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Abstract

The advent of various types of high-throughput genomic datads enabled researchers to
investigate complex biological systems in a systemic way dstarted to shed light on the
underlying molecular mechanisms in cancers. To analyze hugmaunts of genomic data,
e ective statistical and machine learning tools are cleayl needed; more importantly, in-
tegrative approaches are especially needed to combine deat types of genomic data for
a network or pathway view of biological systems. Motivatedyosuch needs, we make ef-
forts in this dissertation to develop integrative approache for gene network and pathway
inference. Speci cally, we dissect the molecular pathwaytd two parts: protein-DNA in-
teraction network and protein-protein interaction netwok. Several novel approaches are
proposed to integrate gene expression data with various fes of biological knowledge, such
as protein-DNA interaction and protein-protein interactian for reliable molecular network

identi cation.

The rst part of this dissertation seeks to infer conditionspeci ¢ transcriptional regu-
latory network by integrating gene expression data and pretn-DNA binding information.
Protein-DNA binding information provides initial relationships between transcription factors
(TFs) and their target genes, and this information is esserdl to derive biologically mean-
ingful integrative algorithms. Based on the availability ofthis information, we discuss the
inference task based on two di erent situations: (a) if prote-DNA binding information of
multiple TF is available: based on the protein-DNA data of muiple TFs, which are derived
from sequence analysis between DNA motifs and gene promotegions, we can construct
initial connection matrix and solve the network inference sing a constraint least-squares

approach named motif-guided network component analysis (#CA). However, connection



matrix usually contains a considerable amount of false ptises and false negatives that
make inference results questionable. To circumvent this @olem, we propose a knowledge
based stability analysis (kSA) approach to test the conditieal relevance of individual TFs,
by checking the discrepancy of multiple estimations of trastription factor activity with re-
spect to di erent perturbations on the connections. The ratbnale behind stability analysis
is that the consistency of observed gene expression and triegvmork connection shall remain
stable after small perturbations are applied to initial conection matrix. With condition-
speci ¢ TFs prioritized by kSA, we further propose to use multiariate regression to highlight
condition-speci c target genes. Through simulation studis comparing with several compet-
ing methods, we show that the proposed scheme are more sewsito detect relevant TFs
and target genes for network inference purpose. Experimatly, We have applied stability
analysis to yeast cell cycle experiment and further to a sesi®f anti-estrogen breast can-
cer studies. In both experiments not only biologically relant regulators are highlighted,
the condition-speci c transcriptional regulatory netwoks are also constructed, which could
provide further insights into the corresponding cellular rachanisms. (b) if only single TF's
protein-DNA information is available: this happens when pri@in-DNA binding relation-
ship of individual TF is measured through experiments. Simcoriginal mMNCA requires a
complete connection matrix to perform estimation, an inconipte knowledge of single TF is
not applicable for such approach. Moreover, binding informain derived from experiments
could still be inconsistent with gene expression levels. Tavercome these limitations, we
propose a linear extraction scheme called regulatory compmt analysis (RCA), which can
infer underlying regulation relationships, even with paitl biological knowledge. Numerical
simulations show signi cant improvement of RCA over other itaditional methods to identify
target genes, not only in low signal-to-noise-ratio situains and but also when the given
biological knowledge is incomplete and inconsistent to dat Furthermore, biological ex-
periments on Escherichia coli regulatory network inferees are performed to fairly compare

traditional methods, where the e ectiveness and superior piermance of RCA are con rmed.

The second part of the dissertation moves from protein-DNA tfaraction network up to



protein-protein interaction network, to identify dys-reguated protein sub-networks by inte-
grating gene expression data and protein-protein interactn information. Speci cally, we
propose a statistically principled method, namely Metroples random walk on graph (MR-
WOG), to highlight condition-speci ¢ PPl sub-networks in aprobabilistic way. The method
is based on the Markov chain Monte Carlo (MCMC) theory to gemate a series of samples
that will eventually converge to some desired equilibriumidtribution, and each sample in-
dicates the selection of one particular sub-network durinthe process of Metropolis random
walk. The central idea of MRWOG is built upon that the essentlity of one gene to be
included in a sub-network depends on not only its expression toalso its topological impor-
tance. Contrasted to most existing methods constructing suibetworks in a deterministic
way and therefore lacking relevance score for gene node, MR&@® capable of assessing the
importance of each individual protein node in a global way,at only re ecting its individual
association with clinical outcome but also indicating its tpological role (hub, bridge) to con-
nect other important proteins. Moreover, each protein node iassociated with a sampling
frequency score, which enables the statistical justi cadin of each individual node and exible
scaling of sub-network results. Based on MRWOG approach, i@rther propose two strate-
gies : one is bootstrapping used for assessing statisticah@ence of detected sub-networks;
the other is graphic division to separate a large sub-netwoto several smaller sub-networks
for facilitating interpretations. MRWOG is easy to use withonly two parameters need to
be adjusted, one is beta value for performing random walk ar@hother is Quantile level
for calculating truncated posteriori mean. Through exterige simulations, we show that the
proposed scheme is not sensitive to these two parameters iretatively wide range. We also
compare MRWOG with deterministic approaches for identifyig sub-network and prioritiz-
ing topologically important proteins, in both cases MRWG ouperforms existing methods
in terms of both precision and recall. By utilizing MRWOG gemrated node/edge sampling
frequency, which is actually posteriori mean of correspoimd) protein node/interaction edge,
we illustrate that condition-speci ¢ nodes/interactions can be better prioritized than the

schemes based on scores of individual node/interaction. fEecimentally, we have applied



MRWOG to study yeast-stress condition rst to and then breascancer patient prognostics,
where the sub-network analysis could lead to an understamgj of the molecular mechanisms

of antiestrogen resistance in breast cancer.

Finally, we conclude this dissertation with a summary of the aginal contributions, and
the future work for deepening the theoretical justi cation of the proposed methods and

broadening their potential biological applications suchscancer studies.
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Chapter 1

Introduction

1.1 Research Motivation

From human genome sequencing (Lander, Linton et al. 2001) moicroarray gene expression
pro ling (Hoheisel 2006), recent biotechnologies have reubionized the traditional biology

research and discovery. In the past, biologists need to naw down to specic genes or
proteins rst and measure their activities individually. According to measured results, they
have to generate and test biological hypothesis one by ones the old-fashioned technique
cannot pro le the activities of multiple molecular targets smultaneously. Nowadays, the
advanced genome technology is rapidly changing the situatienwith a chip as small as a

ngernail one can obtain the dynamic mRNA expression pro lig of entire genome.

The wide adoption of high-throughput technology has accelgied the hypothesis genera-
tion process for biological research dramatically. At theasne time, thousands of new data
have been generated and made publicly available to all reselaers. For example, The Can-
cer Genome Atlas (TCGA) project (TCGA-Research-Network 2008nitiated the e ort to

acquire the genomic characteristics of human tumors usinguitiple platforms, measuring ge-

netic signals of copy number alternation/variation, Sing#-nucleotide polymorphism (SNP),



methylation, microRNA, mRNA, etc. The initial TCGA pilot research has been expanded
to a large-scale project aiming to provide genomic measurems of 20 25 di erent tumor
types. Having huge amount of genomic data, traditional stastical analysis tools and ma-
chine learning approaches, such as di erential analysidassi cation, clustering and feature
selection, are adopted to generate individual gene basedployheses. Based on each chip
platform, these algorithms can potentially provide hundrds of genes or thousands of loci
having statistically signi cant association with biologi@l phenotype or clinical outcome.
Hence, biological researchers are overwhelmed by numeroypdtheses (that could lead to

potential discoveries) as ooded from high-throughput da analysis.

However, many of the computationally generated hypothesearmot be veri ed with further
biological validation experiments, and even some gene markeliscovered in one cohort
cannot be validated in another cohort (Ein-Dor, Kela et al. 205; Allison, Cui et al. 2006).
Why does this happen? First of all, biological data are very noisthey are heavily a ected
by a series of experimental procedures such as tissue pregpian, biological experiment
protocols and hybridization. Second, biological systems/mature are heterogeneous and
dynamic. The pro ling measurement that we acquired is mixtee of multiple cells at di erent
stages. Although some external controls (e.g., synchronizat of the cell cycle by applying
certain chemical compound to arrest all the cells in G1 stag&pellman, Sherlock et al.
1998) could be used to synchronize/initialize the biologat process of interest, these controls
may also introduce other types of artifacts, which is non-ggi ¢ to biological conditions of
interest. To limit the number of false discoveries caused byl ¢hese factors, continuous e orts
have been made in the eld statistical analysis by estimatg and consequently controlling
the false discovery rate (Storey and Tibshirani 2003), therpbability that an algorithm
claimed discovery is a false one. However, pure data driventittical approaches, even with
a stringent false discovery rate control, cannot provide imediate biologically interpretable
results. Moreover, data driven statistical data analysis omachine learning approaches also
su er from the risk of over- tting due to the curse-of dimensonality problem (Clarke, Ressom

et al. 2008), i.e., the very high dimensionality of genes asrapared to the small number of



available biological samples. As a result, the genes selectased on data-driven approaches

using one data set are less likely to be reproduced in anothmyhort study.

The abovementioned di culties have motivated researcher® integrate gene expression data
with existing biological knowledge sources for modeling dranalyzing genomic data. In the
eld of bioinformatics and systems biology, it is becoming a @mon practice to incorporate
biological knowledge into the mathematical or statisticamodeling process. The advantage
of knowledge integration is that one can interpret the geneselected by computational ap-
proaches within biological context, like their potential nteracting neighbors and biological
functionality groups. It has been shown that with the gene $eanalysis or gene network
analysis one can enlarge the overlap of the results from theadysis of di erent platforms
for a same study (Manoli, Gretz et al. 2006; Chuang, Lee et aR007; Carro, Lim et al.
2010). Additionally, integration of knowledge can further dcrease the model complexity
and reduce the over- tting risk, as the feasible parameterpsce is largely reduced by the

biological constraints (Ideker, Dutkowski et al. 2011).

