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ABSTRACT

As genomic technology and sequencing projects continue to advance, more emphasis

needs to be put on data analysis, while addressing the issue of how best to extract infor-

mation from diverse data sets. For example, functional annotation of new genes can no

longer depends only on sequence analysis, but requires integration of additional sources

of information including phylogeny, gene expression, protein interaction, metabolic and

regulatory networks. Therefore, new biological discoveries will depend strongly on our

ability to combine these diverse data sets. We demonstrate how information from gene

expression, regulatory sequence patterns and location data can be combined to dis-

cover regulatory modules and to construct gene transcriptional regulatory networks. In

the context of modeling regulatory sequences, we propose a higher order probabilistic

model to efficiently discriminate between the binding sites of a transcription factor and

non-specific DNA sequences. Moreover, a model-based algorithm is developed, which

integrates gene expression data, modeled by mixtures of Gaussian, with the regulatory

sequence patterns for clustering of functionally related genes.

For the construction of the gene regulatory network, we introduce the concept of

Gene-Regulon association in contrast to Gene-Gene interaction. Unlike Gene-Gene

interaction methods, where the mRNA levels of the regulators play the important role,

Gene-Regulon methods rely on the activity profiles of the transcription factors. These

activity profiles, in the absence of their direct measurements, are estimated concurrently

via a computational model. We develop a model selection algorithm, which is capable

of capturing the activity profile of a transcription factor from the transcriptional activity

of its target genes. In addition, we present a data driven approach based on nonlinear

kernel embedding for capturing the nonlinear correlation and geometric connectivity

pattern in gene expression data. We apply these methods for integrating gene expression

and interaction data to construct a network of transcriptional regulation inEscherichia

coli (E. coli).
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Chapter 1

Introduction

Since the first complete genome sequence of a model organism has become available,

we have been given the most powerful biological data sets ever generated. But much

work still lies ahead to achieve the goal of understanding the complexity of the living

systems and uncovering the meaning implicit in the DNA sequences. At the same time,

advances in technology have introduced microarray techniques, which allow simultane-

ous measurement of activity of tens-of-thousands of genes across different conditions

or time points. This burst of data coupled with new paradigm in computing through

the use of computer and internet brought together researchers from different fields of

life and quantitative sciences to recognize the new multidisciplinary research program

with the common goal of deciphering this mountainous data. What is presented in this

dissertation is an attempt to provide certain computational and mathematical tools for

the integration of biological data and the construction of the gene regulatory networks.

In this introductory chapter, we first provide an overview of common research areas in

the field of genomics and computational biology. Next, the biological data which were

used in this study are described, and we end this chapter by outlining the topics which

are covered in depth in later chapters.
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2

1.1 Genomics and computational biology

While the researchers in this field may have their own preferences to name this re-

search area, many commonly use computational biology, genomic signal processing,

bioinformatics and systems biology interchangeably. Although each field has its own

definitions and its own road map, their primary goal is to increase our understanding

of biological processes and systems through developing and applying computational

techniques to various types of biological data. The major research areas, in the context

of molecular biology, can be differentiated by their biological domain into at least four

fields, which are briefly described below.

Computational genomics

Computational genomics is the analysis of the whole genome sequences with the help

of computers. Its main goal is to annotate whole genomes. Such annotation involves,

but may not be limited to,: i) compiling complete whole-genome sequences; ii) de-

ciphering all genes, their coding and regulatory sequences; iii) preliminary functional

classification of genes and their products based predominantly on multiple sequence

alignments; iv) discovering regulatory motifs, unusual sequence features and charac-

teristic sequence features of a genome; v) prediction of secondary structures in DNA

and in regulatory and stable RNA.

Comparative genomics

Comparative genomics is the study of the genome sequence of an organism relative to

genome sequences of other related and sometimes distant organisms. It deploys com-

putational techniques to identify ortholog genes and conserved genomic regions among

different species. It is the fundamental basis for computational evolutionary biology. It

searches for mutation, e.g., single nucleotide polymorphism, deletion and insertion of
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DNA segments among sequences of two or more different genomes to trace back their

common origin and unique features of the respective evolutionary paths. Statistical

and mathematical techniques are applied to build phylogenic profiles among hundreds

or thousands of species, using sequence homology among their genes or proteins to

identify evolutionary patterns among the species.

Functional genomics

Functional genomics is the study of gene functions and interactions among genes by

applying computational techniques to biological data. Unlike computational genomics

and comparative genomic, which deal with static aspects of the genome such as DNA

and protein sequences, functional genomics deals with the dynamic aspects of the mole-

cular biology of the cells. It involves analysis of gene transcription, translation, protein-

protein interactions and interaction between proteins and DNA. Functional genomics

uses molecular biological techniques to measure abundance of many molecular entities

such as mRNA and proteins simultaneously. It utilizes advanced technologies such as

DNA microarray for measuring mRNA levels of thousands of genes and mass spec-

trometry technology for measuring the concentration of proteins. Computational tech-

niques such as clustering, supervised machine learning and parametric and nonpara-

metric statistical techniques have been widely used in this area to identify differentially

expressed genes and functionally related genes.

Systems biology

Systems biology is the study of biological systems at the molecular levels and how the

components of biological systems interact and function. It is an exercise in integrating

the known parts of a biological system to understand the system as a whole. It requires

joining theory and modeling with the powerful prediction capability in order to propose
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a specific testable hypothesis about the biological systems followed by genome-wide

biological experiments to refine the model and theory. Therefore, the high throughput

experimental techniques are the essential components of research in systems biology.

An example of such research is the construction of gene regulatory networks from high

throughput transcriptomic and proteomic data, which depicts the interactions among

genes within the cells.

Proteomics

Proteomics is another field of research attracting bioinformaticians and computational

biologists. Proteomics is the study of structure and functions of proteins on a whole

genome scale. It provides direct measurements of the amount of proteins present in

the cell. Proteomics is complimentary to functional genomics, but it is more compli-

cated. This is because the genome is constant from cell to cell, but different genes are

expressed in different cell result in different proteome across the cells. While the same

is true for the transcriptome, the complication arises from the fact that it is not as quan-

titative and not as standardized as microarray-based functional genomics. The study

of structure and function of the proteins and interaction between proteins is promising

in bio-marker discovery, identifying the efficient diagnostic techniques and discovery

of new drugs for treatment of different diseases. Prediction of the structure of proteins

through computational simulation and identification of protein-protein interaction form

proteomic data are active areas of research in the field, but they are outside of the scope

of this dissertation.

1.2 Biological data

An important component of any scientific inquiry is the systematic collection of data

for observation, explanation and validation. Most of the major discoveries in all areas
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of science have been made possible only by detailed observation and data collection via

invention of new measurement technologies. The most pronounced example is the stun-

ning progress in the fields of biological and life sciences during the past decade. In the

course of past years, several high throughput technologies were invented for gathering

genome-wide gene expression and protein-DNA interactions in vivo. With the avail-

ability of such advanced technologies the amount of biological data available today is

numerous. Nowadays whole genome sequences of thousands or even more species and

massive high throughput transcriptomic and proteomic data sets are publicly available.

High throughput microarray data

A DNA microarray consists of a solid surface, usually a microscope slide, onto which

DNA molecules have been attached through chemical or electrostatic interactions [1, 2].

Using DNA microarrays one can detect the presence or abundance of many thousands

labeled nucleic acids in a biological sample, which will hybridize to the DNA on the

array. When the labeled nucleic acids are derived from mRNA of a sample or tissue the

microarray experiment measures the gene expression. There are two main technologies

for making the arrays, namely robotic spotting and in-situ synthesis [3]. The spotted

microarray is a technology in which pre-synthesized probes, oligonucleotides or PCR

product, are attached to the array using robotic printing. In in-situ synthesized arrays

oligos are built up base by base on the surface of the arrays and this is the technology

which is used, for example, in Affymetrix arrays.

There are usually four main steps in doing microarray experiment to measure gene

expression in a sample: sample preparation and labeling, hybridization, washing and

image acquisition [1, 2].

There are a number of ways to prepare and label the samples for a microarray ex-

periment and in all cases the first step is to extract RNA from the tissue or sample

of interest. Then, the complementary DNA’s are labeled using fluorescent labeling by
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Cy3 (excited by a ”green laser”) and Cy5 (excited by a ”red laser”). Hybridization is the

next step in which the DNA probes on the slide anneal to the complementary labeled

DNA targets. Hybridization lasts for 6 to 12 hours. After hybridization, the slides are

washed to remove excess hybridization solution from the arrays and to reduce the back-

ground. The final step of the laboratory process is to make an image of the hybridized

array. Each spot on the array, where the target has bound to the probe, contains dye that

fluoresces when excited by light of an appropriate wavelength. This can be done by

placing the slide in a scanner which contains one or more lasers that are focused onto

the arrays. The result is a digital image, in which each pixel represents the intensity of

fluorescence induced by focusing the laser at the point on the array. This image further

needs some processing before numerical mapping.

Image processing is the first step in microarray data pre-processing, which involves

pixel identification, segmentation and feature and background intensity calculation.

Normalization is the next step to resolve the systematic errors and bias introduced by

the microarray experimental platform to ensure that the data is high quality and suitable

for analysis. However, in this dissertation we pay attention to the problem of missing

values in DNA microarrays, and we present a new method for imputing microarray data

in the next chapter.

Protein-DNA binding data

In addition to gene expression data, another genome-wide technology is used to gather

information about chromosome-wide localization of DNA binding proteins. This infor-

mation accompanied by genome wide expression data facilitates functional annotation

of a genome, including identification of binding sites of regulatory proteins and re-

verse engineering of gene regulatory networks. The process of gathering this location

data can be carried out through array based platform, ChIP-chip, or sequenced based

platform, ChIP-Sequencing.
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ChIP-chip data

The regulation of gene expression is mediated through binding of specialized proteins

to DNA in vivo. Chromatin immunoprecipitation (ChIP) experimental protocol, de-

scribed in [4], is a biological tool to detect the binding location of proteins along

the DNA. In brief, first the protein of interest is cross-linked with DNA in vivo using

formaldehyde. Then, cells are lysed and DNA sheared using sonication, which results

in double stranded DNA fragments of size 300bp-1kb. The crosslinked DNA-protein

complexes can be pooled down from the solution using antibody specific to the protein

of interest. The DNA is purified following crosslinks reversal. Finally, the DNA is la-

beled and hybridized comparatively with control DNA, usually a sample from a mock

IP, on the arrays. The collected data may include fluorescent intensities from all inter-

genic probes as well as the coding regions. Because the detection of specific binding

location is of interest the content of probes and probe sizes require careful design in

order to obtain high resolution data

ChIP-Sequencing data

ChIP-Sequencing is a technique that combines chromatin immunoprecipitation (ChIP)

with massively-parallel sequencing technology to identify and quantify in vivo protein-

DNA interactions on a genome-wide scale. The wet lab procedure to obtain ChIP-

Sequencing data is similar to that of ChIP-chip, except the purified fragments of DNA

from pooled down protein-DNA complexes are sequenced instead of hybridized on

the arrays. Using this technology millions of short sequence reads are produced and

mapped to the whole genome. This output covers the entire genome and with high re-

dundancy of short reads it provides very high quality data. In addition, this technology

has another advantage to ChIP-chip: it does not require any probe design. In chapter 4,

analysis of such data will be covered in depth.
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1.3 Dissertation roadmap

As genomic technology and sequencing projects continue to advance, more empha-

sis needs to be put on data analysis, while addressing the issue of how best to extract

information from massive data sets. For example, the prediction of the function of a

gene or protein depends on many things, including gene structure, expression level,

and gene neighbors in a biochemical pathway that are often co-regulated or are found

in the same region along the chromosome. On the other hand, functional annotation

of new genes can no longer depends only on sequence analysis, but requires integra-

tion of additional sources of information including phylogeny, gene expression, protein

interaction, metabolic and regulatory networks. Therefore, new biological discoveries

will depend strongly on our ability to combine these diverse data sets. Clearly, the

performance and value of any integrative modeling rely on the richness of the input

sources.

