

[0 1/3 

 1/3 1/3] 

[0 1/3  

1/3 1/3] 
0.75 

var(1) = var(2) = 

var(3) = var(4) 

2 

 

[0 1/3 

 1/3 1/3] 

[0.22 0.26 

0.26 0.26] 
1.19 

var(1) = var(2) = 

var(3) = var(4) 

3 

 

[0 1/3 

 1/3 1/3] 

[0.21 0.26 

0.26 0.27] 
1.18 

var(1) = var(2) = 

var(3) = var(4) 

4 

 

[0 1/3 

 1/3 1/3] 

[0.33 0.22 

0.22 0.22] 
0.93 

var(1) > var(2) = 

var(3) = var(4) 

5  
[0 1/3 

 1/3 1/3] 

[0.18 0.28 

0.30 0.23] 
1.21 

var(1) =var(4) < 

var(2) = var(3) 

 
  

1 2

3 4

1 2

3 4

1 2

3 4

1

3

4

2

1 2 3 4
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Appendix B. Addendum of Experimental Results 
for Chapter 4 

 

In this appendix, we include the all subnetworks identified on four breast cancer 

data sets which are not reported in the main text of Chapter 4.  

 

Identified subnetworks on Wang et al. (2005) 
 

 

 

 
Figure B.4. Enriched pathway and GO 
functional annotation: Cell cycle pathway: 
1.56e-14.  

Nucleus

Extracellular Space

Plasma Membrane

Cytoplasm

 
Figure B.3. Enriched pathway and GO 
functional annotation: Cell cycle pathway: 
2.91e-10; Breast cancer estrogen signaling: 
4.3e-05. 

Extracellular Space

Plasma Membrane

Cytoplasm

Nucleus

 
Figure B.2. Enriched pathway and GO 
functional annotation: Proteasome: 1.42e-08.  

Extracellular Space

Plasma Membrane

Cytoplasm

Nucleus

 
 
Figure B.1. Enriched pathway and GO 
functional annotation: Signal transduction: 
3.63e-06. 

Extracellular Space

Plasma Membrane

Cytoplasm

Nucleus

Down regulated Up regulated
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Identified subnetworks on van de Vijver et al. (2002) 
 

 

 
 
 

 
Figure B.9. Enriched pathways and GO 
functional annotations: Nulcear receptors:  
8.55E-07.

Extracellular Space

Plasma Membrane
Cytoplasm

Nucleus

 
Figure B.8. Enriched pathways and GO 
functional annotations: Cell cycle: 3.18E-15; 
Breast cancer estrogen signaling: 4.02e-07. 

Extracellular Space

Plasma Membrane
Cytoplasm

Nucleus

 
Figure B.7. Enriched pathways and GO 
functional annotations: Cell cycle:  2.39E-08; 
Insulin receptor pathway in cardiac  
myocytes: 1.07E-05. 

Extracellular Space

Plasma Membrane
Cytoplasm

Nucleus

 
Figure B.6. Enriched pathways and GO 
functional annotations: Cell cycle: 1.00E-08; 
Insulin receptor pathway: 8.25e-07. 
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Figure B.5. Enriched pathway and GO 
functional annotation: Apoptosis: 1.20E-07.  
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Nucleus



 129 

 
Identified subnetworks on in-house data set 
 

 

 

 
Figure B.13. Enriched pathways and GO 
functional annotations: Cell cycle: 2.82E-04. 
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Figure B.12. Enriched pathways and GO 
functional annotations: WNT signaling 
pathway: 2.67E-07; Notch signaling pathway: 
1.45E-04. 
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Figure B.11. Enriched pathways and GO 
functional annotations: TGF-beta signaling 
pathway: 5.17E-09;WNT signaling pathway: 
4.64E-04.
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Figure B.10. Enriched pathways and GO 
functional annotations: Nucleus: 6.81E-04. 
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Figure B.17. Enriched pathways and GO 
functional annotations: Links between Pyk2 
and Map Kinases: 1.64e-06; Cell to Cell 
Adhesion Signaling: 6.07e-05. 
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Figure B.16. Enriched pathways and GO 
functional annotations: Regulation of 
Signaling Transduction: 1.14E-05; TGF-beta 
signaling pathway: 1.85E-03. 
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Figure B.15. Enriched pathways and GO 
functional annotations: Cell cycle: 5.55E-015. 
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Figure B.14. Enriched pathways and GO 
functional annotations: Genes involved in G 
alpha (12/13) signaling events: 4.54E-08; 
Regulation of actin cytoskeleton: 1.20E-05. 
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Identified subnetworks on Loi et al. (2008) 
 

 

 

 
Figure B.21. Enriched pathways and GO 
functional annotations: Nucleus: 2.99E-06; 
Notch signaling pathway: 6.18E-08; Signal 
transduction: 7.94E-05. 
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Figure B.20. Enriched pathways and GO 
functional annotations: Apoptosis: 4.00E-05; 
Negative regulation of cellular process: 
1.62E-04; WNT pathway: 1.78E-07. 
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Figure B.19. Enriched pathways and GO 
functional annotations: Cell cycle pathway: 
9.29E-16. 
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Figure B.18. Enriched pathways and GO 
functional annotations: Methyltransferase 
CARM1 methylates CBP and co-activates 
estrogen receptors  via Grip1: 2.36E-05; 
Nucleus: 1.46E-06; Cell cycle pathway: 
1.19E-08. 

Extracellular Space
Plasma Membrane
Cytoplasm
Nucleus
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Figure B.22. Enriched pathways and GO 
functional annotations: Integrin Signaling 
Pathway: 9.42e-07; Genes involved in Down-
stream signal transduction: 5.72e-06; ErbB 
signaling pathway: 8.98e-05; Cell to Cell 
Adhesion Signaling: 9.26e-05. 

Extracellular Space

Plasma Membrane
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