Having these bene ts of biological knowledge integration, ithis dissertation we intend to

address several speci ¢ problems associated with integrag leaning approaches, which lead
us to develop novel methods for transcriptional regulatoryetwork inference, target gene
identi cation and sub-network identi cation. We will describe these problems in detail in

the following sections, starting with a brief introduction © biological background.

1.2 Biological Background

1.2.1 Central dogma of molecular biology

The central dogma of molecular biology is about the informain transferring among DNA,
RNA and protein, which are the key elements in molecular system DNA contains all

types of genetic information of a cellular system, includgcoding regions that serve as the



blueprint for producing protein and non-coding regions thiaare believed to be responsible
for controlling mechanisms of the system. RNA is the interméate messenger to carry the
protein coding information from DNA out of nucleic to plasma.According to RNA, di erent
types of proteins are synthesized to perform numerous bigioal functions. Among them,
some proteins called transcription factors (TFs) physicallinteract with DNA to initialize
the transcription of RNA, some proteins synthesize RNA accordinto DNA coding region,
and some proteins translate RNA information into the end prodct protein. Therefore, the
levels of DNA, RNA and protein are also closely coupled. In eachvkl, we can measure
di erent signals to describe the genetic characteristicsor examples, in the DNA level, we
can measure sequence mutations, copy number alternatiora)d epigenetic changes such
as methylation status; in the RNA level, we can measure actlyj i.e., the concentration
of MRNA and microRNA; in the protein level, we can measure the amat structure, and
phosphorylation status of certain protein. Moreover, di eent physical interactions among
them can also be measured, such as protein-DNA binding and fem-protein interaction.
Overall, the cellular system has sophisticated hierarchat structure not only about intra-
cellular controlling mechanism but also involving cell-designaling events, shown in Fig. 1.1.
In the studies of this dissertation, we mainly focus on how tmodel the cellular system using
data from mRNA microarray, as the number of available microaay data sets is su ciently

large for data modeling and analysis and its measuring teclopie is relatively mature.

1.2.2 Microarray technology and gene expression

The basic idea of microarray technigue is to measure the ce@mtration of certain molecular
by utilizing the hybridization between the signature sequece of this molecular and another
complementary DNA sequences (Allison, Cui et al. 2006; Hoheis$06). The commonly
used microarray chip consists of a series of microscopic spof DNA oligonucleotides, each
of which contains speci c DNA sequence known as probe (or repen) to hybridize a corre-

sponding cDNA or cRNA sample (also known as target) under welbotrolled experimental
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Figure 1.1: The complex genetic system: from the human genoraad beyond. fttp:

Ilwww.ornl.gov/sci/techresources/Human_Genome/publi  cat/primer2pager.pdf )

conditions. Tens of thousands of probes are laid out in a hastdirface such as glass and sili-
con using surface engineering. Using these probes, a micragaichip measures the activities
of huge amounts of genetic targets in parallel. Besides aagugy mMRNA gene expression,
microarray technique is also applied to monitor other genietsignals such as single nucleotide

polymorphism (SNP), methylation, etc. (Hoheisel 2006).

Taking the measurement of mMRNA as an example, the microarray espmental procedures
comprise of several steps as shown in Fig. 1.2: biological saenpleparation to extract tissue
of interest, puri cation to isolate mMRNA, reverse transcripise mMRNA to cDNA, coupling to
dye the color on cDNA, hybridizing the cDNA, washing away non-spec binding, and signal
detection by a scanning machine. As multiple steps are invas in acquisition of microarray
data, the data could be very noisy, shown in Fig. 1.3 as an exatap and variation and
di erence in experimental operation make di erent microaray samples not comparable. As
the results, normalization of microarray signals has becama necessary and essential step for
any further data analysis. The purpose of normalization is teorrect the experimental bias

by adjusting multiple data according to common reference ohe same distribution. Several
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Figure 1.2: Multiple experimental procedures in acquiring raroarray data. (http:/

upload.wikimedia.org/wikipedia/en/e/e8/Microarray_e xp_horizontal.svg )

typical normalization algorithms have been regarded as stdard approaches, such as MAS,
RMA and PLIER (Quackenbush 2002).

After the normalization, gene expression data from multipléiological samples are usually
organized as a numerical matrix, in which one dimension isrcesponding to gene and another
dimension to biological sample. Based on this data matrix a@rexplicit biological information
like condition or phenotype labels, several types of statisal analysis and machine learning
methods such as di erentially expressed gene analysis (TeshTibshirani et al. 2001; Storey,
Xiao et al. 2005), clustering and classi cation (Chuang, Leet al. 2007) were also carried

out to explore the data characteristics and pattern structtes.

1.2.3 Various biological knowledge sources

With expression measurement of all the genes, it remains ueal how do they interplay
with each other and contribute to phenotype di erence, sine the protein product of a sin-
gle gene could patrticipate in various cellular processesdacollaborate with other molecules
to perform dierent biological functions. Therefore, it is very important to understand
relationships of genes in a cellular system. Tremendous &® have been made both exper-
imentally and computationally in order to complete the undestanding of genetic systems
from multiple molecular levels. Without naming all of biologtal knowledge sources, a brief

introduction of protein-DNA interactions (PDIs), protein-protein interactions (PPIs) and
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Figure 1.3: One example of a spotted oligo microarray chip wita zoom-in picture. fttp:

/lupload.wikimedia.org/wikipedia/commons/0/0e/Micro array2.gif )

annotation databases will be given in the following secti@n as the necessary background of

our proposed knowledge integrated approaches.

Protein-DNA interaction information

Transcription is the biochemistry step that certain DNA regons are transcribed to mRNA.
It is initiated and controlled by transcription factors (TFs), a special type of proteins that
can bind to DNA. The binding site of a TF is typically close to the gne's promoter region,
and has certain short sequence pattern. Such speci c sequerpattern is de ned as a DNA
sequence motif. When direct physical binding measurement i®tnavailable, such motif
analysis is usually treated as an initial step to explore oriscover the TF-DNA binding

relationship.

Chromatin Immunoprecipitation (ChIP) is the way to investigate whether one protein is
associated with certain DNA segment by immunoprecipitation, gechnique precipitating the

protein antigen using a speci cally binding antibody. When @IP is incorporated with DNA



malrix

fas: i i antibody )

cross-link
and shear

I

purify,
amplify,
and label

<

ChlP-on-chip wet-lab portion of the workflow

hybridization

Fe

fluorescence lag

Qusiene
S0

Figure 1.4. Workow of ChIP-chip experiment.http://upload.wikimedia.org/
wikipedia/en/8/8d/ChlP-on-chip_wet-lab.png )

microarray technology (i.e., ChlP on chip or ChlIP-chip), tle high-throughput measurements
of multiple DNA regions' binding events are acquired simult@ously. The work ow of ChiIP-

chip is shown in Fig. 1.4.

Similar to gene expression data, ChlP-chip data also need lb@ normalized to eliminate the
systematic bias caused by experimental operations and uméaced hybridizations. After
normalization, binding peak detection is performed to loda DNA regions that are bound
by the protein of interest. The ChlIP-chip data are almost compgte and available for the
yeast model system (Lee, Rinaldi et al. 2002; Harbison, Gomiet al. 2004), and analysis of
these data reveal complex regulation structures, shown ind=i 1.5 as an example. However,

only a few of ChIP-chip experiments are available for mous@&@ human studies.

ChIP-chip is speci cally designed for certain known prote and its corresponding antibody

is available for cross-link purpose. In many cases when theofgins actively regulating gene
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Figure 1.5: Di erent types of regulation structures reveal@ from analysis of yeast ChIP-chip

experiments. (This gure is summarized from (Lee, Rinalditeal. 2002))

expression are unknown, DNA sequence motif analysis becoraggactical way to shed some
lights on the transcriptional regulation. The certain seqance segments recognized by TFs
usually have some nucleotide patterns, and this sequencetpen is called binding motif (or
simply called motif thereinafter). Motifs are relatively $iort sequence patterns (6 20 bp),
and they are possibly distributed in a quite large range of orgene's promoter region (5,000

50,000 bp). There are several existing strategies to nd miéd:

(a) Motif discovery based on sets of co-regulated genes: ghg a statistical technique to

nd over-represented sequence pattern according to gendssthat are selected based on the
existing biological knowledge or expression pro le analigs Due to some common features
or expression patterns that these genes share, their promeotregions tend to be bound by

the same set of TFs as compared to random selected DNA sequences

(b) Conserved motif analysis by evolution clues: since mostgulatory elements are in non-

coding regions and show considerable variation in sequencerefor the same TF, they are



not easily recognizable. However, binding sites are oftengserved through evolution, thus
the alignments of othologous regions from di erent genomean help make the binding sites
apparent. The conservation of motif can help Iter out somerrelevant or false positive

results from motif discovery methods.

(c) Discovery of Cis-regulatory module (CRM): Cis- is the p x indicating on the same
side, so Cis-regulatory module is referring to the regulatp motif organization and coopera-
tion relationship within short distance. CRM contains muli-TFs that interact or cooperate
with each other for either synergistic or antagonistic combatorial e ects. For most eukary-
otic genes, the binding of a single TF is not su cient to reguhte transcription. E cient
regulation of downstream targets needs not only the bindingf @ TF itself, but also other
co-operative TFs. For example, researchers have found thaiere are a number of other
motifs, which are signi cantly enriched close to ER's binding positions, and these motifs
serve as the combinatorial regulatory candidates of ER an important TF in breast cancer
(Carroll, Meyer et al. 2006).

DNA sequence motif is usually represented as a weighted pasit matrix, indicating the
occurrence probability of "ACGT" in each position. The motf information has been collected
and organized by some biological knowledge databases sushTRANSFAC (Matys, Kel-
Margoulis et al. 2006).