Data pre-processing and feature extraction techniques are the first steps to provide

reliable and informative data. To this end, in chapter 2, we first discuss the problem

of missing values for micro array gene expression data and propose a method to esti-

mate these values. In chapter 3, we present a mathematical model for the extraction

of proper information from regulatory sequence data. We model binding sites with

higher order position weight matrices, which accounts for the position-specific depen-

dencies between nucleotides in the sites. We then move in Chapter 4 to discuss location

data, and present a methodological framework for analyzing the protein DNA binding

data, including ChIP-Sequencing data. In Chapter 5, the extracted information from se-

quence and binding data are combined with other pieces of biological information. We

propose two combining techniques to address the issue of gene function annotation and

clustering of functionally similar genes from multiple data sources. The first method

relies on the property of kernel matrices in combining heterogeneous data sources, and

the second method is based on integrated model-based clustering of gene expression
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and sequence data. In Chapter 6, we begin with an overview of existing methods,

namely gene-gene interaction techniques, to model gene regulatory networks. Then

we introduce a gene-regulon association framework to construct gene transcriptional

regulatory network from gene expression and location data. A model driven mathemat-

ical technique, which can factor in the activity profiles of the transcription factors, is

presented to identify gene-TF interactions. We also propose a data-driven approach by

adapting nonlinear kernel embedding approaches that can capture nonlinear correlation

and hidden geometric patterns in gene expression data. Finally Chapter 7 concludes

this dissertation with the overview of what has been done and suggestions for possible

future directions.



Chapter 2

Preprocessing of high-throughput

biological data

The raw data of the microarray experiments are the images of the hybridization in-

tensity generated by the scanner. Computational algorithms such as feature extraction

techniques are necessary to convert these images to numerical information that quan-

tifies gene expression. This process involves several steps like, identifying positions

of the features on the arrays, identifying the pixels which are part of the features and

identifying the neighboring pixels to account for background via segmentation tech-

niques. This image processing step results in several numbers of numerical values for

each feature including signal’s and background’s means and medians, and the standard

deviation for signal and background. During this process saturated features, features

with background intensity greater than signal intensity, and features with high standard

deviation are flagged to be excluded for any further analysis. The microarray experi-

ments are subject to systematic error and biases from experimental platform, labeling

and etc. Therefore, the numerical microarray data generated using image processing

software should be normalized before it can be analyzed to answer any scientific ques-

tion. Extensive research has been done during the past several years in this area and [5]

10
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provides a good review of normalization techniques for microarray data. In this chapter

we deal with another preprocessing step before analyzing the microarray data. This is

the problem of handling missing values on microarray data which is explained in the

following section.

2.1 Estimation of missing values in DNA microarray

data

In a course of a microarray experiment, some spots on the array may be missing due

to various factors (for example, flagged features). The most common and straight-

forward process is to remove these features from the data set, but this has sometimes

the disadvantage of removing valuable information and removing the important genes.

Because it is often very costly and time consuming to repeat the experiment, molecu-

lar biologists, statisticians, and computer scientists have made attempts to recover the

missing gene expressions by some ad-hoc or systematic methods. Among all methods,

the Bayesian principal component analysis (BPCA) [6], the fixed rank approximation

algorithm (FRAA) [7], the weighted K-nearest neighbors (KNNimpute) [8], the local

least squares imputation method (LLS) [9], and the projection onto convex sets meth-

ods (POCS) [10] have received more attention due to their performance. KNNimpute

and LLS are local methods, which use similarity structure of the data to impute the

missing values. KNNimpute uses the weighted averages of theK-nearest uncorrupted

neighbors. LLS has two versions to find similar genes whose expressions are not cor-

rupted: theL2-norm and the Pearson’s correlation coefficients. After a group of similar

genesC is identified, the missing values of the gene are obtained using least squares

applied to the groupC. In these two methods, the recovery of missing data is done in-

dependently, i.e. the estimation of each missing entry does not influence the estimation

of the other missing entries.
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BPCA is a global method consisting of three components. First, principal com-

ponent regression, which is basically a low rank approximation of the data set is per-

formed. Second, Bayesian estimation, which assumes that the residual error and the

projection of each gene on principal components behave as normal independent random

variables with unknown parameters, is carried out. Third, Bayesian estimation follows

by iterations based on the expectation-maximization (EM) of the unknown Bayesian

parameters.

FRAA is a global method which finds the optimal values of the missing entries of

the gene expression matrixG, such that the obtainedG minimizes the objective function

fl(X). Herefl(X) is the sum of the squares of all but the firstl singular values of an

n ×m matrix X. The minimum offl(X) is considered on the setX , which is the set

of all possible choices of matricesX = (xij)
n,m
i,j=1, such thatxij = gij if the entrygij

is known. The completion matrixG is computed iteratively, by a local minimization of

fl(X) onX .

BPCA and LLS outperform FRAA algorithm, however, FRAA performs better for

the low rank matrices. In the next section a new algorithm called IFRAA, a combination

of FRAA and a clustering algorithm, is proposed to overcome the limitation of the

FRAA for higher rank matrices.

2.1.1 Mathematical description of FRAA and IFRAA

Assume thatG is the gene expression matrix with missing entries. We can estimate the

effective rank ofG by computing the effective rank of the submatrixn̂×m, correspond-

ing to all genes with uncorrupted entries [7]. Letl be our estimate for the effective rank

of the completed gene expression matrix. Denote byX the set of alln × m matrices

whose entries coincide with the uncorrupted entries ofG. ThusX is the set of all pos-

sible completion of the corrupted gene matrixG. FRAA completes the missing values
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of G by finding the minimum to the following optimization problem:

min
X∈X

m∑
i=l+1

σi(X)2 =
m∑

i=l+1

σi(G
∗)2. (2.1)

WhereG∗ ∈ X andσi(X)2’s are the singular values of matrixX.

Ideally,G∗ is the completion of the gene matrix expression with missing values. In

practice, FRAA uses the following iterative procedure to solve the above problem [7].

Fixed Rank Approximation Algorithm: LetGp ∈ X be thepth approximation to

a solution of optimization problem (2.1). LetAp := GT
p Gp and find an orthonormal set

of eigenvectors forAp, vp,1, ...,vp,m. ThenGp+1 is a solution to the minimum of the

following convex nonnegative quadratic function:

min
X∈X

m∑
q=l+1

(Xvp,q)
T(Xvp,q).

The nature of the above problem is similar to inverse eigenvalue problems and in

fact the algorithm to solve the above problem for FRAA is based on one of the algo-

rithms for the inverse eigenvalue problems discussed in [11].

The flow chart of this algorithm can be given as:

Fixed Rank Approximation Algorithm (FRAA)

Input: integersm,n, L, iter, the locations of non-

missing entriesS, initial approximationG0 of n×m

matrix G. Output: an approximationGiter of G.

for p = 0 to iter − 1

- ComputeAp := GT
p Gp and find an orthonormal

set of eigenvectors forAp, vp,1, ...,vp,m.

- Gp+1 is a solution to the minimum problem (2.1)

with L = l.
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In practice IFRAA is implemented as follow. First FRAA is used to find a com-

pletion matrixG, then a cluster algorithm is applied to find a reasonable number of

clusters of similar genes. Presumably each cluster is a relatively smaller matrix having

an effective low rank. For each cluster of genes FRAA is separately applied to recover

the missing entries in this cluster. It turns out that this modification results in a very

efficient algorithm for reconstructing the missing values of the gene expression matrix.

2.1.2 Simulation results

For comparison of different imputation algorithms, six different types of data sets were

used, consisting of four microarray gene expression data and two randomly generated

synthetic data. Two data sets of microarray were obtained from studies for the identifi-

cation of cell-cycle regulated genes in yeast (Saccharomyces cerevisiae) [13]. The first

gene expression data set is a complete matrix of5986 genes and 14 experiments based

on the Elutriation data set in [13]. The second microarray data set is based on Cdc15

data set in [13], which contains 5611 genes and 24 experiments. Two other yeast data

sets were obtained from ”http://sgdlite.princeton.edu”. The Evolution data set has been

studied in [14] and Calcineurin data set has been studied in [15]. Two synthetic data

sets are randomly generated matrices of size2000× 20 and ranks2 and8 respectively.

To assess the performance of missing value estimation methods, we performed the

following simulations. On the first two microarray data sets and on the synthetic data

1%, 5%, 10%, 15% and20% of the entries were randomly deleted from the complete

matrix C. Then the various completions of data matrix were obtained by estimating

the missing values using BPCA, IFRAA and LLS. The K-value parameter (number of

similar genes) was set such that there was no increase in performance of the LLS by

increasing the value of k.

A normalized root mean square error (NRMSE) was used as a metric for compari-

son. IfC represents the complete matrix andĈ represents the completed matrix using
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Figure 2.1: Comparison of NRMSE against the percentage of missing entries for three
methods: IFRAA, BPCA and LLS. Elutriation data set in [13] with 14 samples.

an estimate to the corrupted entries inC, then the root mean square error (RMSE) is
‖D‖F√
N×M

, whereD = C − Ĉ. We normalized the root mean square error by dividing

RMSE by the average value of the entries inC.

In IFRAA the parameterL, which is the number of significant singular values plus

1, was chosen by comparison of ratio of two consequent singular values. We observed

that this parameter appeared to be equal to 2 or 3 depending on data set and may differ

for each small block of data (cluster). The initial guess for the missing entries in each

gene was chosen to be the row average of its corresponding row.

Figure 2.1 depicts the comparison of BPCA, IFRAA and LLS for Elutriation data

set in [13]. We break the whole gene expression matrix by clustering the data into

groups of genes, which form matrices with effective low ranks, and FRAA was applied
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Figure 2.2: Comparison of NRMSE against the percentage of missing entries for three
methods: IFRAA, BPCA and LLS. Cdc15 data set in [13] with 24 samples.

on each group. The graph is the average over 25 runs, and as can be seen for this

data set IFRAA performed the best, BPCA and LLS have very close performance with

significant gap with IFRAA.

Figure 2.2 depicts the comparison of BPCA, and LLS for Cdc15 data set in [13]

which contains 5611 genes and 24 experiments. In this case IFRAA again performed

the best and LLSimpute performed slightly better than BPCA.

The performance of the BCPA, IFRAA and LLS algorithms depends on the un-

known distribution of the positions of missing entries. To study this issue we applied

all methods on the original data sets containing missing values. Since NRMS error

could not be calculated for these actual missing values, we transferred the missing

value positions from the original data to corresponding positions in the complete data
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Table 2.1: Comparison of NRMSE for four missing value estimation methods: IFRAA,
LLS, BPCA and FRAA for actual missing values distribution for three gene expression
data sets with different percentage of missing values.

Data sets IFRAA LLS BPCA FRAA
Cdc15 data set %0.81 missing0.0175 0.0200 0.0216 0.0335

Evolution data set %9.160.0703 0.0969 0.1247 0.1107
Calcineurin data set %3.680.0421 0.0445 0.0453 0.0753

derived from the original data set before applying the algorithm. By doing this the

distribution of missing value positions in complete data set is almost unchanged from

the actual distribution. The result is illustrated in Table 2.1 for four data sets including

the original data set of Cdc15 which contains%0.7 missing values (%0.81 missing in

complete data), Evolution data set [14] which contains%8.457 missing values (%9.1

missing in complete data) and Calcineurin data set [15] which contains%3.2 missing

values (%3.68 missing in complete data). This result again confirms the superiority of

the IFRAA for the actual microarray data missing value estimation.

The random matrices of size2000 × 20 and of ranksk = 2, 8 appearing in Fig-

ures 2.3 and 2.4 were generated as follows. One generates2k random column vectors

x1, . . . ,xk ∈ R2000,y1, . . . ,yk ∈ R20, where the entries of these vectors are chosen

according to an uniform distribution. ThenC =
∑k

i=1 xiy
T
i .

Figure 2.3 represents the comparisons of BPCA, IFRAA and LLS for2000 × 20

random matrix of rank2. The performance of the three algorithms is excellent for1%

of missing data. The performance of LLS constantly deteriorates with the increase per-

centage of missing data. The performance of BPCA also deteriorates with the increase

percentage of missing data, but less than LLS. IFRAA performed outstandingly.

Figure 2.4 represents the comparisons of BPCA, IFRAA and LLS for2000×20 ran-

dom matrix of rank8. The performance of LLS is the same as in Figure 2.3. BPCA and

IFRAA performed extremely well. IFRAA slightly outperformed BPCA in particular

in the case with20% of missing data.
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Figure 2.3: Comparison of NRMSE against the percentage of missing entries for three
methods: IFRAA, BPCA and LLS. Data set was a2000×20 randomly generated matrix
of rank 2.
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methods: IFRAA, BPCA and LLS. Data set was a2000×20 randomly generated matrix
of rank 8.



Chapter 3

Analysis of regulatory sequence data

Control of transcription and replication depends on recognition of specialized DNA se-

quences by regulatory proteins. These specialized sequences, generally referred to as

”binding sites”, are relatively short segments of DNA embedded within larger regula-

tory regions. Though in many cases it is essentially impossible to discriminate between

the binding site and non-specific DNA by available analytical means [16], the success-

ful execution of regulatory programs in the cell depends on timely, specific and sensi-

tive interactions between regulators and their cognate targets. Therefore, the analysis of

regulatory networks depends on how the genetic information stored in DNA sequences

is retrieved and modeled. While the mechanism(s) of efficient binding site targeting in

vivo are only partially understood, it is essential to identify the regulatory elements via

computational means.

Over the years, considerable research effort has been applied to develop pattern

discovery and pattern matching algorithms to systematically identify binding sites for

a given transcriptional regulator or transcription factor (TF) across a genome.

In many situations, there is a collection of genes known to be regulated by a cer-

tain transcription factor and the problem of interest is how to discover the binding sites

19
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pattern from the regulatory sequences of these genes. There are two group of compu-

tational approaches for binding sites pattern discovery. The first group are those which

try to find overrepresented words in promoter regions of co-expressed genes [17, 18].

The second class includes algorithms which allow variability in sites to identify matrix

representation of the binding sites pattern. These approaches are based on greedy algo-

rithm [19, 20], iterative algorithms based on expectation maximization [21] and Gibbs’s

sampling method [22, 23, 24, 25]. These algorithms start with an arbitrary alignment

matrix and iteratively remove and add new sites to the matrix in order to increase its

information content. Both algorithms are proven to converge, however they may not

provide the global optima of the objective function.

In pattern matching algorithm the assumption is that there is given a collection of

known sites and the goal is to identify new binding sites, and therefore new targets

for a given transcription factor. A brief review of matching methods is provided in

the next section, and a new approach to the representation of binding sites that results

in a significant improvement in differentiation between true and false-positive sites is

proposed.

3.1 Pattern matching

Position weight matrix

When the genome sequence of an organism is available and there are some known bind-

ing sites for a given TF, one can computationally predict additional sites by scanning

the DNA sequences for short segments sharing common features with the known sites.

The simplest and most widely used method to do so relies on a position-specific scor-

ing matrix (PSSM), or a position weight matrix (PWM), surveyed in [26]. In PSSM,

DNA binding sites are modeled in such a way that nucleotides at each position of the

site contribute independently to the binding. The PSSM matrices are constructed from
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the alignment of known binding sites which have been identified experimentally. The

PSSMs are4× l matrices (l is the length of the sites) with rows indexed by nucleotide

i ∈ {A, T, C,G} and columns representing positionsj ∈ {1, ..., l}. The entries of the

matrix are the frequencies of the occurrences of each nucleotide at each position. How-

ever, there are some modifications for regularizing small sample sizes by incorporating

pseudocount parameters in building the matrices. The elements of position weight ma-

trix are log-odd values which are calculated aswi,j = log(
fi,j

pi
), wherefi,j ’s are entries

of PSSM matrix andpi is the probability of observing the symboli in a genome or a

background model.

The weight matrix can be used to score any segment of DNA sequence of the same

length as a known binding site in the alignment. The score for the particular sequence

Y = y1, ..., yl by PWM ,W , is given byS(Y |W ) =
∑l

j=1 wyj ,j, which is related to the

probability that the sequenceY is a binding site given the matrixW . Typically, a cutoff

value or a score threshold is applied to predict the DNA segment as a new site.

There are two main concerns with the above method. First, experimental evidence

[27] suggests that the assumption of independent contribution of each position to the

overall binding affinity is often not valid. Also, Stormo and his group [28, 29] analyzed

binding affinity measurements using microarray technology and showed interdepen-

dence among the positions in DNA targets. They demonstrated that the additivity as-

sumption in DNA-protein interactions does not fit the data perfectly, but in many cases

provides a good approximation. Second, due to the choice of the score threshold, this

method suffers from a high false positive rate and also misses some true sites. To partly

overcome the problem of specificity, prior biological knowledge has been incorporated

to filter out some false positive sites from a set of identified sites [24, 30]. However,

even with such improvements, the performance of these methods has remained limited.

On the other hand, the evolution of transcription factor DNA binding sites has been

studied in [31] and shown that several positions of binding sites regulating different
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genes contain non-consensus nucleotides which are conserved in distant genomes. This

result indicates the necessity of constructing a comprehensive model which includes as

much information as possible from both consensus and non consensus positions to rep-

resent the binding sites.

The dependency assumption between nucleotides has been investigated through bi-

ological experiments and a linear modeling of binding probabilities [27] and through

modification of the PWM [30, 32, 33, 34]. It has been shown that accounting for the de-

pendency structure of binding sites increases the specificity and prediction power of the

pattern-matching algorithms, and results in a more accurate prediction of protein-DNA

binding affinity. Barash et al. [32] have suggested that it should be possible to partition

all known sites into few groups and define a PWM for each group in a way similar

to the one described above, assuming that interaction effects of nucleotides in binding

are negligible for the sites within each group. The final score for a DNA segment then

would come from the mixture of these PWMs. A modification of this method has been

presented in [34], where the number of PWMs is equal to the number of known sites.

While relatively little has been done with predicting regulatory replication sites [35],

the same issues are expected to restrict the utility of PWM in extracting replication

signals from DNA sequences.

In the next section, an new algorithm is presented for constructing higher order po-

sition weight matrices which accounts for the position-specific dependencies between

nucleotides in the sites. Higher order matrices can be constructed for dinucleotides or

trinucleotides over the significant dependent position pairs or triads.

3.2 Higher order position dependent weight matrices

In this section the modeling of binding site sequences using PWMS of first, second

and third order from a set of known binding sites is considered. Hereafter, by second
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and third order we mean that PWM matrices are defined for dinucleotides and trin-

ucleotides. In forming these matrices we consider not only the dependency between

adjacent nucleotides but also the dependency of non-adjacent nucleotides. This as-

sumption distinguishes our modeling from Markov chains of different order[36] and

simple dinucleotide PWMs, which only take into account dependency of adjacent nu-

cleotides. An optimized version of the markov chain [37] uses the ordered markov

chain in which pairs of significant position are adjacent, however this algorithm suffers

from high complexity to find an optimum order for the chain.

Choosing Candidate pairs and triads to construct higher order PWMs

A second-order PWM is a16× L2 matrix,M2, whereL2 is the number of pairs of de-

pendent positions among the total number of
(

L
2

)
pairs. Similarly, a third-order PWM

is 64 × L3 matrix,M3, whereL3 is the number of triads of nucleotides of dependent

positions having significant dependency chosen from the total number of
(

L
3

)
triads.

Pearson’sχ2, Chi-square, test statistic is used to find which pairs or triads are signif-

icantly dependent. Therefore, the Null hypothesis for our test is that nucleotides at

positionsi andj or for triads nucleotides at positionsi, j andk are independent. Let

fi(x) be the observed count of nucleotidex at positioni for a given training set ofN

sequences andGi,j(x1, x2) be the joint observed count of occurrence of nucleotidex1

at positioni and nucleotidex2 at positionj. Then the expected count of nucleotides

x1 andx2 occurring jointly at positionsi andj is Ei,j(x1, x2) = fi(x1)fj(x2)/N . Let

X = {A, T, C,G} then, theχ2 value for positionsi andj is defined as

χ2(i, j) =
∑
x1∈X

∑
x2∈X

(Gi,j(x1, x2)− Ei,j(x1, x2))
2

Ei,j(x1, x2)
.

The χ2 value for triad(i, j, k) can be defined in a similar way using joint observed

count and expected count of trinucleotides occurring at triad(i, j, k).
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We compute the p-values forχ2 values to choose significant pair and triad candi-

dates to form PWMs. Low p-values corresponding to largeχ2 values indicate some

sort of dependency between nucleotide positions forming respective pairs and triads.

Usually the p-value of0.05 is used to select significant dependent-position pairs and

triads.

Having chosen the candidate pairs or triads, the entries of matricesM2 andM3

will be log-odd values of the observed frequency of dinucleotides or trinucleotides in

dependent positions calculated from training set and that of background model. Then,

depending on the information content of each matrix one can select the matrix with

higher information content to compute the score for a given sequenceY . One can also

build a combined model using weighted average of the normalized scores calculated

from each matrices,

S(Y |M) =
∑3

i=1 ωiŜ(Y |Mi)

whereM is a combined model,̂S(Y |Mi) is the normalized score of sequenceY from

position matrix of orderi, andωi ≥ 0 with
∑3

i=1 ωi = 1, are the coefficients weights,

which can be estimated from training data as follows. LetX be the set ofm known

binding sites for the transcription factorF andω = [ω1, ω2, ω3] be the vector of coeffi-

cients weights (we only included matrices up to order 3) such that,
∑3

i=1 ωi = 1. Then

one can chooseω∗ to be

ω∗ = arg max
ω

∑
y∈X

3∑
i=1

ωiŜ(y|My
i ).

HereMy
i is the position weight matrix of orderi constructed from all known binding

sites inX excludingy.

Our analysis has revealed that when one of the models performs substantially better

on the training set, that model can be used for prediction of new sites in the genome

and it would have prediction power comparable to that of the combined model. In



25

the following due to space limitation we only compare the performance of individual

matrices.

3.3 Results and discussion

Data set

To assess the performance of our algorithm and to check the richness of the higher or-

der models in capturing the dependency structure of binding sites we used the JASPAR

[38] data set of eukaryotic transcription factor binding sites matrices, E. coli transcrip-

tion factors’ binding sites, yeast replication sites and human splicing sites. The JASPAR

data set along with TRANSFAC data set;http://www.gene-regulation.com/pub/databases.html,

are the main sources of known eukaryotic transcription factor binding sites. We chose

JASPAR because it mostly contains experimentally documented sites. At the time of

this study there were 106 transcription factors with the number of cognate sites ranging

between 6 and 116, with an average of 30 sites per regulator. The width of the sites

for these TFs ranged between 5bp and 22bp (there was only one site with the width of

4bp). Since the information content for higher order models of the sequence elements

with very small number of known sites is low, we applied our model to 77 TF’s with

the number of known sites greater than 15.

3.3.1 Comparative analysis of performance of higher order PWMs

To compare the proposed algorithm with previously published works, we used human

splicing sites that have been used in [39] to learn the maximum entropy model. Since

we could not access the original training signals and decoys used in [39], we have

learned our model on 2400 randomly chosen human 5’ splicing sites. These sites are

short segments of DNA, 9bp long, that consist of the last three bases of the exon and
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six first bases of the succeeding intron. For the comparison, we used 20 sequences

available in [39] and their corresponding rank for different methods, and the odds ra-

tio defined as the frequency of occurrence of the sequence as a splice site divided by

its occurrence as a decoy. Since the global rankings of these sequences varied widely

from one model to another, we used only relative ranking of these sequences. Thus,

the measure of performance is how the relative ranking of the sequences obtained from

each model correlates with their odds ratio ranking, and the reasonable conclusion is

that the model for which the correlation is higher can be assumed to be a better and

more accurate model to represent the data. The sequences and their relative ranking for

different methods and the odds ratio ranking are listed in Table 3.1. The Spearman’s

and Kendall’s correlation coefficients between odds ratio ranking and relative ranking

derived from each model are listed in the last two rows of Table 3.1. The correlation

coefficients show significant correlation between relative ranking of the sequences de-

rived from the third order PWM and the odds ratio ranking. These results indicate that

higher order position weight matrices with their simple structure perform better than

some highly complex probabilistic models, which may over-fit the data. This is consis-

tent with previous observations that in some scenarios, due to the over-fitting problem,

PWMs outperform higher order Markov models [33].