Protein-protein interaction information

Proteins interact with each other to perform all types of macular functions. The abnormal
change in the collaboration of certain functionally importat protein with its partners has
been observed and associated with disease status (Taylomding et al. 2009). Therefore,
the global picture of PPI is extremely helpful to understandhe underlying mechanisms.
There are multiple ways to measure the protein interactiorsuch as Y2H (yeast two hybrid)
and a nity puri cation-MS (Shoemaker and Panchenko 2007). Y utilizes the fact that

eukaryotic transcription activators have at least two domas called binding domain (BD)
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Figure 1.6: Yeast two-hybrid (Y2H) technique for measuring ptein-protein interaction.
If physical interaction occurs between proteins X and Y, theicombination will lead to
the activation of the reporter gene that is paired with its pomoter. (This gure is from
(Sobhanifar 2003))

and activating domain (AD), and the transcription of target gene will be activated only when
BD is physically associated with AD domain. By designing the B (bait) on one protein and
AD on the other protein, we can detect whether these two protes physically interact with
each other by checking the transcription level of target gen(also called reporter gene). The
most commonly used bait-prey combination is according to trescription factor GAL4 and
its target LacZ, BD and AD are fused on two proteins rst and acording to the expression
of reporter gene LacZ the interaction between these two peihs can be determined, as

illustrated in Fig. 1.6.

As the protein interaction occur in the interfaces of proteia where the sequence structure
matched, the PPI relationship can be computationally predited based on this information
(Shoemaker and Panchenko 2007). Some researchers also ghatthe interaction can be
predicted through co-expression of genes, as the membersare protein complex tend to
show consistent expression changes. The co-expressionrduthe evolution could even serve

as better evidence than sequence similarity to predict prein interaction. The collections of

11



Figure 1.7: Protein interaction network from Human Protein Réerence Database (HPRD)
(Keshava Prasad, Goel et al. 2009). The network layout is permed using Cytoscape
software (Smoot, Ono et al. 2011).

protein interactions derived from text-mining, co-expreson and/or experimental evidence
are also available in several databases such as STRING (JenseahKet al. 2009). Fig. 1.7
shows a PPI network derived from Human Protein Reference Ddiase (HPRD) (Keshava
Prasad, Goel et al. 2009).

Biological knowledge based gene set

Gene Ontology (GO), which is the most widely used biologic&howledge source, organizes
the representation of gene and gene product attributes. Thugh GO, researchers can nd
one particular gene's function, cellular location and theiblogical processes that the gene
might be involved in. Several popular websites and web toolseaavailable for GO term
annotation, such as AmiGO (Carbon, Ireland et al. 2009), DAVID(Huang da, Sherman et
al. 2009) and GSEA (Subramanian, Tamayo et al. 2005). Fig. 1shows an example of

12
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Figure 1.8: Graphic result of querying GO term "response to lmone stimulus” in AmiGO

(Carbon, Ireland et al. 2009), which is a web tool to access a@hbgy information.

guerying GO term "response to hormone stimulus" in AmiGO (Cdron, Ireland et al. 2009),

which is a web tool to access ontology information.

Another important knowledge database is Kyoto Encyclopediaf Genes and Genomes (KEG-
G: http://www.genome.jp/kegg/ ), which contains a collection of manually annotated molec-
ular pathways. Besides GO terms and KEGG canonical pathwaythere are also other bio-
logically de ned gene sets, as de ned or organized accordito biochemistry perturbations,
chromosome arrange-ments, or other biological commonadg. These gene sets provide re-
searchers a knowledge reference to check with for lookingoim newly generated gene list.
There are mainly two common practices to assess the relatginp between an observed gene
list from experiments and given knowledge gene sets. The rgractice is to use over- or
under-representative analysis, which is a statistical sigcance analysis aiming to investigate
whether the occurrence of genes belong to certain categaysigni cantly di erent from ran-
dom occurrence. The second practice is called gene set dnment analysis (Subramanian,

Tamayo et al. 2005), which is usually based on a given gene ramgj to interrogate how the

13



ranking distribution of genes in a category is di erent froma randomly distributed way.

1.3 Problem Statement

1.3.1 Transcriptional regulatory network inference

Transcription factors are the special proteins that contrband a ect the rate/e ciency of
downstream genes' mRNA transcription. Regarding TFs and thetarget genes as nodes in
a graph, and the regulation relation from a TF to its target gee as an edge, this bipartite

graph represents transcription regulatory network.

Inference of transcriptional regulatory networks would bee t the understanding of complex
cell systems, especially how cells respond to di erent enenmental changes. It can also help
reveal the dys-regulation mechanism happening in cancellsas several key TFs have well-
known relationships with tumor progression (Nebert 2002; Larmann and Zerbini 2006).
Although the underlying biochemistry regulation relationsip from TF to target gene may
be highly nonlinear, through log transform and Taylor expasion approximation the tran-
scription regulatory network can be simpli ed as a linear lgent variable model, where the
activities of TFs are latent variables and regulatory impadt of TFs to genes are coe cients

of the latent variables (Liao, Boscolo et al. 2003).

The biological fact that TF regulates gene through protein-NA interaction (PDI) provides
researchers further clues to tackle the inference problenthere are several information or
data sources that provide us potential PDI relationship: DNAsequence motif, ChIP-chip
experiment, and biological knowledge database. By incomading the PDI information into
a linear latent variable model, several methods have beenogposed to solve the inference
problem using regression (Alter and Golub 2004) or constraimegression (Liao, Boscolo
et al. 2003; Nguyen and D'Haeseleer 2006). Among them, Network rGmonent Analysis

(NCA) is a prominent method, which has mathematically deriveddenti ability conditions

14



(Boscolo, Sabatti et al. 2005) and resulted in successful ajgaltions for several real biological
problems (Brynildsen and Liao 2009; Ye, Galbraith et al. 2009 However, most of the
existing methods including NCA do not consider the false pdsies in the given connections,
as they assume that the given biological knowledge is perfedhis unrealistic assumption
could degrade the performance of proposed methods greatlydaeven lead to misleading
inference results. Moreover, most of currently available ethods only focus on the study of
simple organisms such as E. coli and yeast, where the regidat relationship is relatively
simple and the PDI information is readily available with god quality. For mouse and human,
since these species have much more complicated regulatioachranisms and less con dent
PDI information, the false-positives within biological knavledge cannot be simply ignored.
Integrating gene expression data with in-consistent biadical knowledge is a true challenge
for the development of computational methods, since the inosistency can degrade the
performance of computational methods greatly or even faihé inference of transcriptional

regulatory network completely.

In this dissertation, we address the regulatory network infence problem under two di erent

circumstances, depending on the availability of protein-RA information:

(a) When protein-DNA information of all TFs is available, we prgpose a knowledge based sta-
bility analysis approach to tackle this problem. By assumig that the consistent expression-
knowledge relationship remains stable after small perturbatns are applied to the knowledge,
we can assign the knowledge-derived estimation (ie., TFA,gelatory strength, etc.) a sta-
bility score that is the average distance of multiple estinteons upon di erent perturbations.
Having the estimated activities of condition-speci ¢ TFs proritized by stability analysis, we

further propose to use multivariate regression to rank cofttbn-speci c target genes.

(b) When only protein-DNA information of a few or even single THs available, it is not
realistic to use decomposition or regression-based metofibr transcriptional regulatory
network reconstruction. We propose to a single TF knowledgguided approach named as

regulatory component analysis (RCA), which explicitly captues the TF target genes that
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are likely to be expressed in a coordinative manner. RCA is &b on a linear extraction

scheme and can be solved e ciently using generalized eigahve decomposition.

1.3.2 Dys-regulated protein interaction sub-network identi cation

Protein, the end product of gene transcription and translabn processes, is responsible for
every biological process and molecular function of livingelts. The defects of proteins can
lead to diseases such as muscular dystrophy (Khurana and Des2003), which is single gene
mutation disease, and the re-wiring of the protein signalingetwork could contribute to the
metastasis mechanisms (Chuang, Lee et al. 2007) and clinioatcome (Taylor, Linding et
al. 2009) of breast cancer. Therefore, it would be very impant to understand the function
of protein and the biological relationship among proteins. Wh the advent of yeast2hybrid
technique, protein-protein interactions (PPIs) can now be masured in a high-throughput

way and protein-protein interaction data are readily avadéble for several species.

PPI data alone can be utilized to predict proteins' moleculafunctions according to their
adjacent neighbors (Sharan, Ulitsky et al. 2007). The topodacal characteristics of PPIs are
also of interest for cancer studies (Taylor, Linding et al. @9). In addition, PPI network
structure has also been integrated with gene expression dab pinpoint the local changes
of biological systems, in response to environmental changedisease status switch. Techni-
cally, such changes can be identi ed from a given overall PRletwork by using sub-network
identi cation approaches, aiming to extract certain sub-gaph that undergoes signi can-
t changes between di erent biological conditions or diseasphenotypes. Several methods
have been proposed based on di erent criterion functions droptimization procedures. For
example, p-values of the gene nodes were transformed to nafmdistributed z-scores and
simulated annealing was used in (Ideker, Ozier et al. 2002) tnd optimal sub-networks.
Mutual information was used in (Chuang, Lee et al. 2007) to naow down phenotype-
speci ¢ sub-networks and three di erent levels of permutatn tests were implemented to

identify statistically signi cant sub-networks. In (Dittr ich, Klau et al. 2008) a modi ed
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prize-collecting tree was devised to solve the integer pragnming problem for sub-network

identi cation, and a false discovery rate control was alsoncorporated into the scheme for
signi cant sub-network identi cation. Clustering and graph cut techniques were combined
in (Ulitsky and Shamir 2007) to nd coherent sub-networks. Howver, there are two ma-
jor limitations in these approaches. First, there is no impdance ranking for the nodes in
identi ed sub-networks, consequently hindering the intgrretation of sub-network members.
Second, all the protein interactions are treated equally @no importance ranking of edges is
provided when sub-network identi cation is done, leaving te question of how these proteins
interact within sub-network unanswered. Moreover, consating PPI data are very general
and not conditionally specic, it would not be su cient to use deterministic methods to

solve the sub-network identi cation problem due to the highrate of false-positives in the
PPI data.