3.3.2 The learning procedures for JASPAR data set

We compared the performance of the models for each TF in JASPAR data set separately

in two different ways using the following procedures. In the first procedure we used

the ”leave-one-out cross-validation method” to compare the performance of the first,

second and third-order PWMs. For each transcription factorF , we chose one binding

site out ofm known sites and learned the models with the remaining sites, then we

scored the ”left-out” site for each model. By repeating this procedurem times we

generated 3 vectors (one for each model) of lengthm containing the scores for allm
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Table 3.1: Comparison of different methods based on sequences of human splicing
sites. Entries for each method are the relative ranks of sequences. MDD is maximal
dependence decomposition [40]; me2x5 and me2so are the maximum entropy models
with different sets of constraints. me2x5 was the best maximum entropy model among
many models of different orders and constraints [39].

Sequences 3rd order me2x5 MDD me2s0 PWM odds ratio odds ratio

PWM rank
ACGGTACGT 1 5 19 11 19 331 1
AAGGTACGT 3 18 18 7 12 233 2
ACGGTAAGT 6 1 2 4 10 184 3
AACGTAAGT 8 19 10 19 11 96 4
ATGGTAAGT 5 9 6 18 9 95 5
TCGGTAAGT 7 2 3 9 18 77 6
CAGGTACGG 2 14 20 16 15 68 7
GAGGTAAGT 16 8 16 5 4 38 8
CCGGTAAGT 10 12 1 6 8 22 9
CAGGTGAGT 20 20 14 3 6 21 10
CCGGTGAGT 14 13 4 15 14 18 11
CAGGTAAGA 15 16 12 10 5 14 12
CAGGTAAGG 17 7 13 12 3 13 13
AAGGTAAGT 18 10 5 2 2 12 14
ACGGTGAGT 12 3 9 14 17 11 15
GACGTAAGT 9 11 17 20 16 10 16
TCGGTGAGT 13 6 15 17 20 9 17
CAGGTAAGT 19 15 11 1 1 8 18
GCGGTAAGT 4 4 7 8 13 3 19
CGGGTAAGT 11 17 8 13 7 2 20
Kendall’s corr. 0.3684 0.0211 -0.0737 -0.0211 -0.2

Spearman’s corr. 0.5128 0.0256 -0.0887 0.009 -0.194
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sites recognized by a transcription factorF . In learning the second and third order

models we chose the p-value of0.05 for χ2 statistic test of independency between pairs

and triads positions.

Since for higher order models we did not use all possible combinations of the po-

sitions, for each model we normalized the probability score of each site by the average

probability scores of random segments of the same width. These random segments

were taken from random sequences of length 1000kbp, which was generated by a 3rd

order Markov model of intergenic sequences. We tested the difference between the

scores of each model using one-tailed t-test, (e.g.S(x|M2) − S(x|M1)). The perfor-

mance of one model was considered significantly better than that of the other, if the

t-test indicated so at a significance level of 0.05. Based on this analysis, for 29 TFs the

performance of the second-order model was better than that of the first-order, for 42

TFs the performance of the third-order model was better than that of the first-order, and

for 55 TFs the performance of the third-order was better than that of the second-order

model. In the second procedure, we ranked the scores of the known sites among the

scores for random segments. This provided us with the measure of falsely discovered

sites, which had higher scores than the known sites. For each transcription factor’s

binding site we calculated the rank of its score for each model. Letr(Y |Mi) be the

rank of the siteY when the modeli is used. For each TF, we computed the representa-

tive rank by averaging the ranks of all known sites,R(Mi) = 1
NFj

∑NFj

k=1 r(Yk|Mi) for

transcription factorFj havingNFj
known sites. A model is considered to be better for a

TF if its corresponding average rank is smaller than that of other models. We assumed

the rank difference is significant if for one model the average rank is more than 3 fold

smaller than that of other models. In 32 cases out of 77 TFs the second-order model

outperformed the first-order one, the third-order model performed better than the first-

order in 45 cases, and the third-order model was better than the second-order for 60
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Figure 3.1: Comparison of matrices of different order for Jaspar data set: Cumulative
distribution function of information content of the PWM of the first, second and third-
order for selected TFs in the Jaspar data set.

TFs. When there were no second- or third-order matrices, we assumed that they per-

formed worse than first-order model in our comparison. This happened for some TFs,

since no position pairs or triads passed the significance test byχ2 statistic. We also

computed the information content of all three models (three matrices) for the selected

TFs. Figure 3.1 depicts the cumulative distribution function of normalized information

content for three models. It can be seen from the figure that the normalized information

content of the third-order model is higher than that of the second- and first-order model

for the majority of the TFs. This increase in average information content is due to de-

pendency between adjacent and non adjacent positions which fully can not be captured

using first order PWM and simple Markov models.
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3.3.3 Results for E.coli LRP, HNS, and IHF transcription factors

It has been reported that DNA binding sites of three E. coli transcription factors, LRP,

IHF and HNS, illustrate very low binding specificity when a position weight matrix of

the first-order is used to predict new sites or to estimate the average binding energy of

a collection of known sites [41]. We applied our model to construct the second and the

third-order matrices by selecting significant pairs and triads. The p-value of0.05 was

chosen forχ2 statistic test of independency between pairs and triads positions. Next,

these matrices were used to score DNA segments in the windows corresponding to the

width of the annotated binding sites in 500 bp upstream regions of all E. coli genes.

When scanning a genome, it is common to set a threshold value on the scores to deter-

mine new sites. The choice of this threshold value may have a significant effect on the

specificity and sensitivity properties of any algorithm. A low threshold value results in

many false positive sites and decreases the specificity. However, a high threshold value

reduces the prediction rate of the known sites and, in turn, decreases the sensitivity of

the algorithm. We fixed our threshold for each model to allow the same percentage of

the known sites to be predicted. This ensured similar sensitivity values for the three

models. Since the number of negative samples in this problem is too high, we could

not use the standard receiver-operator curves, which rely on a common definition of

specificity, to compare the performance of different models. Instead, the left and right

panels in Figure 3.2 depict sensitivity values versus the number of predicted sites for

the first- and third-order model, respectively. This analysis indicated that, at the same

sensitivity threshold, the first-order model predicted at least two orders of magnitude as

many sites as the third-order model, which in turn resulted in a very poor specificity of

the PWM for these transcription factors.

To show how the higher order model increases the specificity, we identified the top

most significant triad positions and the corresponding trinucleotides, which contributed

to the dependency test. For each dependent triad, we chose two groups of binding sites
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Figure 3.2: Specificity and sensitivity comparison of different order PWM’s for 3 E-coli
LRP, IHF and HNS transcription factors; Left: 1st order model, Right: 3rd order model.
For the same sensitivity for two models, the smaller number of predicted sites by the
3rd order model results in a considerable reduction in the number of false positive sites.

each containing a selected trinucleotide. Figure 3.3 shows the sequence logo of LRP

binding sites and the sequence logos of subgroups for the top 4 triads. It is clear that

several positions, which have low information content based on the first-order model,

have very high information content in those subgroups that can be captured with the

third-order matrices.

It is important to evaluate the power of any computational model on a real data set,

for example in predicting putative transcription factor binding sites. To this end we

chose the transcription factor LRP and further analyzed the results of the model. (We

only carried out the comparison between the third and the first-order models.)

For each gene, we selected a site in a corresponding strand with the maximal score

and ranked all selected sites for both models. The median rank of the collection of

the known sites was calculated for both models. For the known target genes which

have more than one binding site, we ranked only the site which had the maximal score.

Table 3.2 shows the ranks and median ranks of the sites for 17 known target genes.

From gene expression microarray data [42], the median rank of 17 Lrp targets is 126.

Thus, while the scores determined by the first-order model were clearly inconsistent
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Figure 3.3: Example of significant triads for LRP: Sequence Logos of Lrp binding sites,
(a) Logo from the whole set of known sites, (b) Logo of 2 groups of binding sites which
showed significant dependencies at positions 1,3,13 with two different trinucleotides,
(c) significant dependencies at positions 4,5,9 (d) significant dependencies at positions
4,9,13 (e) significant dependencies at positions 2,9,13.

with the observed transcriptional activity of the set, the scores from the third-order

model supported the transcription data. The probability that such similarity between the

median transcription and site scores occurred by chance is less than 1 in 100,000. To

calculate this probability we built the null distribution of medians of transcription and

site scores. The null distribution was constructed by: randomly choosing 17 genes from

genome and calculating the median rank of their transcription and their site scores, then

we calculated the probability that a particular set of genes having median transcription

rank of less than or around 126 also have the site score median rank of smaller than

126. Moreover, we found that for sensitivity of above 80%, the lists of genes were very
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significantly enriched for transcriptionally affected genes, when we examined the lists

of genes with corresponding sites scored by the third-order model at different sensitivity

cut-offs (Table 3.3).

Table 3.2: Rank order of the site scores for 17 known target genes of LRP.
Gene Name First order rank of the site Third-order rank of the site

fimA 3830 116
gtlB 224 259

gcvT 1264 695
serC 656 26

ompF 865 85
ompC 409 21
osmY 1393 57
osmC 532 1539

livJ 3687 1
oppA 4286 6

kbl 1318 7
ilvI 7 64

dadA 8 8
lrp 3257 43

stpA 3334 469
yeiL 353 152
lysU 2686 18
ilvG 3977 9

Median 1064 50

As pointed out by many investigators, one limitation of the PWM-based methodol-

ogy is the assumption that the nucleotide positions in the sites contribute independently

to the total activity of the sites. We were interested in seeing if our higher order model

was assigning scores which better capture differential affinity of a regulator to the sites.

To that end we used the genome-wide binding data for the LRP protein. The relative

signal intensities for each micoarray probe were obtained as a result of the comparative

two-color hybridization between the DNA sample bound by Lrp and specifically pre-

cipitated by Lrp antibodies and the DNA sample recovered from the cells lacking Lrp

protein (manuscript in preparation). The normalized log ratios of the signal intensities
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Table 3.3: Significance analysis of predicted sites using gene expression data.
Sensitivity Fraction of expressed genes (%)p-value

1 30 3.3E-18
0.96 25 2.1E-11
0.92 20 1.1E10
0.88 17 1E-7
0.84 15 3.6E-6
0.80 14 1.8E-5

from two channels were calculated and used as binding affinity scores of the sequences

located upstream of the known target genes. Assuming that LRP binds in the vicinity

of the known target genes in vivo, we wanted to determine whether there was any cor-

relation between the binding affinity score and the corresponding site score for these

genes. Figure 3.4 illustrates the relationship between the affinity scores and the site

scores from the first-order model (left panel) and for the third-order model (right panel)

for 17 known target genes. Interestingly, and consistent with our hypothesis, the scores

from the first-order model did not correlate with the affinity scores, whereas the scores

from the third-order model showed significant correlation with the affinities (r=0.41,

with a p-value of2.2× 10−3). Moreover, when we removed the two least transcription-

ally responsive genes from the list, dadA and ompC, the correlation between the site

scores from the 3rd-order model and affinity scores increased to 0.6, while it did not

improve correlation with the 1st order affinity scores (data not shown).