With the awareness of above-mentioned problems, we propos#latropolis sampling-based
approach for sub-network identi cation in this proposal. hstead of searching for an opti-
mal solution, we explore the entire available network using gphical random walk based
metropolis sampling. By regarding random walk through the PI network as the propos-
al function of metropolis sampling and casting the optimizatin problem as a distribution
learning one, we avoid the strong and unrealistic assumptidhat every protein-protein in-

teraction is plausible for the biological system under studyAttributed to the Markov chain

Monte Carlo (MCMC) nature of Metropolis sampling, we can chek to ensure the conver-
gence of the sampling process, and obtain probability-likecores for the nodes and edges
in the whole network, re ecting how likely this protein/int eraction is involved in given bio-
logical condition. Based on proposed sampling approach, fwether propose two strategies:
one is bootstrapping used for assessing statistical conmige of detected sub-networks; the
other is graphic division to separate a large sub-network tgeveral smaller sub-networks for

facilitating biological interpretations.
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1.4 Summary of Contributions

In the context of the research topics discussed above, we suarize the main contributions

of this dissertation:

Transcriptional regulatory network inference by motif-guided network com po-

nent analysis (MNCA) and knowledge-based stability analysis (kSA)

For the transcriptional regulatory network inference prolem where protein-DNA interaction
information is complete, we propose to develop a motif-gued Network Component Analysis
(mNCA) approach, in which expression pro les and DNA sequenceatif information are
integrated to infer underlying transcription factors' actvities and the regulatory relationship
from TFs to their target genes. The mNCA approach can facilita the inference of regulatory
networks in the situation that ChIP-chip data are not availdble. Since the initial connection
information extracted from motif analysis is especially risy, we further propose a knowledge-
based stability analysis (kSA) approach to address the costncy between gene expression
data and biological knowledge of motif information. We fuitter propose target identi cation
scheme with TFs prioritized by kSA. We have initially applied ISA to the application of yeast
cell cycle study, and successfully revealed most of biologlly important TFs associated with
yeast cell cycle process. We derive the theoretical justation of stability analysis, revealing
that if the perturbation is small enough the stability score $ not a ected by the perturbation

level applied onto the knowledge.

Transcriptional regulatory network inference by regulatory component a nalysis

(RCA)

For the regulatory network inference with incomplete prote-DNA interaction information,

we propose a linear extraction scheme called regulatory cpament analysis (RCA), which
can infer underlying regulatory components even with partlabiological knowledge. The
proposed scheme di ers from the matrix decomposition optimation in NCA, and requires

full knowledge of all regulatory components. Moreover, itan be applied even with par-
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tial knowledge of one regulatory component. The RCA criteriois designed to maximize
the coincidence of extracted component with knowledge, tar than fully follow the given
knowledge that may be inconsistent to expression data. ThuRCA is also less a ected by
false-positives (FPs) and false-negatives (FNs) within biajical knowledge. The Rayleigh
quotient function of RCA criterion enables e cient computation using generalized eigenvalue
decomposition. Simulation-wise, to the best of our knowlgeé, statistical assumption-based
methods (e.g., ICA and PCA) and knowledge guided methods (e.dNCA and RCA) are
fairly compared for the rst time. This comparison is also pegormed with the realistic con-
sideration that given biological knowledge could be incongie and inconsistent to expression
data. Furthermore, real biological expression data with gund truth collected from knowl-
edge database are also designed to compare the performarfcalldhe methods. Therefore,
our comparison results would also serve as reference forethesearchers in signal processing

and bioinformatics.

Dys-regulated protein sub-network identi cation by Metropolis random w alk on
graph (MRWOG)

For integrative analysis in protein-protein interaction néwork, we proposed a novel scheme
called Metropolis Random Walk On Graph (MRWOG) to identify the condition-speci c
sub-networks in a stochastic way. Instead of looking for gite sub-network associated with
maximum score, we sample multiple sub-networks through a dgsed random walk on inter-
action network. Then, we ensemble sampled sub-networks trin an average sub-network
to assess the importance of each individual protein node ingéobal way, not only re ecting
its individual association with clinical outcome but alsondicating its topological role (hub,
bridge) to connect other important proteins. Moreover, edcprotein node is associated with
a sampling frequency score, which enables the statisticaisji cation of each individual n-
ode and exible scaling of sub-network results. Based on MRWG approach, we further
propose two strategies: one is bootstrapping used for asseg statistical con dence of de-
tected sub-networks; the other is graphic division to sepaaa large sub-network to several

smaller sub-networks for facilitating interpretations. MRWOG is easy to use with only two
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parameters need to be adjusted, one is beta value for perfong random walk and another

is Quantile level for calculating truncated posteriori mea.
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Chapter 2

Inference of transcriptional regulation

network

Revealing of transcriptional regulation network is esseiatl to understand the controlling of
MRNA synthesis process in given biological conditions, whidn turns a ects translation
of proteins that are needed for cellular system. To investiga the underlying mechanism
using computational methods, many computational e orts havéeen made through di erent
forms of modeling, using biochemistry PDE model (Kar, Baummn et al. 2009; Honkela,
Girardot et al. 2010), Boolean network model (Shmulevich, @gherty et al. 2002) and
simple regression model (Conlon, Liu et al. 2003). In genérdhe more ne-resolution
methods require the larger data-set and more detailed measment. However, considering
that number of available microarray samples is relativelyrsall in focus biological study,
simpli ed model such as linear regression or linear decongtion are very prevalent. In
stead of aiming to predict speci ¢ regulations accurately,ese models are developed to pri-
oritize condition-speci ¢ TFs and TF-gene regulation relabnships. Through prioritization
of important molecular players, biologists can design detad experiments to validate their
functions and in uence towards phenotypes. This chapter isidded into two parts: the rst

part is dedicated to address regulatory network inferenceh&n protein-DNA interaction in-
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formation of all TFs is complete. The second part is focused dhe inference task where

only partial protein-DNA interaction information is available.

Table 2.1: Mathematical notations in Chapter 2.

Number of genes, microarray N;M;L
samples and underlying tran-

scription factors

Expression concentration matrix E2R" "

Expression activity matrix X =[xy xn]T2RNM
Expression pattern of the n-th Xn 2 RV

gene

Regulatory component matrix A=[a;; ;a]2RVt
(RC matrix)

the I-th regulatory component a 2 RN

Transcription factor activity ma- S=[s; ;s]'2R-M
trix (TFA matrix)

the |-th TFA s 2 RM

Score matrix of protein-DNA in- K2RVt

teractions

Connectivity pattern matrix B2 @O "
Regulatory matrix set Zo

Zo, fA2RN LYja, =0if ky < g
orZy, fA2RN tja, =0if by =0g
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2.1 Introduction of Transcriptional Regulation

With the advent of high-throughput microarray technology, esearchers can simultaneously
pro le the dynamic activity of tens of thousands of genes, ahgenerate hypotheses with
various statistical and computational tools (Clarke, et al.2008; Tusher, et al., 2001) to un-
derstand molecular mechanisms of phenotypes or disease suyi®es. However, bioinformatics
researchers have recently become aware that the moleculatationship between di erent
types of genes cannot be ignored in computational analysispt only for the identi cation
of reliable biomarkers (Chuang, Lee et al. 2007) but also féhe understanding of disease
mechanisms (Lee, Chuang et al. 2008). Therefore, it is dedite to advocate a systems
biology treatment of computational analysis by integratinggene expression data with di er-
ent types of biological knowledge, such as protein-proteinteraction networks (Chang, et
al., 2008; Ideker, et al., 2002; Liao, et al., 2003; Wang, €k,a2008), function annotations
(Pan, 2006; Zhou, et al., 2002), and pathway information (les et al., 2008; Li and Li, 2008).
These integrative approaches can reduce the impact of cusledimensionality e ectively by
decreasing the number of estimated parameters, and faalie the interpretation of com-
putational results in order to generate biologically meangful hypotheses. Nevertheless, a
common pitfall is often shared by the abovementioned and mamgher integrative approach-
es; that is, given biological knowledge is assumed, with eaexceptions, to be consistent with
gene expression data acquired under certain biological catiwhs. Such an assumption could
yield misleading computational results that may generatancorrect biological hypotheses. In
this section, we will restrict our discussions to infer trascriptional regulatory networks by
integrating gene expression data with the binding knowledgef transcript factors to DNA

sequences.

Transcriptional regulation is an essential mechanism forells to respond fast-changing ex-
ternal conditions (Lee, et al., 2002; Luscombe, et al., 2004denti cation of transcriptional
regulatory relationships can help us understand the actitian of speci c regulators, bio-

logical processes and pathways; particularly for cancer essch, it is an important step to
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reveal diverse molecular pathways dysregulated in cancef@anscriptional regulatory rela-
tionships can be explicitly described as transcriptionalegulatory networks (TRNs) (Liao, et
al., 2003; Yu and Li, 2005), or functionally categorized asanscriptional regulatory modules
(TRMs) (Li, et al., 2007; Segal, et al., 2003). Both TRNs and TRIs consist of transcription
factors (TFs) as regulators and downstream genes as their tatggenes, transcription levels
of which are modulated through TFs binding to their correspating DNA promoter regions.
Previously, many computational methods were proposed toedtify transcriptional regula-
tory modules from either gene expression data (Pe'er, et aR001; Segal, et al., 2003) or
TF-DNA interaction information (Sharan, et al., 2003; Zhou ad Wong, 2004) but not both.
Later, it became clear that these two information sources oglement each other, based on
which many integrative approaches were developed to bettiglentify key TF regulators and
their corresponding target genes (Bar-Joseph, et al., 20@)ssemaker, et al., 2001; Chen, et
al., 2007; Conlon, et al., 2003; Li and Zhan, 2008; Liao, et,a2003; Nguyen and D'Haeseleer,
2006). However, some assumptions made in these approacheg nw be valid in the reality
of biological settings. For examples, some regression-tthe@proaches (Bussemaker, et al.,
2001; Conlon, et al., 2003; Nguyen and D'Haeseleer, 2006) assuhat regulation relation-
ship is approximately re ected by binding evidence, but trs assumption ignores that TF
binding does not necessarily suggest e ective regulation.oi®e other approaches approxi-
mate the activity of a TF by its mRNA expression level (Wang, Xuaret al. 2008), which is
also questionable as the protein level of a TF is known to onhave weak correlation with its
MRNA expression (Greenbaum, Colangelo et al. 2003); sincesptranslational modi cation
also plays essential roles in the activation of TF regulater Moreover, many of the regression
schemes estimate the activity or in uence of each TF individally (i.e., one by one), as a

result possible collaborative regulation among di erent TFsvould likely be overlooked.

Being aware of the above-mentioned limitations, network coponent analysis (NCA) was
proposed to deduce the network and underlying transcriptiofactor activity (TFA) (Liao,
Boscolo et al. 2003). NCA is based on a biochemical model-basggproach considering

regulations of multi-TFs simultaneously: given the initialbinary TF-DNA topological con-
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nections, the regulation relationship is estimated accoirtty to gene expression data rather
than being xed according to initial binding evidence scoresTF activities are determined
according to expression patterns of their targets. Seversliccessful applications of NCA have
been reported (Brynildsen and Liao, 2009; Rahib, et al., 200Yang, et al., 2005; Ye, et al.,
2009), as well as a number of methodology improvements (Brigsen, et al., 2006; Chang,
et al., 2008; Dai, et al., 2009; Galbraith, et al., 2006; Satieand James, 2006; Tran, et al.,
2005; Wang, et al., 2008). However, NCA, along with all other esting integrative approach-
es for TRN inference, still encounters one critical probledfor many biological applications,
that is, the given biological knowledge may be (more or less)donsistent with the gene
expression data. The inconsistent biological knowledge dduead computational methods
to giving incorrect results and hence false discoveries. Mafactors could contribute to such
data-knowledge inconsistency, such as noises corruptinglbgical measurements, di erences
in biological conditions (e.g., in vivo vs. in vitro; cell Ine vs. tissue tumor), and inevitable

false positives (or false negatives) in biological knowledgself.

To delineate accurately condition-speci ¢ regulation, it issential to prioritize TF regulators
and their target genes with consistent knowledge support. oF TF prioritization, conven-
tional approaches either utilize prior knowledge of TF actities (Yang, Suen et al. 2005), or
adopt statistical approaches to test the statistical signtance of TF associated regulation
(Bussemaker, et al., 2001; Conlon, et al., 2003; Tsai, et,&005). The former scheme requires
prior information about speci ¢ biological conditions (eg., stimulus, response, etc.) under
study. For example, for yeast cell cycle studies, it is expted that cell cycle regulators should
exhibit their activity with periodic cycles. However, priorinformation-based approaches will
lead to biased results if a priori is inaccurate, and not allgplications have complete pri-
or information known beforehand especially for exploratgrstudies. The signi cance-based
approaches are widely accepted as a norm to evaluate whetlogxe TF (or its binding mo-
tif) can signi cantly contribute to the explanation of expression variations of its targets, or
equivalently, whether the expression pattern of target gexs can be well tted by its regula-

tor's activity (Brynildsen, et al., 2006; Galbraith, et al., 2006). These statistical approaches
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require an explicit formulation of null hypothesis and genation of corresponding null distri-
bution by permutation. However, null distribution sometimes cannot be easily generated by
sample permutation, particularly when di erent microarray samples are not exchangeable
(for example, in time-course microarray data). Moreover, wén substantial amount of false

knowledge occurs, the estimation accuracy of null distrilton is also questionable.

Here, we proposed a novel approach based on stability anatysd address the inconsistency
between data and knowledge. The approach is especially chlgato reveal condition-speci c
TFs and downstream target genes for TRN inference. The basideia of stability analysis
is to introduce small perturbations on knowledge and inteagate the variation of resulting
estimation when data are examined. Such variations re ect pential estimation deviations

introduced by awed knowledge.

The proposed scheme was extensively tested with simulatidata, comparing with its coun-
terparts. It has been shown that the stability analysis-basd scheme is e ective to prioritize
condition relevant TFs and downstream targets when false coaction number is relative-
ly large and given connection knowledge is incomplete. Werfloer applied the scheme to
yeast cell cycle data to show its improved capability to higight cell cycle related TFs and
targets, without utilizing the prior knowledge of cycle patern. Finally, the stability analy-

sis is carried out to reveal di erent estrogen-related trascriptional regulatory networks in
estrogen-induced and estrogen-deprived experiments. Bugtudy might provide compara-
tive pictures of regulatory relationship in breast cancertsdies, and bring new insights to

understand how regulatory networks are involved in estrogesignaling mechanisms.
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2.2 Problem Formulation and Existing Methods

2.2.1 Unsupervised linear latent model analysis

Firstly, we brie y review the unsupervised linear latent mo@l analysis for genomic signals.
Given a high-dimensional genomic data matriX 2 RN M which can be seen alNl realiza-
tions of random vectorx 2 R, the purpose of statistical latent variable algorithms sut as
PCA and ICAis to nd a linear transformation W 2 RM ! to reduce the dimension of orig-
inal genomic data, through which the transformed componestof Y = XW =[y1; ;Vy.]
are statistical uncorrelated and independent, respectiwel When observed expression data
is assumed to be the linear mixtures of underlying sourcescasomponents of sources are
non-Gaussian distributed and independent, ICA can be used fwerform blind separation,
estimates of which correspond to underlying sources up to serscale and order ambiguities
even without the exact distribution form of latent variable (Cardoso 1998; Lee, Girolami et
al. 2000). Many ICA algorithms have been successfully apgdi to many biomedical problems
where the source independence assumption holds (Jung, Maket al. 2000; Vigario, Sarela
et al. 2000). All these linear models can be summarized as daling matrix decomposition
model:

X = AS; (2.1)

where the observed data matriXX is decomposed as the product of two latent data matrices

A and S with lower dimension.

We illustrate the common biological interpretation of latet variable model in Fig. 2.1.X is

a genomic signal matrix oM measurements byN genomic instances, which could be genes
(Liebermeister 2002), metabolisms (Scholz, Gatzek et al0o@4), or genome loci (Dawy, Sarkis
et al. 2008). It is generally assumed that realizations @fth latent component [a;; ;a.]

re ect the genomic in uences of underlying biological progsses to all genomic instances. Itis
further assumed that (from energy e ciency point of view of cltular system) each biological

process can only aect the activities of small portions of g@mic instances, therefore a
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M genomic samples L latent factors

— T

B D —

N genomic instances
(genes, proteins, genome loci)

—

X, :signal profile of n-th genomic instance
a, :influences from /-¢h latent factors to all genomic instance

S, :linear mode of the /-th latent factor

Figure 2.1: General linear latent variable model for genomicgsials.

super-Gaussian distribution of each componerd; can be approximately assumed. This
assumption is partially veri ed though previous studies inelving the comparison between
ICA and PCA, where non-Gaussianity assumption based ICA cldgroutperforms PCA in

revealing biological meaningful results (Liebermeiste0R2; Lee and Batzoglou 2003).

Despite the initial successes of applying statistical liee latent variable methods for gene
expression analysis, several limitations of totally "blid" approaches still exist: rst, the
underlying true dimension is hard to decide, and over-/undeestimation of source number
will apparently lead to misinterpretation of expression d&; second, expression level mea-
surement is acquired through a sophisticated process whdegge amounts of errors and
noises relying in data (Klebanov and Yakovlev 2007), pure tadriven approach su er-
s reproducibility problems (Kreil and MacKay 2003); third aad most importantly, "blind"
approaches can only produce expression analysis in relativlow resolution with gene group-
ings, and the speci c biological interpretation is di cult to proceed with virtual signal sources
based statistical assumptions. As a general trend for advaett bioinformatics and system-
s biology, it is usually required that the computational appoach can lead to biologically

testable hypothesis (Lander 2010).
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The applications of statistical latent variable algorithns are mainly limited in explorato-

ry analysis of genomic data, but the resulted computationalesults are too general to be
interpreted in a speci c biological context. Therefore, wdocus on gene expression analy-
sis for transcriptional regulatory network inference, wher a clear generative model can be

formulated with biological implications, discussed in ftdwing sections.

2.2.2 Log-linear model for transcription expression

Gene expression generally refers to an information convers process from DNA sequence of
one gene to its messenger RNA (mRNA), which will be further trafsted to corresponding
protein(s). Therefore, mMRNA molecular concentrations of ges are generally called as gene
expression levels, or expression data for short. Expressitata is acquired through a series of
biochemistry-photo transformation, providing the parallemRNA measurement of thousands
of genes in a single microarray chip. Gene expression is of¢he data types received the
most intensive research attentions, not only because of itslatively cheap cost to acquire,

but also it can re ect the genetic dynamics of cellular systa (Sta ord and Yidong 2007).

Having M microarray measurement withN genes, we denote the raw concentration data
of MRNA as a matrix E 2 R*" ", in which e,, re ects the concentration ofn-th gene in

m-th microarray measurement. We denote normal concentratioof n-th gene asel?)