Prediction of replication origins in yeast

Replication initiation sites, referred to as origins of replication, are DNA segments that

must be recognized by specialized proteins prior to initiation of the DNA copying re-

action at these sites or their vicinity. Due to their large size, eukaryotic chromosomes

often have multiple origins of replication on each chromosome. Like many other cel-

lular processes, replication of DNA also has two structural components: replication
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Figure 3.4: Correlation of site scores and binding affinity: Relationship between bind-
ing scores from chip-chip data and site scores from the first-order(left) and third-order
model(right) for 17 known target genes. There is a positive correlation of0.41 with p-
value of2.2× 10−3 between the scores of third-order model and binding affinity scores
for Lrp sites while no significant correlation for the first-order model exists.

initiation sites, the segments of DNA sequences that direct the initiation of DNA syn-

thesis, and initiators, protein complexes that recognize specific DNA elements and start

replication. Replication origins in the yeastSaccharomyces cerevisiae, also called au-

tonomously replicating sequences, or ARS elements, have been systematically investi-

gated. Each of the elements has a short (17bp) DNA sequence called an ARS consensus

sequence or ACS that binds to replication initiation proteins [35]. Due to variation in

the primary structure of the sites, computational prediction and discovery of putative

replication initiation sites has been challenging. In [43], prediction of these sites using

position weight matrices constructed from known ACSs had very poor performance

resulting in many falsely identified origins. The authors incorporated some additional

information about flanking sequences (243bp) and by doing so were able to filter out

many false positive sites and improve on their predictions. To assess the performance

of our model, we used the known ACS and evaluation sets provided in [43]. We trained

our model using only known sites and scanned all of 16 yeast chromosomes for new

replication sites. Again, the p-value of0.05 was chosen forχ2 statistic test of indepen-

dency between pairs and triads positions. To streamline the analysis, we applied only
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the third-order model to DNA segments which passed a mean threshold score for the

first-order model. We were able to predict60% of the sites in the evaluation set without

the use of any additional or flanking sequences.This sensitivity value corresponds to a

positive predictive value (PPV) of 0.30. The PPV for the first-order model was close to

zero, when the threshold was set to achieve the same sensitivity as for the third-order

model. These results demonstrate the performance and utility of the higher order PWM

in extracting sequence patterns for regulatory DNA elements, including transcription

and replication sites.



Chapter 4

Analysis of protein-DNA binding data

Detecting associations between proteins and DNA signals is an important part of the

gene regulation studies and therefore is essential for understanding of many biological

process and their anomalies. Control of transcription and replication depends on the

recognition of specialized DNA sequences, binding sites, by regulatory proteins. Over

the past few years, in addition to computational motif discovery algorithms which were

discussed in previous chapter, high throughput technologies namely ChIP-on-chip and

ChIP-Sequencing have emerged to identify transcription factor binding sites and other

functional elements along the genome and they are discussed in this chapter.

4.1 Technological and computational aspects of chro-

matin immuno-precipitation data

ChIP-on-chip is an experimental technique which uses chromatin immunoprecipitation

and microarray technology to identify the binding of proteins to DNA in vivo [4, 44].

The first step in experimental procedure involves cross linking of protein to DNA in

vivo followed by lysing the cell and sonication of the genomic DNA. Then, the DNA

fragments bound to the protein are isolated through chromatin immunoprecipitation

37
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(IP) using an antibody specific to the protein of interest. The purified DNA fragments

are isolated by revers cross linking process and they are amplified using PCR1 and

labeled by fluorescent dye. The sample DNAs which are not enriched by IP process

are also amplified by PCR and labeled by different fluorescent dye. The enriched and

unenriched samples both are hybridized on microarray chips in order to measure the

abundance of the enriched sample across the whole genome. The arrays are scanned and

the numerical data are extracted from the images for analysis. Similar to the analysis of

the gene expression microarray, statistical techniques such as t-test and the analysis of

variance can be applied to identify enriched regions. However, these analysis provide

very low resolution for the specific positions of the binding sites on the genome. One

possible solution is to input the sequences of the enriched regions to motif discovery

algorithms to identify more precise positions of the binding sites [45].

The second solution is to use higher resolution microarray chips. Microarray chips

such as affymatrix tiling arrays exist today, which are specifically designed for ChIP-

chip experiments. The DNA microarray probes on these arrays are designed in order to

cover the whole genome. Using these chips one can obtain a signal which covers the

whole genome with high resolution and the positions of binding sites can be identified

by detecting the peaks in the signal. Peak detection algorithms have been developed via

mathematical modeling of the ChIP-chip data from tiling array to detect the locations

of the binding sites with higher resolution [46, 47]. However, with the availability of

the ChIP-Sequencing which provides data with higher resolution and redundancy, most

of the research efforts are directed toward the analysis of this data.

1 Polymerase Chain reaction (PCR) is the process of amplifying a DNA fragment via in vitro enzy-
matic replication using a DNA polymerase.
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4.2 Entropy-based peak localization in ChIP-sequence

data

ChIP-Sequencing technology combines chromatin immunoprecipitation with next gen-

eration sequencing technology [48] for the same purposes as ChIP-on-chip. Using this

technology millions of short sequence reads are produced and mapped to the whole

genome. The shortness (25-36bp) of sequence reads provides very high resolution in

identifying the precise locations of enriched DNA fragments, which can be interpreted

as binding sites. Thus, ChIP-Sequencing is a promising and alternative technique to

ChIP-on-chip that allows identification of transcription factor binding sites, especially

in organisms with high genome complexity. Since the technology is relatively young,

there are only a few studies on ChIP-sequencing data[48, 49]. Algorithms presented in

these studies identify peaks in the signal using a global threshold and depending on the

choice of threshold they may have high false positive or high false negative rates. In

[49] an additional ChIP-Seq data set (pool of non-immunoprecipitated DNA) has been

used to adjust the threshold for a fixed false discovery rate (FDR). However, it is not

apparent why the mock IP, an immunoprecipitation reaction without antibodies, would

generate the relevant background distribution of sequence reads. Therefore, with the

growing demand for ChIP-Sequencing it is necessary to provide a more statistically

sound framework for the analysis of ChIP-Seq data.

In the next section, we present a data analysis approach that takes into account the

biological fact that transcription factors bind with higher affinity to the promoter re-

gions than to the coding regions. Based on such assumption, the data from the coding

regions can be treated as background, or null distribution in the absence of the mock

IP. In this framework, the regions with high affinity binding to the transcription factor

will be locally identified using the regional relative entropy measure. This quantity is
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related to the difference in the free energies of regulatory protein binding to the pro-

moter region and the coding region. Therefore, it is a natural measure of the promoter

binding affinity. Then, for each region, the locations of the binding sites are identified

by detecting locally distinct peaks. In section this approach is evaluated on a newly

generated ChIP-Seq data set for the E.coli transcription factor Lrp.

Method

Chip-Sequencing data contains millions of short (25-36bp) individual sequence reads

generated from a pool of immuno-precipitated DNA. These reads come from both

strands of DNA and therefore, need to be mapped to both strands of the genome which

can increase redundancy in the data. The greater the number of reads that are mapped

to any particular region of the genome the higher specificity of that region in binding

to the transcription factor. We take into account both forward and reverse sequence

reads and derive the numerical data, which represent the number of times each base

pair position of the genome ”participated” in binding. Let random variableB repre-

sent a binding position taking value over the whole genome. Then the probability that

the protein binds toith position in the genome can be estimated from ChIP-Seq data:

P (B = i) = n(i)
T

, whereT is the normalization constant andn(i) is the number of

reads overlapping with positioni.

To identify the enriched region we consider the fact that transcription factors tend

to bind to the promoter regions of the genes. Because most regulatory proteins bind

their cognate targets with different affinities, global peak finding algorithms may miss

some, if not many, targets. We assume that the distribution of the binding in the coding

region of the genes represents the background model with a very low probability of

binding at those positions. To be able to compare these binding density profiles we

defined them with respect to their relative distances to the start of the gene. LetP (i) be

the probability of binding at positioni relative to the start of the gene on the promoter



41

side andQ(i) represent the probability of binding at positioni relative to the start of the

gene on the coding side. Then for each gene, similar to the notion of relative entropy,

we define the regional relative entropy (RRE) as follow to identify genes for which

the binding distributions to their upstream and downstream regions are significantly

different.

RRE =
M∑
i=1

P (i) log(
P (i)

Q(i)
)

whereM is the range of the region considered in calculation of the relative entropy.

Normally400 < M < 700 is chosen to cover the promoter regions.

To identify target genes, the null background distribution of the relative entropy is

generated by considering only the coding regions and a threshold level is chosen by

controlling a false discovery rate. Genes whose promoter regions have significantly

high relative entropy are identified as likely targets of the transcription factor and the

selected promoter region is further investigated for peak(s) to identify binding sites.

Having identified binding regions, the binding profile of the selected region is

smoothed using kernel average smoother as follows .

P̂ (i) =

∑i+λ
j=i−λ Kh(i, j)P (j)∑i+λ

j=i−λ Kh(i, j)

whereh = 2λ is kernel radius andKh(i, j) = g(‖i−j‖
h

) whereg is a kernel function

(here the Gaussian function). Within each region the coordinates of well-separated

(50bp) local maxima of̂P with a peak level above the threshold (regional threshold

obtained for a significant p-value from Poisson distribution) are identified as centers of

binding sites.
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Figure 4.1: Genome scale binding density profile of transcription factor lrp.

4.3 Identifying targets of LRP from ChIP-Sequencing

data

We generated Chip-Seq data for the E. coli Lrp transcription factor from sequencing

a DNA pool enriched for DNA fragments bound to Lrp in vivo. The sequencing was

done using Solexa platform, which generated around 3 millions short sequence reads

of 25bp. Almost 1.2 million reads were mapped to the genome. Figure?? depicts

the overall profile of data points across the whole genome scale. The objective was to

identify regions of the genome which were specific to the transcription factor Lrp. To

identify the location of specific binding across the genome one may use a global peak

finding algorithm to call significant peaks. However, due to the variable nature of the

affinity of transcription factors to their cognate target genes, a global threshold may

result in many false positive peaks or may miss some of the specific binding regions

with low affinity.
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With the prior information that transcription factors have higher affinity to the pro-

moter regions than to the coding regions, the presented algorithm attempts to identify

binding regions rather than the peaks. For each gene we considered the 600 bp up-

stream and downstream sequences to calculate its regional relative entropy. For our

background model we only used the coding region sequences to generate the null distri-

bution of the relative entropy. This null distribution is used to adjust the cut-off thresh-

old to identify promoter regions with significant binding energy. We set the threshold

on relative entropy for the false discovery rate (FDR) of20%. The FDR was calculated

as the ratio of the number of cases above the threshold in the background model to the

number of identified promoter regions using the same threshold. At this FDR level 195

promoters were identified as enriched regions. This list included more than90% of all

known Lrp targets. Figure 4.2 depicts the binding profiles of 4 known targets with the

locations of the known binding sites indicated on the horizontal axes. Although, the

location of a few known sites matched with the peak locations in binding profile, there

were several mismatches as well. These mismatches can be explained by the fact that

the locations of the known binding sites have been identified through binding of puri-

fied protein to DNA in vitro. On the other hand, ChIP-Seq data represent the binding of

the protein to DNA in vivo and therefore, the locations of the peaks likely correspond to

the actual binding sites. Similar results were obtained for the rest of the known targets.

This information can be used to reexamine the structure of previously identified sites

and the nature of a signal that is being recognized by Lrp.