, which
is usually generated in baseline condition as referencersy It has been shown in (Liao,
Boscolo et al. 2003) that transcription rate of one gene is dded by concentrations of several
controlling proteins named transcription factors (TFs). Spei cally, Vpromotern (1), the rate
of mMRNA synthesis (promoter activity) at time point t, and the rate of mRNA degradation
Viegradation:n (t) Of the n-th gene are de ned as follows according to Hill equation (L& et

al., 2003; Ronen, et al., 2002):

Vpromoter;n (t) =



and
Vdegradation;n (t) = kdegradation;n en(t);
wherek, anda, are kinetic parameters from thd-th TF to the n-th gene; , andKgegradation:n

are synthesis and degradation parameter for the-th gene. Assume that mRNA levels reach

a quasi-steady state:

Vpromoter;n (t) ! Vdegradation;n (t) = 0;

after some mathematical manipulations we have following aionship between the ratio

level of mMRNA and ratio levels of TFs:

@ ¢ (0) an|

1+ H\)
e _ Y a) YTy R
en(0) ., a0 1+@ am

[3
=1 nl

It has been further assume in (Liao, et al., 2003) that;(t) is around the neighborhood of

1+@ () @nl

¢ (0) so that the term %
1+ w nl
1=1 n

Kni

1. Finally, we replace the time index using the discrete

©) _

sample indexm, denote baseline mRNA level of the-th gene ase; e,(0), and denote

baseline TF concentration of thd-th TF as cl(o’ = ¢(0), we come to a linear approximation

of transcriptional regulation under equilibrium assumptns:

|
o
¥ o

O

E

% 2.2)
in which, ¢, and q(o) are concentrations of thd-th TF under m-th microarray measurement
and baseline condition, respectively; exponential item, re ects how I-th TF regulates the
transcription rate of n-th gene,a, = 0 as no regulation,a, > 0 as transcription promotion
(or up-regulation), a, < O transcription suppression (or down-regulation). It needs be
emphasized that only expression concentratiog,,, and e are directly observable, while

Cim ,q(o) and a,, are all hidden variables.
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By denoting

_ €nm
Xnm = log @ (2.3)
and I
_ Cim
sm =log o (2.4)
G
the EqQ. (2.2) is expressed as
X
Xnm = aAnl Sim (25)
=1
or in a matrix multiplication form with an additive noise matrix ! 2 RM N
X=AS +!: (2.6)
Eq. 2.6 can further be written in latent variable model with espect to gene index:
X
Xn = ansS + n; (2.7)
1=1
where X, = [Xp1; Xam ] and = [ a1 ; nv ] are gene expression pro le and noise

vectors ofn-th gene;s = [s1;  ;Swm ] is the hidden activity vector of I-th TF. Eq. (2.6)
is actually called log-linear model, considering the transfmation from original Eq. (2.2)
to (2.5) (Liao, Boscolo et al. 2003). It has also been obsedvéhat the log-ratio transfor-
mation of gene expression data approximately t with Gaussradistribution (Liebermeister
2002). Dierent from general latent variable analysis, noweverything has clear biological
implication: latent factors of Eqg. (2.6) correspond to the @ntrolling proteins - transcription
factors (TFs). We de ned I-th row of matrix S =[s;; ;s.]' asl-th transcription factor
activity (TFA), which re ects the hidden protein relative activity of |-th TF. The in uence
variable of I-th TF a, is calledl-th regulatory component (RC). Through this dissertation,
S and A are referred as TFA matrix and regulatory component matrix ¢r RC matrix) for

highlighting their biological implications.
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2.2.3 Network component analysis (NCA)

For transcriptional regulatory network inference, some blogical knowledge could facilitate
the estimation of latent activities and controlling relationships. Recall that each regulatory
componenta, in Eq. (2.7) corresponds to the controlling e ect of certainTF to genes'

transcription rates. It is known that one TF has to bind on DNA promoter region of certain
gene in order to regulate the expression of this gene. Suchypical binding relationship
is usually measured through biological experiments (Wu, Sth et al. 2006) or predicted
through computational sequence analysis (Ji and Wong 200@ased on TF to gene binding
evidences, we encoded regulation relationships from TFs terges as a network connectivity
pattern B 2 (0;1)" - , which is a binary matrix with elementh, = 1 indicating potential

regulatory relationship froml-th TF to n-th gene.

Usually we called genes controlled by TFs asrget genes Assuming there is no feedback
from target genes to TFs, the transcriptional regulatory netork describing the relationship
between TFs and target genes is a bipartite network, where thedes of latent layer and of
observed layer are TFs and downstream genes, respectivelyegdlatory component matrix
S describes weights of bipartite network edges. Thereforestienation of hidden regulatory
components is equivalent to inference of underlying regttay network, illustrated as Fig.
2.2.

To solve Eq. (2.6) based on available biological knowledge the original NCA algorithm is

designed to estimateA and S by minimizing tting errors (Liao, Boscolo et al. 2003):

(A;8) =argmin jjX ! ASjj; (2.8)
(A3S)
st A 2 Zg: (2.9)

In (2.9), Z, is a regulatory matrix set, deriving from biological knowldge of connectivity

matrix:
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| Explaining expression variation using regulatory network |

X = A S
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Figure 2.2: lllustrative gure of regulatory component (RC)and transcription factor activity
(TFA) in NCA model.

Z,, fA2RN Yjay, =0for by =0g: (2.10)

Assuming the elements of noise matrix is i.i.d Gaussian distributed, NCA criterion is
equivalent to maximization likelihood with respect to noie distribution (Boscolo, Sabatti et
al. 2005). It is interesting to notice that NCA criterion doesnot incorporate any statistical
priori of A or S. This is motivated by the discussions in (Liao, Boscolo et al2003) that
statistical assumption may not t to biological reality. Therefore, the NCA criterion is simply
a least-squares with structure constraint oA . From the perspective of source separation, we
can regardA as mixing matrix and S as underlying source signals, or vice versa. Noticeably,
A is more appropriate to be assumed as underlying sources th&rfor applying statistical

latent variable methods. It is because non-Gaussianity agaption of each component,

approximately holds, considering the fact that one TF can dy regulate a small portion of

genes (Liao, Boscolo et al. 2003; Boscolo, Sabatti et al. 3D0
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2.2.4 Estimation ambiguities and identi ability conditions of N-

CA

Although priori biological knowledge eliminates the ordenig ambiguity of regulatory compo-
nents, the scaling of underlying signals is still undetermed. Therefore, even with ful llment
of all identi ability conditions, estimated regulatory component could still di er from under-
lying true signalsA up to some scaling ambiguityhR = AD , whereD is arbitrary diagonal
matrix with non-zero diagonal items. Such ambiguity is usuly acceptable as it is wave-form

preserved.

As NCA solution optimization involved biological knowledgeB, the structure characteristic
of B is essential for NCA estimation. This is re ected from identability conditions of NCA.
In the noiseless case, that is wheh = 0, the identi ability conditions for NCA are proved
when the following four assumptions are met (Liao, Boscola al. 2003) (We adopt As. as

the abbreviation for Assumption):

Identi ability conditions of NCA

(As. 1) The microarray sample numbeM should be greater or equal to TF numbeL.
(As. 2) Dierent TFAs s=1. .) are linear independent.

(As. 3) For connectivity pattern matrix B, if any TF is taken out, the modi ed connectivity
pattern matrix B by removing the genes associated with this TF should have fubw rank
(rank = L! 1).

(As. 4) The network connectivity pattern B is perfectly known a priori.

Both As. 1 and As. 2 are almost universal presumptions for linedatent algorithm. As. 1
is generally needed to ensure the problem is not underdetened. As. 2 is also similar to

the presumptions for PCA/ICA models that mixing matrix S is non-singular.

As. 3 is equivalently saying that if one TF is determined, theestL ! 1 TFAs can still

be determined uniquely. If the As. 3 is not meet, trimming of toplogical connections
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is suggested to be performed. By explicitly exploiting pragty of As. 3, Chang and etc.
(Chang, Ding et al. 2008) proposed an alternative algorithfastNCA, which could be several
tens times faster than original NCA algorithm. Since As. 3 is naélways ful lled for given
connectivity, a condition check is usually carried out and emections violating As. 3 will be
pruned (Liao, Boscolo et al. 2003). However, it is obvious than e ective condition check
for As. 3 also relies on As. 4, assuming that giveld re ects underlying true relationship
Bo. Therefore, it can be expected that the estimation accuracyf @oth NCA and fastNCA

heavily depends on availability and quality of given biologal knowledge.

2.2.5 Motif-directed network component analysis (MNCA)

Noticeably, most of current NCA applications are focused onmaple cell system such as E.
coli (Kao, Yang et al. 2004) and yeast (Liao, Boscolo et al. @8; Yang, Suen et al. 2005).
This is because complete biological connection data, such aghithroughput ChIP-chip

data, are often not available for common species includingdent and human.

To solve this limitation, we propose a motif-directed NCA (mN@) approach for regulatory
network inference, which utilizes sequence motif informiah to construct initial connections
and later integrates with gene expression data to estimatdé activities and downstream
targets of transcription factors. First, the upstream regios of the genes can be extracted
from the database PromoSer (Halees, Leyfer et al. 2003). SedoMatch™ (Kel, Gossling
et al. 2003) (or its improved version, P-Match (Chekmenev, Heéet al. 2005)) can be used to
search the transcription factor binding sites (TFBSs) in edtupstream region; this approach
generates the scores of both "core similarity” and "matrix snilarity" for each matched
motif. Third, Match searches the TFBS for its position-weigted matrices (PWMs) that can
be extracted from the TRANSFAC 11.1 Professional Database (Mg, Kel-Margoulis et al.
2006). Fourth, according to the PWMs, a motif score can be caillated for each TF-gene
pair where the score is the maximum of the average scores ofecsimilarity and matrix

similarity. These motif scores provide the initial connedbn information for further mNCA
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analysis as is detailed in the next section.