4.4 Characterization of essential DNA regulatory fea-

tures using protein-DNA interaction data

To characterize DNA regulatory elements of the genes regulated by transcription factor

Lrp, the 50 bp sequences surrounding the highest peaks in the identified regions from
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Figure 4.2: Binding density profile of 4 known lrp targets, ilvI,lysU, stpA and lrp

ChIP-Sequencing data were used to extract sequence features which can explain the

binding affinity of the Lrp protein to those regions. We searched for significantly over-

represented 3,4 and 5-mers among the set of 195 selected sequences. Sequence words

that occurred at least two times more frequently than would be expected by chance

alone were selected as significantly over represented words. The total of 45 features

were selected. We defined the score for each feature as the logarithm of its odds ratio:

S(w) = log Pw

P b
w

, wherePw is the probability of occurrence of wordw in our sequence

list andP b
w is the chance probability of occurrence of the wordw in intergenic region

of the E.coli genome. We assumed the background base pair probability of0.3 for Nu-

cleotide ’A’ and ’T’ and0.2 for Nucleotide ’C’ and ’G’, which is a very good estimation

for E. coli intergenic regions.
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Further, the sequence score was calculated using the word score:S(s) =
∑

w∈Ω ns(w)

S(w). WhereΩ is the set of all significant words andns(w) is equal to the number of

times wordw appears in sequences. To assess the relevance of these selected se-

quence features in explaining binding affinity we compared the calculated sequence

scores with their corresponding peak values. These scores show significant positive

correlation (pvalue< 0.05) with the peak values. Figure 3 shows the correlation be-

tween these two quantities with respect to the number of selected top targets. To clarify

that high correlation for low number of genes is not simply due to the effect of low

sample size, we showed the correlation values for the same sample sizes when we only

permuted the sequence scores. The correlation coefficients between the peak values and

permuted scores were averaged over 1000 permutations and they are shown with error

bars in Figure 4.3. Clearly, even when the list contains all of the selected genes the cor-

relation between sequence scores and peak values remains positive above the random

correlation. We also used the same sequences as input to a motif discovery algorithm

[19] which generated a motif of length 13 bp (Figure 4.4). The motif score did not

show strong correlation with peak values, but the correlation was positive around 0.25

for all sets containing different numbers of top genes. Although the positions of the

binding sites using motif discovery algorithm may reflect the specificity of the protein

to the regions surrounding the sites, the binding affinity can not only be explained by

this short sequences representing binding sites (at least for Lrp transcription factor) and

the sequence features extracted from longer DNA segments surrounding the sites are

more informative.
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Chapter 5

Clustering algorithms for multiple

sources of data

Unsupervised learning methods, and clustering algorithms in particular, have become

an integral part of the analysis of DNA microarray data. Common clustering algo-

rithms have been extensively used not only for visualization of high-dimensional gene

expression data, but also for grouping functionally related genes, which share similar

expression profiles [50]. While a great deal of research has been conducted in adapting

the clustering techniques for gene expression microarray data [51], a limited number

of studies have been done on clustering genes from multiple sources of biological data

[52, 53, 54].

Different types of biological data reveal different features of the relationships be-

tween the genes in a genome. It is quite plausible that combining high-dimensional

data from multiple sources would improve capturing the critical biological information

for the purpose of gene function prediction. The idea of combining information from

multiple sources for gene function prediction is not new. However, the process of com-

bining can be done in different stages of the analysis and by different methods, which

may greatly affect the outcome. Moreover, given a set of computational methods and

47
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biological tasks, the optimal procedure remains to be developed. In this chapter, we

discuss the problem of establishing relevant relationships among genes using multiple

sources of information. In the following, after a brief review of clustering algorithms,

we explain two frameworks for statistical combining of data from microarray gene ex-

pression and sequence motif data or location data. In section 5.2 the application of

Kernel functions is considered for combining heterogeneous data sources and a cluster-

ing algorithm based on simulated annealing is presented to cluster genes using Kernel

matrices. In section 5.3 an integrated model-based clustering algorithm is presented

which combines the mixtures of Gaussian for gene expression data and the probabilis-

tic sequence model for motif or location data.

5.1 Overview of clustering methods

Clustering is the process of assigningN objects,x1, x2, ,̇xN , in d dimensional space to

one ofK groups. For example, clustering algorithms are used to identify groups of sam-

ples with similar expression levels or groups of genes having similar expression profiles

across several conditions. A fundamental component of any clustering algorithm is the

measure of similarity, or dissimilarity, of the objects that are being clustered. Euclidean

distance and pairwise correlation are common measures of dissimilarity and similarity

for numerical data respectively. However, depending on an application domain, differ-

ent metrics may be defined which can be much more powerful in capturing the structure

of the data than the Euclidean distance or linear correlation is able to do.

Hierarchical clustering and partitioning methods are the most popular techniques

used for grouping of genes and samples from gene expression data. In hierarchical

clustering [55], the nested sequences of clusters are produced using a bottom-up (ag-

glomerative) or an up-down (divisive) method. In the bottom-up method, each object
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form a cluster of size one, and at each step two closest clusters are joined until all ob-

jects are put in one cluster. The common measures of closeness between two clusters

aresingle linkage, which uses the minimum distance between points in two clusters,

complete linkage, which uses the maximum distance between points in two clusters

and average linkage, which uses the average of all distances between points in two

clusters. A disadvantage of the bottom-up method is that if an incorrect join is made in

the early stages, the error propagates up to the top of the tree and the top level clusters

may very poorly reflect the structure of the data. Therefore, when interest is to have a

few large clusters, the top-down method, which successively partitions the data is likely

to produce more informative clusters. On the other hand, when the small size clusters

are required the bottom-up approach is preferred because the top-down method is likely

to generate poor clusters after many splits.

Unlike hierarchical clustering, partitioning methods tend to separate objects into a

preset number of groups. Algorithms such as K-means [56] and self-organizing maps

(SOMs) [57] seek to partition the object intoK groups by minimizing some measure

of within-group dissimilarity. This optimization problem is combinatorial and in most

cases the optimum partition cannot be found. The K-means clustering algorithm starts

with K random partitions and iteratively calculates the centers of the clusters and maps

the observation to the nearest center and then update the centers. SOMs are similar to

K-means, but with additional constraint that forces the clusters which are close to one

another to lie in adjacent cells in a low dimensional space such as a grid.

In addition to the above algorithms, spectral clustering [58], fuzzy C-means cluster-

ing [59], which allow for the creation of the overlapping clusters and clustering based

on Gaussian mixture models [60], which will be discussed in more details in section

5.3 of this chapter, are among other methods adapted for clustering of microarray data.
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5.2 Clustering using kernel methods

Kernel-based statistical learning methods provide a computational framework for inte-

grating heterogeneous data sources, and have already proven to be very effective tools

in bioinformatics [52]. These methods represent data by means of a kernel function,

which is an appropriate non linear mapping of the original input space to a higher

dimensional feature space. This function defines similarities between pairs of genes,

which can be quite complex relations in the original space, as simple inner products in

a feature space.

Given data itemsx1 andx2 the kernel function can be defined as

K(x1,x2) =< φ(x1), φ(x2) >, (5.1)

whereφ is a non-linear function for embedding the data items, and< . , . > denotes the

inner product operation. As can be seen, what is needed to define the kernel function is

the inner product, and explicit representation of the mapping function,φ, is not needed

(see Table 5.1 for examples of popular kernel functions). Evaluating the kernel on all

pairs of points will give us a symmetric, positive semidefinite matrixK known as a

kernel matrix, which can be seen as a matrix of similarity measures for the genes. We

define a kernel matrix independently for each set of data which represents a specific

type of information. Then these kernel matrices are combined in order to improve the

cluster specificity and overall prediction of genes function. An important feature of

the kernel formalism is that basic algebraic operations such as addition, multiplication

and exponentiation preserve the key property of positive semi-definiteness and allow

simple combining of the kernel matrices. We consider weighted combination of kernels

to allow different contributions of each data source for clustering and gene function

prediction.
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Table 5.1: Common kernel functions

Polynomial Kernel k(a,b) = (a.b + c)d

Gaussian Kernel k(a,b) = exp(−‖a− b‖2/2σ2)
Sigmoid Kernel k(a,b) = tanh(c(a.b) + θ)

Here, given a set of kernels,K1, K2, ..., KP , we will form the linear combination

K =
P∑

p=1

wpKp, (5.2)

wherewp’s are weight coefficients for combining these kernels. These coefficients are

computed using available training data sets. Then, the final kernel,K, is used as an

overall similarity measure for the genes to partition the gene set to the groups of similar

and functionally related genes.

Clustering algorithm

For the simplest case when all the kernels represent similarity properties, we devise the

following algorithm to cluster the genes. LetS1, ..., SP be similarity matrices based

on the individual sources of data. Let the number of clusters,N , be fixed. Sup-

pose we want to partition the set of genes,G, into theN disjoint subsets, such as

c1

⋃
c2

⋃
...

⋃
cN = G. We define the gain function as

f(C) =
N∑

n=1

Ln∑
l=1

P∑
p=1

wp.Sp(gnl), (5.3)

whereC denotes a particular partition scheme,Ln is the number of genes in the cluster

n, Sp(gnl) is the normalized sum of similarity of thelth gene in thenth cluster with other

genes in the same cluster computed from the data source,Gp, andwp is a proper weight

for the p-th similarity matrix. Then the optimal partition can be found by maximizing

the gain function over all possible partition schemes,C, i.e.,
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C∗ = arg max
C∈C

f(C), (5.4)

S.t.

P∑
p=1

wp = 1.

The weight factors depend on the importance of each data source and can be found

by training on a subset of genes with known functions. A simple method for finding

these weights is based on the correlation of each individual similarity matrix for a group

of gene pairs with similar functions. Any source which gives the higher number of

similar pairs among the set will be assigned a higher weight.

We propose two algorithms to find the optimal partition schemeC∗. The first al-

gorithm is as follows. Starting from any gene (the cluster seed), preferably a gene that

belongs to a known functional category, the second candidate gene for this cluster will

be the gene which has the maximum combined similarity with the cluster seed. The

third candidate gene is the gene which has the maximum combined similarity with the

seed and the second gene in the cluster. This procedure is continued while the normal-

ized similarity of the cluster remains above a certain predefined threshold. The process

is repeated by removing these genes from the data sets and starting a new cluster from

a new random gene or a gene from a known functional category. The algorithm stops

when the number of clusters reachesK. The remaining genes can be grouped in a

separate cluster or they can be assigned to one of the obtained clusters by relaxing the

threshold criterion.

For the second algorithm, the simulated annealing method [61] is employed to find

the optimal partition scheme, which maximizes the gain function. At each temperature

of cooling procedure,T , the state is perturbed many times and the algorithm moves

to the next temperature on the basis of updating the gain function value. We have

modified the procedure, as follows, to fit it to our problem and to speed up the algorithm.

Let C0 be any initial random or semi-random partition andf(C0) be the related gain
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function. We choose one gene at random from the first cluster and place it into other

clusters and compute the normalized combined similarity (NCS) of each cluster. We

keep the selected gene in a cluster, which gives the maximum NCS and remove it from

other clusters. This process is repeated by choosing the gene from another cluster and

assigning it to the new cluster or keeping it to its own cluster. After doing this procedure

K times, we will have a new partitionC1 according to acceptance probability of 1,

if f(C1) ≥ f(C0) and exp(−(f(C0)−f(C1))
T

) if f(C1) < f(C0). Then the algorithm

decreases the temperature parameterT and proceeds to the next step. The procedure

continues until the system reaches the steady state, i.e., there is no further change in the

partition. The initial partition can be chosen in such a way that each cluster contains

some genes which are known to have the same functional assignment.

Results

To assess the performance of our simple combining algorithm, we have applied the al-

gorithm to the data available for a model prokaryotic microorganism,Escherichia. We

used regulatory sequence information and gene expression data for over 50 physiologi-

cal conditions generated in our laboratory. Considering the regulatory sequences as an

independent source of information necessitates the use of an independent and universal

measure of similarity between all pairs of genes. All the published approaches that have

combined the analysis of regulatory sequences with expression data, have used the gene

expression data as a prior source of information to extract the features of the sequences,

thereby violating the assumption of the independent contribution of each source. Since

pairwise similarities between relatively short strings in DNA cannot be adequately cap-

tured by means of a local or global alignment, other approaches are needed to describe

similarities between regulatory sequences.

It is well known that similarly regulated genes may share binding sites for com-

mon TF’s, which in turn control the expression levels of these genes under certain
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conditions. We constructed a motif-count matrix using consensus motifs for 50 known

transcriptional regulators. The consensus matrices for these transcription factors were

obtained from RegulonDB web site [62], and we scanned all regulatory sequences for

these consensus matrices to find the occurrences of the motifs in our gene sets. In the

motif-count matrix, each entry corresponds to a number of occurrences of each mo-

tif in upstream region of each gene with its score higher than a threshold value. Due

to incompleteness of this data set, the obtained dissimilarity matrix is not complete;

nonetheless, it contains information about the similarities among a substantial fraction

of genes in the genome.

To evaluate the biological relevance of the calculated clusters, we related each gene

to a biological process and/or function and determined the enrichment of the functional

annotation labels in a cluster. To do so, we used the gene annotation data set in which

1700 genes are assigned to one or more of 131 biological classes. We used hyper-

geometric distribution to compute a P-value for each pair of cluster-annotation class.

Tables 5.2 and 5.3 show the results for only a few highly significant clusters obtained

by using gene expression data only and for the combined method. Although the com-

bined method improved functional significance of some clusters, and even identified

new clusters, compared to the clusters obtained using expression data alone, this was

not the case for all generated clusters. In this case, combining various data sources

offered only a limited classification improvement, because of the incompleteness and

noisiness of individual sources of information. However, with the availability of ChIP-

Seq data access to a complete gene-TF interaction data for all transcription factors is

not out of reach in the near future, and the application of combining techniques will be

more justified and possibly will result in a more accurate classification and functional

clustering of genes.
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Table 5.2: Gene annotation enrichment for Clusters based on combined gene expression
data and regulatory sequence data

# of genes # of genes P-value Biological class
in cluster in class

120 83 9.53415E − 20 ArcA Targets
126 43 1.52249E − 11 DNA Replication
79 206 1.98304E − 10 CRP
91 52 2.30326E − 55 Chemotaxis
113 114 3.38413E − 12 FNR Targets
56 56 9.72066E − 15 RpoS targets
125 63 4.49837E − 24 Transposon related
91 23 2.20766E − 10 Flhd

Table 5.3: Gene annotation enrichment for clusters based on gene expression data only
# of genes # of genes P-value Biological class
in cluster in class

120 83 1.27681E − 17 ArcA Targets
147 43 5.29658E − 06 DNA Replication
63 206 3.39538E − 24 CRP
71 52 1.85328E − 73 Chemotaxis
160 114 3.04891E − 12 FNR Targets
67 56 4.86136E − 12 RpoS targets
62 63 1.52646E − 26 Transposon related
71 23 1.76131E − 06 Flhd

5.3 An integrated model-based clustering method

Statistical methods based on probabilistic modeling constitute another class of tech-

nique for combining heterogenous data. Joint likelihood modeling of gene expression

and promoter sequence data has been applied for gene clustering and to find transcrip-

tion factor binding site motifs [63]. The idea was to find a cluster of genes which have

similar expression profiles and similar promoter sequences. The underlying assump-

tion for this approach is that a group of co-expressed genes share a common binding

site motif for a transcription factor. Without loss of generality, we consider only gene

expression and sequence data for later discussion. Therefore, each cluster can be mod-

eled as a mixture of a model for gene expression data and a model for sequence data,
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then genes membership is determined by maximizing the joint likelihood of the models.

Although, joint modeling of expression data and sequence data has shown significant

improvement over clustering based on a single data source [63], there are a few is-

sues which have not been addressed in joint modeling which may further improve the

method if taken into account. For example, to our knowledge, the models for sequence

data have not considered the cooperativity of the transcription factors, meaning that

there is only one model for explaining sequence data of genes in a cluster. This is in

contrast with the fact that many genes are regulated by more than one transcription

factor and in addition genes with similar functionality may be the targets of different

transcription factors, thus they may have different binding sites for these transcription

factors.

Second, the process of learning of a model for a sequence motif uses the traditional

idea of position weight matrix (PWM), which assumes independent contribution by

each nucleotide at each position of the site to the overall binding affinity of the site.

We propose a probabilistic clustering approach by fitting mixture of models to each

cluster in which we address the above problems when modeling sequence data. We

use the expectation maximization (EM) algorithm with prior knowledge of known tran-

scription factor binding sites to learn the models, estimate model parameters, and to find

gene membership, which is treated as the missing data for the EM problem in hand.

Gene expression model

Given the gene expression data matrix,EM×N , whereM andN represent number of

genes and experiments respectively, we look for a modelMe for each cluster, which

can explain the expression data of the genes in the cluster. A simple and reasonable

model is represented by a multivariate Gaussian density [63];

Pr(
−→eg |Me,

−→µ ,C) = (2π|C|)N/2exp[
−1

2
(−→eg −−→µ )TC−1(−→eg −−→µ )] (5.5)

where−→eg is a vector of gene expression measurements for geneg,−→µ andC are the
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mean and covariance matrix of the cluster of expression profiles generated by the model

Me. Further we assume that the covariance matrix,C, is fixed and treated as a global

parameter, but−→µ is an adjustable parameter which has a prior multivariate Gaussian

distribution with mean,−→ν and covariance matrixΛ;

Pr(
−→µ |−→ν , Λ) = (2π|Λ|)N/2exp[

−1

2
(−→µ −−→ν )T Λ−1(−→µ −−→ν )] (5.6)

Regulatory sequences model

The major step in the process of transcription is the recognition of a unique family of

short segments of DNA by sequence specific DNA binding proteins, called transcription

factors (TF’s). The rate at which a given gene is transcribed is determined in part by

the amount and the activity of various transcription factors bound to the binding sites

found adjacent to the genes. Thus, the regulatory region (usually non-coding DNA

sequences) of the gene determines how the genes will be expressed. Therefore, our

goal is to analyze the regulatory sequence of a group of genes which share similar

functionality. We would like to construct a model, which, to some extent, is able to

explain gene regulatory sequences. However, this does not actually model the whole

regulatory region directly. Instead, we wish to model subsequences of lengthW , which

in turn are transcription binding sites among subgroups of genes.

There are two ways to do sequence modeling. The first method is to use microarray

gene expression data and try to find some features in upstream sequences of the same

genes in such a way that these features can explain the gene expressions. These features

are usually short segments of DNA in upstream region of the genes which may have

multiple occurrences or co-occurrences in the promoter region of the genes.

The second method is to check each cluster for the enrichment of a TF’s target

genes using the list of known TF target genes and then construct the models for chosen

transcription factors using the knowledge of binding sites. We will adopt the second

method since it is independent of gene expression data, which is our interest.
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Let T F = {TF1, ..., TFQ} be the set of TFs for which the gene cluster is enriched.

Then the task is to learnQ motif models and update it in each iteration of the EM algo-

rithm for mixture modeling. The process of learning the motif model is an independent

subject, which was fully explained in Chapter 3.

LetMs be the final sequence model for the cluster. Then we define

P (S|Ms) =
1

Q

Q∑
q=1

P (Yq|Mq)I(Yq, TFq). (5.7)

WhereI(Yq, TFq) ia an indicator function, which is one ifYq is a putative binding

site for transcription factorTFq and zero otherwise.Yq is defined as

Yq = argmax{Y∈S:|Y|=W}P(Y|Mq), (5.8)

where|Y | is the length of segmentY .

Clustering using joint models

We now return to the problem of how to assign genes to clusters using joint gene ex-

pression and sequence model. Regarding sequence data and expression data as two

independent sources of data the joint likelihood of sequence and expression model is

defined as [63]

Pr(E,S|Me,Ms, θ) = Pr(E|Me, Λ)Pr(S|Ms, Φ), (5.9)

whereθ represents joint model parameters andΛ, Φ represent expression and se-

quence model parameters. LetΛj, Φj be the model parameters of clusterj, for j =

1, 2, ..., K, whereK is the number of clusters. We introduce an indicator matrixD

wheredij = 1 if genei has clusterj membership anddij = 0, otherwise. Then, we

use the EM algorithm to estimate the model parameters and missing data matrixD.

The EM algorithm iteratively maximizes the expected log likelihood of the joint model

parameters over the conditional distribution of missing dataD. The log likelihood of
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model parameters given joint distribution of dataX = {E,S} and missing dataD is

defined as

log Pr(X, D|θ) = log
M∏
i=1

P (Xi, Di|θ) = log
M∏
i=1

P (Xi|Di, θ)P (Di|θ)

= log
M∏
i=1

K∏
j=1

P (Xi|θj)
dijP (dij = 1|θ)dij

=
M∑
i=1

K∑
j=1

dij(log P (Xi|θj) + log P (dij = 1|θ)). (5.10)

Taking the expectation of above likelihood overD in each iteration of the EM algo-

rithm, we have

ED|X,θ log Pr(X, D|θ) =
M∑
i=1

K∑
j=1

E(dij|X, θ(0))(log P (Xi|θj) + log P (dij = 1|θ))

(5.11)

Denoted(0)
ij = E(dij|X, θ(0)), then we have

d
(0)
ij = 1.P (dij = 1|Xi, θ

(0)) =
P (Xi|dij = 1, θ(0))P (dij = 1|θ(0))

P (Xi|θ(0))

=
P (Xi|θ(0)

j )λ
(0)
j∑K

k=1 P (Xi|θ(0)
k )λ

(0)
k

(5.12)

whereλk = P (dik = 1|θ(0)). Substitutingd(0)
ij back into (5.11) we have

ED|X,θ log Pr(X, D|θ) =
M∑
i=1

K∑
j=1

d
(0)
ij (log P (Xi|θj) + log P (dij = 1|θ))

=
M∑
i=1

K∑
j=1

d
(0)
ij (log P (Xi|θj) +

M∑
i=1

K∑
j=1

d
(0)
ij (log λj)

(5.13)

The M step of EM maximizes (5.13) overθ andλ in order to find the next estimate

of these parameters. The maximization overλ only involves the second term in (5.13)
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and results in:

λ
(1)
j =

M∑
i=1

d
(0)
ij

M
, j = 1, . . . , K

The maximization overθ can be carried out by maximizing the first term in (5.13)

separately over eachθj;

θ
(1)
j = arg max

θj

M∑
i=1

K∑
j=1

d
(0)
ij log P (Xi|θj), j = 1, . . . , K

Note thatθj represents the model parameter of the joint model which include the

Gaussian gene expression model parameters and PWMs parameters for the sequence

model. Clearly, this algorithm by allowingdij to accept continuous value rather than

zero and one, can produce overlapping clusters as well. In the next section, we applied

the present mixture model to combine gene expression and Chip-chip data to identify

regulatory modules.

5.4 Identification of regulatory modules

Due to the unavailability of complete sequence motifs and genome wide location data

for many transcription factors inE.coli, we decided to apply our algorithm onSaccha-

romyces cerevisiae(Yeast) data set. We chose the well-described yeast microarray data

set, the gene expression during cell cycle [13], to test the algorithm described above.

This data set was downloaded from the Stanford Microarray Database (http://

smd.stanford.edu// ). For the interaction data data we downloaded the genome-

wide location data performed by Harbison et al. [64] from their web site (http:

//web.wi.mit.edu/young/regulatory code ). This data set contains infor-

mation regarding the binding of 204 regulators to their respective target genes in rich

medium. The data matrix contains the p-value calculated from the ratios of immuno-

precipitated and control DNA for each gene. These p-values were converted to the

probability of the binding of each regulator to each gene using the informative prior

http://smd.stanford.edu//
http://smd.stanford.edu//
http://web.wi.mit.edu/young/regulatory_code
http://web.wi.mit.edu/young/regulatory_code
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model introduced in [65]. These probabilities were in turn used in the sequence model

part of the integrated mixture model.

To assess the differences in performance between the integrated model-based al-

gorithm presented in this chapter and previously described algorithms for module de-

tection, we compared our algorithm with some of the well known module detection

tools such as ReMoDiscovery [66] and GRAM [67]. Module detection by ReMoDis-

covery consists of two steps. In the first step, called seed discovery, stringent seed

modules are identified. In this step the algorithm begins by finding gene sets that are

co-expressed in microarray data, and that bind the same regulators. In the second step,

called the seed extension step, genes are added to the module by relaxing the criteria

for their co-expression and their p-values. The GRAM algorithm [67] detects modules

by sequential analysis of the gene expression and ChIP-on-chip data. In the first step,

the ChIP-chip data is used to group genes whose upstream regions are likely to bind

a common set of transcription factors based on their p-values. In the second step, the

microarray data is used to select a sub group of genes, whose expression profiles are

similar to each other. Finally, the resulting core set is expanded with additional genes

that have a small p-value for the same set of regulators in the ChIP-chip data. The

difference between these two algorithms is that the ReMoDiscovery is concurrent in

combining the data sets while GRAM is a sequential algorithm.