As TF binding motif is a relatively short sequence pattern, thetopology obtained from
motif information is very noisy and contain many false posites. Since the initial topology
information is often unreliable for any speci ¢ TF-gene pairwe are going to address the con-
sistency between biological knowledge derived from DNA moiiiformation and expression

data in the next section, through proposed stability analysi

2.3 Knowledge-based Stability Analysis

2.3.1 Problems associated with biological knowledge

Since NCA is a network structure constraint approach to inferegulatory activities and
relationships, the quality of Z, and its consistency to dataX will a ect the accuracy of
inferred networks. Previously, we simply assume that somenlary matrix B is available to
construct Zgy. In reality, we know that Z, is actually derived from some TF-DNA binding
evidence such as DNA motif matching scores or ChlP-chip bindingrvalues, which have
some dependence to regulation but cannot fully decide the acence of true regulation.
To facilitate the following discussion, we use a matrix fornto denote all binding evidence
scores as a matrixk 2 RN L. Assume the higher a binding evidence scobg is, the more
likely that the promoter region of the n-th gene can be boundybthe corresponding I-th
TF. To distinguish a likely regulatory relationship from an wnlikely one, we can setup a
cut-o threshold | for the I-th TF. If some TF-target pair between thel-th TF and the
n-th gene has a binding evidence score beloyy we determine this as an unlikely regulatory

relationship. Therefore, we can rede n&, in Eqg. (2.10) as
Zo, TA2RY Yjay =0if kn < g (2.11)

Please see Fig. 2.3 for this basic idea of transforming bindiscore toZ,.

37



. ) . CAGTSY (.. .obMTetess)

DNA motif
matching - _
Bind 1,3 =07
r:]r;tlr&g ;Eore —>n1’1’1’2’3 Z,, is the set of matrix
TF+ TF2 TFs TF+ TF2 TFs
ChlIP-chi
el o Gener [09 085 03 Gener [2 2 0
TG L Genez2 (023 0.92 06 Genez 0 ? 0
Genes | 0.1 05 0.75 Genes |0 0 ?
Genes | 0.12 0.88 0.95 Gene4 0 ? ?
Genes | 0.86 045 0.5 Genes |7 0 0

Figure 2.3: An illustration of constructing the regulatory marix set Z, from binding knowl-

edge.

However, we understand that biological information source®uld contain considerable amoun-
t of errors due to their incompleteness or lack of conditiogpeci ¢ knowledge. The binding
evidence score can come from di erent information sourcesjch as ChIP-chip experiments
(binding p-value), DNA motif sequence matching results (mdt matching score) and litera-
ture surveys (text mining score). Even with reliable bindig information, the occurrence of
transcriptional regulation still cannot be fully decided,because transcription regulation is
also a ected by other factors, such as whether DNA is accesklat that time, and whether
other necessary co-factors also bind onto the adjacent regs. Therefore, it is not su cient
to distinguish targets and non-targets purely based on bimag scores. Z, and its related
NCA inference are heavily in uenced by false positives (FPshy | but the I-th TF does
not regulate then-th gene) and false negatives (FNs)§ < | but the I-th TF actually reg-
ulates then-th gene) within Zy. As in many real applications the FPs and FNs of biological
knowledge is known to be relatively high, the con dence of farence results could be very
problematic. It has been shown that by directly applying NCA b yeast gene expression
data with ChIP-chip data, the results could be as bad as only agparable to that with
random network information (Brynildsen, Tran et al. 2006).Since the DNA binding score
only provides incomplete evidence for TRN inference, we ehgsize that it is essential to
Iter out less irrelevant and inconsistent knowledge for a fuher integrated analysis of gene

expression data. We propose a novel stability analysis indhfollowing section to perform
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this task for TRN identi cation.

2.3.2 Basic idea of stability analysis

Stability analysis was originally proposed to perform modeselection for various types of
machine learning algorithms (Tilman, Volker et al. 2004). Te basic idea of stability anal-
ysis can be described as follows: with multiple resampled s&mns of input data, the most
consistent (stable) estimation will only occur when an apppriate model is chosen, which
ts correctly to the underlying structure of the data. Specically, stability has been shown
to be tightly linked with the generalization capability of arny supervised learning approach
(Bousquet and Elissee 2002; Subramanian, Tamayo et al. 280 Recently, stability has
been also revealed as an e ective criterion to perform feator variable selection (Calle and
Urrea, 2010; Kalousis, et al., 2007; Kzek, et al., 2007;Meinshausen and Bhlmann, 2010).
The estimation consistency, or stability, re ects how releant a feature or variable of interest
is with respect to a speci ¢ machine learning task. In bioimirmatics applications, stability
analysis has also been used for gene ranking (Boulesteix &ldwski, 2009; Calle and Urrea,
2010) and classi cation label correction to deal with highdvels of experimental noises and

errors.

However, there is no existing stability analysis scheme to @icit evaluate the consistency
between biological knowledge and gene expression data. Héo#owing a similar philosophy
but with a di erent quest, we propose a new scheme, by addingnall perturbations to giv-

en topological connections, to prioritize condition-speci TFs and their target genes. We
will develop this so-called knowledge-based stability alysis scheme to identify condition-
speci ¢ regulatory networks by integrating gene expressiodata and binding information.

As we mentioned before, when network (topology) informatiors consistent with expression
data, NCA can lead to correct TFA estimation hence regulatoryelationships. But such con-
sistency is not guaranteed, considering that topological fiormation usually contains many

false positives/negatives and expression data are often vemgisy. As true TFA measure-
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Figure 2.4: lllustration of basic ideas of stability analys.

ments are unavailable and de nite target genes are unknown meal experiments, we must
clarify whether the estimated TFAs and regulatory relationsips are reliable or arisen by
chance. Only with puried TFs and their known targets, which ae relevant to our study
of interest, we can proceed to infer regulatory networks aectly via TFA estimation. For
available topological information with errors, we proposé use a perturbation analysis to
test the reliability of TFAs for regulatory network inference. To introduce proper pertur-
bations of topological information, we can modifyZ, by deleting some existing edges or
adding some non-existing edges; we can also add small amauwises in binding scor& (if

available) for perturbation analysis.

Taking an example shown in Fig. 2.4, we aim to study the regulatp role of the I-th TF
through its TFA estimation s, but the quality of biological knowledge, network informaton
(Zo), is our concern. We can keep the expression unchanged andegated a perturbedZ%
by intentionally altering a small amount of entries in givenZ,. As a result, we would expect
a deviation (denoted as d) between estimatesf (based on the perturbedZ%) and original
estimation s;( based onZy). The rationale behind our stability analysis is that the TFA

estimation of a condition-speci ¢ TF should be more robustd a small amount of perturba-
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tion than any non-speci c TF that generally lacks of supportin data-knowledge consistency.
With multiple di erent perturbations applied to Zy, we can de ne an evaluation metric of
robustness as the average deviation of di erent estimatienwith respect to multiple small
perturbations. By perturbing the initial network topology, we will perform a stability anal-
ysis on the variation of estimated TFAs and predicted TF-targerelationships. A falsely
estimated TFA, which is either caused by unspeci ¢ TF or incosistent topological informa-
tion, tends to be altered easily by small perturbations. Onkte contrary, an active TF (with
a relatively good consistency between expression data amapology knowledge) will tend to
keep its activity pattern stable throughout multiple perturbations. The prioritization of true
target genes will depend on a stability analysis of predicn errors, as one gene could be
regulated by multiple TFs and its expression pattern should & explained, at least in large

part, by the TFAs of its regulators.

Speci cally, we propose two strategies of stability analys for TF and target gene prioritiza-
tion, with both strategies focused on identi cation of condion-speci ¢ TFs and their target
genes by intentionally altering the network topology infamation. After active TFs and tar-
get gene subsets are obtained, the TFAs are further re ned (@stated) for a signi cance
analysis of regulatory relationship. The overall work ow 6the proposed stability scheme is

shown in Fig. 2.5.

2.3.3 Knowledge perturbation and stability score

We apply multiple perturbations on biological knowledge (etwork topology) for stability
analysis, each individual perturbation leading to a di erat estimated TFA. That is, we
apply P independent perturbations on originalZ, = Perturb(Zo; ; ) to obtain dierent
versions ofZ, = Perturb(Zo; ; ); we control the degree of perturbation to be very small
(FP =FN = 1 with respect toZ, = Perturb(Zo; ; )). Mathematically, we denote

the perturbation function as follows:
Z, = Perturb (Zo): (2.12)
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Figure 2.5: Work ow for proposed stability analysis schemefor transcription regulatory

network inference.

The estimated TFA of thel-th TF (with respect to expression dataX ) and the p-th perturbed

regulatory matrix set Z, can be represented, respectively, as
8ip = NCAntra (X Zp) (2.13)

and
&, = NCA nre (X Zp): (2.14)

We de ne a stability measure, namely instability score of TR, (for the |-th TF) as follows:

1 X x

ST B )

d(sl;pl;sl;pz): (2-15)
pl=1 pl=1;pl6 p2

Similarly we also de ne a second instability score, called stability of RC (ISR), as

1 X ¥

SR B )

d(al;pl;al;pz): (216)
pl1=1 pl=1;pl6 p2
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Table 2.2: Stability analysis algorithm for TFs.

(IST,,ISR,) = Stab_Analysis (X, Z,)
Input: Expression matrix X, regulatory matrix set Z, perturbation level &
Output. Instability scores of TFA and RC for each TF: (IST,,ISR,),/=1,---,L

Algorithm flow:

Forp=1to P
Add perturbations to the topology; Z, = Perturb,(Z,)

Recalculate TFA and RC based on perturbed topology; (A " S ) =NCA(X,Z,)
Store (Ap,gp);
Endfor

For/=1toL
P r
Calculate In-stability Score of TFAs; T=—2> > d3,.5,)
P(l P) pl=1 pl=1,pl#p2 ’ ’
P

P
Calculate In-stability Score of RCs; ISR, = P(l 72 Z ; d@, .4, ,,)

Endfor

In both Eq. (2.15) and (2.16), the distance functiordy(vy;V;) is de ned in the way that

intrinsic ambiguity of NCA solutions will not be taken into account:
do(V1;V2) = min(cos(vi;Vvz);coss;! va)); (2.17)

in which, cos(; ) is the cosine distance. However, the range of such distanemdtion is
very narrow. When we calculate the averaged distance valudiet nal estimation could be
heavily a ected by the outliers. To further improve it, we prgpose a modi ed distance

do(V1;V2)

d(vi;Vv2) = log m

(2.18)

#
The operator log 5 spans the distance range to be much larger and makes the résdl
distribution more normal like. After the modi cation, the di stance calculation is less a ected

by outliers than the un-modi ed distance function.

The algorithm of stability analysis for TFs is described as Tale 2.2.
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2.3.4 Target gene identi cation based on stably estimated TFA

Once having the TFA estimates of relevant TFs prioritized by BA, we can identify target
genes controlled by these TFs utilizing the relationship in & (2.7), which describes that
the individual expression pro le x,, of the n-th gene can be represented as a summation of
TFAs weighted by regulatory strengtha,, from the I-th TF to the n-th gene, plus a noise

term .

A natural question is can we directly usea, to decide TF-gene controlling relationship?
Although in general the larger value of, the more likely the n-th gene is actually regulated
by the I-th TF, di erent genes may not be directly comparable as they ave distinct baseline
activities. Moreover, we also wish to know statistical cordence for one particular regulato-
ry relationship associate with value of each,,. Therefore, we use a multivariate regression
scheme to further decide the statistical signi cance of TF-ge regulatory relationship. Ba-
sic idea of specifying the regulation relationship betweenFTand gene is as following: when
we perform stability analysis for prioritizing conditionspeci ¢ TFs, we can acquire stably
estimated TFAs. For n-th gene, we are going to use the activities of its potentiakegula-
tors (fsja, 6 0Q) to regress its expression pro lex,, and calculate the resulted p-value of
regression coe cient, which is the statistical signi cane level re ecting how well the gene
expression can be t by corresponding TFAs. Considering thamany TF-target relation-
ships will be tested, multiple hypothesis testing correain scheme described in (Storey and
Tibshirani 2003) will be performed to calculate the false dcovery rate (FDR) of TF-target

relationship.

Based on the regression procedures described as above, wihdu propose to distinguish
"foreground” genes (which are truly regulated by active TFs wh consistent data-knowledge
support) from "background" genes (the expression patternfavhich cannot be reliably pre-

dicted by its TF regulators' activities). We simply de ne the relevance score of downstream
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gene (RSDG) based on its average signi cance level based dATregression analysis:

! g log(p-value(@n))
_ 1= .
RSDG, = #(a, 60) ’

where #( ) is the operator to count the number of elements. The highehe score, the more

(2.19)

likely this gene is a "foreground” gene truly regulated undehis circumstance.

To summarize, for stability-based inference of transcripinal regulatory networks, we pro-
pose two consecutive steps: i) Identify condition-speci ¢ Thy stability analysis; ii) Identify

condition-speci ¢ downstream target genes based on stabl&A estimates.

2.3.5 Under-determined case (more TFs than microarray sam-

ples)

Another issue has to be considered is one of NCA identi abilityanditions, which requires
larger microarray sample number than TF number. In the real gplication, we usually
encounter the reverse situation, much larger TF number thathe sample number. To avoid
this limitation, we proposed to randomly sample a small nundr (<) of TFs each time,
calculate and store their instability scores. After multipé times of above-mentioned random
sampling, we will calculate averaged instability score ofaeh TF across multiple random
divisions. The reasoning behind this scheme is that if a TF agely participate under certain
condition and regulate its targets, it should also be averaty stable in randomly sampled

sub-networks. The algorithm for under-determined case isdcribed in Table 2.3.
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2.4

Table 2.3: Stability analysis algorithm for under-determrmed case.

alSG, = Stab_Analysis (X, Z,)
Input. Expression matrix X, regulatory matrix set Z,, perturbation level
Number of random division R, sub-TF set number L, (L., <L)

Output:  Average Instability score alSG,

Algorithm flow:

Forr=1to R
Select L, distinct TFs, their targets and corresponding 7, (Z,, < Z)
Record the index of selected TFs
Stab_Analysis (X,,,,Z,,,)
Record IST, ISR for each selected TF
Endfor

For/=1to L

For /-th TF, according to the selections, calculate its averaged instability scores.
Endfor

Experiments for Stability Analysis

2.4.1 Simulation studies

To test the performance for regulatory network identi caton, we generated simulated reg-
ulatory networks consisting of TFs and target genes. The sirfated expression data were

generated based on Eq. (2.6). The performance of an algonihwas evaluated using 50

randomly generated networks across di erent signal-to-me ratios (SNRs).

TF prioritization

To realistically simulate real microarray data studies, wpurposely added some 'non-relevant’
or 'less-relevant’ TF connections in the simulation data. W simulated these two cases
separately as follows: (a) 'non-relevant' TF case: gene aggsion data were generated as all

genes were regulated by 15 TFs according to Eq. (2.6), and f&alsonnections of another 15
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TFs, which have no impact on regulating expression of the aleges, were added. (b) 'less-
relevant’ TF case: gene expression data were generated agutated by 30 TFs; within 30
TFs, 15 of them were associated with moderate false conneo8qFP/FN rate = 2%), while
the connections of remaining 15 TFs were contaminated with siderable amount of FPs and
FNs (20%). In both cases, we can separate the 30 TFs to be a pogtset and a negative
set. The positive set contains regulators having consistetopological information with
expression data, and negative set contains regulators haviimgonsistent or less consistent
expression-connection relationships. We compare kSA wisleveral other typical methods to

rank condition-speci c TFs:

(a) Least-squares regression: for each TF, we directly use Ibgical knowledgeb, to regress
gene expression matrixX. We rank TFs according to residue errors of using biological
knowledge of each TF. The smaller the TF residual error, the me relevant this TF to

biological condition that expression is measured.

(b) NCA regression: similar to least-squares regression eae, except that we use estimated

regulatory componenta, to regress gene expression.

(c) Averaged TFA: if we normalized each estimated regulatoryomponent to be unit-
standard deviation, we can have TFA average activity direty comparable. The higher
the averaged absolute TFA level, the more relevant this TF tdiological condition that

expression is measured.

From performance comparison curves shown in Fig. 2.6, we cabserve that least-square
regression always lead to worst performance, it is underst#able as there is no ne tune
estimation about regulation strengtha,,. Averaged TFA is as good as both stability analysis
schemes, and outperforms NCA regression approaches in digtiishing 'non-relevant’ TFs,
shown in Fig. 2.6(a). However, both stability analysis scheas clearly outperform all the
other methods in distinguishing ‘less-relevant’ TFs showmiFig. 2.6(b), demonstrating that

stability analysis is more sensitive to prioritize condibn-speci ¢ TFs.
Target gene prioritization
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Figure 2.6: Comparison of prioritizing condition-speci ¢ Fs, in distinguishing relevant TFs

from (@) 'non-relevant' TFs, and (b) 'less-relevant' TFs.

In order to evaluate the performance for target identi caton, we designed simulations as
follows: an initial regulatory network was formed by 30 TFsl{ = 30) and 500 downstream
genes N = 500), and 35 simulated microarray expression data sampléd = 50) were
generated based on the original topology with varying SNR. Favaluating the prioritization
capability of target genes, we keep half of downstream gen@%0) having true topological
information, while topological information of other half d genes was replaced with randomly
generated connections, making topological knowledge ofigtset of genes inconsistent with

expression data. We compare totally three di erent methods

(a) Target gene ranking based on regression with estimatedAs: we use relevance score of
downstream gene (RSDG) de ned in Eqg. (2.19), which is baseth @average signi cance level
of TFA regression analysis. The higher the RSDG score, the meorelevant this downstream

gene is.

(b) Target gene ranking based on averaged absolute regutati strength: for n-th gene,
we calculate the averaged absolute value of all non-zero w&gion strength fa,ja, 6 0g

pinpointing to this gene. The higher the averaged absoluteegulation strength, the more
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relevant this downstream gene is.

(c) Target gene ranking based on NCA regression error: forth gene, we calculate the
P

residual error regressed by NCA estimates: ggke(n) = jjXn ! an8ijj3. The lower the
=1

|
residual error, the more relevant this downstream gene is.

To test the robustness of each method, we purposely permute taén percentages of gene
expression patterns to disrupt the ideal linear model assumiphs. We vary the cases from
no permutation to 10%, 20% and 50% permutation rate of expraen patterns, the perfor-
mances in terms of AUC are presented in Fig. 2.7(a), (b), (c) andl), respectively. In
every case, the proposed RSDG-based method outperforms esttiwo methods to detect
relevant downstream target genes. Speci cally, when exm®on data is not permutated and
well corresponds to underlying linear model, both regulain strength based and regression
residual error based methods achieved very similar perfoamce; when expression data is
permuted slightly (10%), we can observe performance di enee between regulation strength
based and regression residual error based methods. This deece is enlarged with increas-
ing permutation rate of expression data, suggesting that geession approach may over- t to

the expression data.

2.4.2 Yeast cell cycle experiment

The yeast cell cycle microarray experiment was performeding uorescently labeled cDNA
arrays, measuring the expression levels of 6,178 genes d¢d-tyipe S. cerevisiae cells. The
cell cycle was synchronized by three independent methods) (1-pheromone ( -factor) was
used to arrest the cells in G1 phase; (2) a temperature-seih@ mutation cdcl5-2 was
utilized to arrest cell in mitosis; (3) a temperature-sensve mutation cdc28 was utilized
to arrest cell in mitosis. We set the p-value threshold as QLo integrate ChlIP-chip data
(Lee, Rinaldi et al. 2002) for initial network information. Although in (Lee, Rinaldi et
al. 2002) the threshold was set as 0.001 (a stringent threstipko better eliminating false-

positives, here our motivation was to test the capability of he proposed stability-based
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Figure 2.7: Comparisons of target prioritization when expssion matrix (a) is not permuted,

(b) permuted in 10%, (c) permuted in 20% and (c) permuted in 3@.
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