The run time of algorithm presented in this chapter is an order of magnitude faster

than either of the above two algorithms. However, since the number of modules is not

known a-priori, one has to run the subject algorithm several times in order to choose

the best value for the number of modules. Even with this additional computation, the

algorithm presented here remains faster than the above two algorithms due to the com-

binatorial nature of regulators selection procedure for modules in both of the latter

algorithms.

To evaluate the average functional over-representation of the modules detected by
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each algorithms we applied our algorithm on the cell cycle data set and compared

the summary of the result with the result of GRAM and ReMoDiscovery on the same

data set using their default parameters(the result for GRAM and ReMoDiscovery were

adopted from [66]). We used functional categories in the MIPS database [68] and used

the hypergeometric distribution to calculate a corresponding p-value for the functional

enrichment of each module. Several different values for the number of modules were

tested, and by comparing the average functional enrichment of the modules for all cases

the number of modules equal to 70 was chosen as the best one.

Table 5.4 shows a summary of the statistics for the detected modules using the three

algorithms. ReMoDiscovery tends to identify very small numbers of modules with a

few number of genes in each module, while GRAM detects too many modules, but

with a small number of genes in each module. This results from the fact that these

two algorithms put higher weight on interaction data. If genes do not satisfy the p-

value threshold for ChIP-chip data, they will not get the membership in any module,

even though they might show high co-expression with many genes belonging to a mod-

ule. However, for ReMoDiscovery, extending the seed module increases the number

of genes in each module but still many genes remain unclassified. Unlike these algo-

rithms, the model-based algorithm presented here tends to classify all genes to the best

modules based on both data sets. Therefore, if there is no information on binding in-

teraction for a particular gene, that gene is automatically assigned to the module which

has the best co-expression with it’s members. Because of this feature, the model-based

algorithm detects a reasonable number of modules, which are not too small nor too big.

In addition, considering the number of modules, modules detected from the integrated

model-based algorithm are functionally more enriched based on their average p-values.
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Table 5.4: Summary of the results of the integrated model-based algorithm, ReMoDis-
covery and GRAM module detection methods.

Method Number of # of genes in each moduleAverage functional
modules Min Mean Max enrichment p-value

Mixture Model 70 5 78 648 5.00E-03
ReMoDis.(seed modules) 20 2 2.05 3 0.05

ReMoDis.(extended modules) 18 6 67.72 200 2.00E-03
GRAM 274 5 6.80 33 0.02



Chapter 6

Construction of gene transcriptional

regulatory networks

One of the goals of systems biology is to elucidate functionally relevant regulatory

interactions[69, 70]. Since changes in gene expression are in part determined by such

interactions between regulators and their target genes, genome-wide expression data

can be effectively used to impute transcriptional regulatory networks. In Chapter 5 we

discussed the application of clustering algorithms in discovering modules of function-

ally related genes. These modules contain genes with similar transcriptional activity

across time points or different environmental conditions, and could be enriched for

the genes regulated by common transcription factors. However, the utility of clus-

tering techniques is limited in distinguishing between direct and indirect interactions

between regulators and their targets. Another drawback of clustering algorithms is that

the assignment of a module’s genes to transcription factors governing that module is

ambiguous.

To overcome these limitations more complex statistical and mathematical approaches

are required. These approaches can be categorized in two classes: i) networks based

64
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on Gene-Gene interaction frameworks and ii) networks based on Gene-Regulon in-

teraction frameworks. In the first section of this chapter we provide an overview of

methods belonging to the first class, and in the remaining sections we introduce the

Gene-Regulon association network model and based on that we propose two mathe-

matical frameworks for constructing gene transcriptional regulatory networks.

6.1 Gene-Gene interaction based methods

The first class of gene regulatory network models, which we refer to as Gene-Gene

interaction models, considers the interactions between genes and transcription factors

in the expression domain, i.e., the control of regulation is explained by mRNA levels

of the transcription factors. Algorithms belonging to this class model a gene regula-

tory network as a linear and time continuous system, with the transcriptional activity

of genes described by a time-continuous dynamical system of first order differential

equations [72, 73, 74], or by stochastic dynamical equations, a framework based on a

state space model [75] or a Dynamic Bayesian Network [76, 77]. Boolean gene regu-

latory networks [78, 79, 80] are particular cases of dynamic networks, which assume

that the time and states of the system are discrete. Genes are the network nodes, which

are in one of two binary on/off states. The state of each node is defined by a boolean

function of the previous states of the inputs to that node. These methods often use time

series data collected over a small number of time points, compared to the large number

of genes, which results in an under-determined problem [81, 82] to solve. The second

category of Gene-Gene interaction methods include relevance networks [83, 84, 85],

Bayesian networks [86] and graphical Gaussian models (GGM) [87, 88]. These meth-

ods impute gene networks by establishing connectivity (edges) between genes based on

the dependencies in their expression profiles. The GGMs and relevance networks model

conditional independencies and marginal dependencies, respectively, among the gene
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pairs. The application of the GGMs is limited to the gene networks with the number of

experimental measurements significantly greater than the number of genes. Similarly,

the relevance network algorithm, which uses mutual information between genes and

treats gene expression levels across different conditions as ensembles of single random

variables, can capture the condition-specific activity of the genes only when the sample

size is very large [84].

Another approach to inferring Gene-Gene interaction networks is through non-

greedy decomposition of gene expression data matrices to uncover hidden, often over-

lapping, regulatory signals and transcriptional connectivity patterns. Since the data

does not have to be a time series, one can collect data for as many different experiments

as possible and combine them to increase the sample size and prevent the problem

of under-determination. Principal component analysis (PCA) [89], singular value de-

composition [90, 91, 92], and independent component analysis (ICA)[93] can be used

to determine the low-dimensional representation of the data through decomposing the

original data into a few regulatory signals which explain most of the data. However, the

orthogonality assumption of PCA and the statistical independency assumption of ICA

place methodological constraints on biological signals. Network component analysis

(NCA) [94] is another matrix decomposition method, devised specifically for gene ex-

pression data, which takes advantage of available knowledge about the connectivity

pattern of the network. The NCA method and a similar two-stage matrix decomposi-

tion model in [95] assume that the connectivity matrix is fully known, and, therefore, it

does not predict any new interactions among the genes and transcription factors.

In summary, the above network reconstruction methods that rely on covariance of

expression of transcription regulators and their targets ignore the fact that transcription

of regulators and their targets can be controlled differently and/or independently. Such

oversight would result in many erroneous predictions. To address this problem we

introduce a new framework to predict interactions between regulators and genes via
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associating the expressions of the target genes to the activity profiles of their regulators.

6.2 Development and application of Gene-Regulon as-

sociation methods

Accurate prediction of regulatory interactions, which is essential for understanding phe-

notypic outcomes of genetic and environmental perturbations, depends on the quality

of models capturing essential regulatory features and on their underlying assumptions.

One such feature is that the transcriptional activity of co-regulated genes should suf-

ficiently absorb in itself the activity of their common regulator. Moreover, the infor-

mation about transcriptional activity of the known co-regulated genes (a core regulon)

should also be sufficient for discovering new target genes, whose transcriptional ac-

tivity significantly co-vary with the activity of the core regulon members. This is the

principal idea behind Gene-Regulon based association methods. Unlike Gene-Gene

interaction methods where the mRNA levels of the regulators play the important role,

Gene-Regulon methods rely on the activity profiles of the transcription factors, which,

in the absence of their direct measurements, are estimated via a computational model.

Therefore, to estimate the activity profiles of the regulators the prior information about

known interactions between genes and transcription factors is required which can be

collected through the literature and genome wide location data. In the following sec-

tions, we present three mathematical frameworks which directly or indirectly exploit

the activity profiles of transcription factors while predicting new interactions between

genes and regulators.
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6.2.1 Two-steps matrix decomposition and sparse regression algo-

rithm

We consider the gene regulation process as an input-output model where the transcrip-

tion rate (output product) is controlled through the activity level of the group of special-

ized transcription factors. We assume, given the activity of regulators, that this process

is approximately linear, although the dynamic behavior of this biological process can

be much more complex.

Given a matrixEn×m of gene expression measurements ofn genes acrossm dif-

ferent experimental conditions and the partial knowledge of the network connectivity,

the goal is to fully reconstruct the hidden structure of the network and quantify the

interaction coefficients, strength of edges in Figure 6.1.

Regulators

Genes

Figure 6.1: Directed bipartite graph representation of the transcriptional regulatory net-
work. Green edges are true known interactions and red edges are true unknown inter-
actions which we wish to predict computationally.
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One way to solve this problem is to decompose data matrixE to a connectivity

matrix Cn×k and a matrixSk×m containing activity profiles ofk transcription factors,

i.e., E = CS. If the connectivity matrixC is completely known then the network

component analysis(NCA) method is able to decomposeE to C andS uniquely up to

a diagonal scaling factor [94]. However, for many biological systems there is no such

complete information about connectivity pattern. But the connectivity matrixC can be

partially formed using genome wide location data and the knowledge of known tran-

scription factors and their known targets. This means that there are some known con-

nections in the network, some connections with certain probabilities and also unknown

connections due to lack of enough data. We approach this problem in two steps. In the

first step, the activity profiles of the regulators can be estimated via decomposition of

the gene expression data matrix, and in the second step new regulatory interactions are

identified by solving a series of linear sparse regression problems.

Constrained matrix decomposition

Let n >> m, which is usually true for gene expression data, andm > k, we assume

that we have enough number of measurements for each gene. Because we do not have

a temporal constraint on gene expression data, one can combine as many experiments

available to makem enough large. Let us split gene expression matrixE in E1 con-

taining data corresponding to the completely known part of network andE2, the rest

of data. We assumeC1 to represent the known part of the network satisfying the NCA

criteria [94], that is the rank ofC1 is k and that the reduced matrices fromC1, by re-

moving each column (regulatory node) and rows having non zero value on that column

(output nodes of removed regulatory node), also are full rank. This means each column

of C must at least havek − 1 zeros. This assumption can be satisfied by selecting C1

from the whole part of the known network. To quantify the connectivity elements and
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regulatory signals,S, one may solve the following optimization problem:

min
C1∈C(n1,k,p), S∈C(k,m,q)

‖E1− C1S‖2
F , (6.1)

whereC(n1, k, p) is a linear subspace ofRn1×k by settingp specific entries of ma-

trices inRn1×k equal to zero, andC(k,m, q) is a linear subspace ofR+k×m by settingq

specific entries of matrices inRk×m equal to zero. In the following we assume we do

not have any zero constrains onS, q = 0, thereforeS can be anyk ×m matrix.

The standard approach to finding the minimum of the above problem is by apply-

ing iterative optimization algorithms corresponding to two least square problems as

follows. Let

f(E1, C1, S) := ||E1− C1S||2F . (6.2)

Suppose one has an approximation(C1l, Sl) to the minimal point(Ĉ1, Ŝ) of above

problem. Then(C1l+1, Sl+1) are determined in two steps:

f(E1, C1l+1, Sl) = min
C1∈C(n1,k,p)

f(E1, C1, Sl), (6.3)

f(E1, C1l+1, Sl+1) = min
S∈C(k,m)

f(E1, C1l+1, S). (6.4)

The above iterative algorithm is in the spirit of the implementation of NCA in [94].

In this section we also choose the solution to above problems to quantify elements of

known connectivity matrixC1 and the regulatory signal matrixS. Since the number

of genes is much higher than the number of regulatory signals, we assume the matrix

of regulatory signalŝS estimated in the first step is a good approximation toS. There-

fore, we can usêS and the observation data corresponding to the unknown part of the

network,E2, to discover and quantify the unknown part of the connectivity matrix,C2.

Sparse linear regression

GivenS ak×m matrix, the activity profiles of the transcription factors, ande, a vector

of gene expression measurements acrossm conditions, we would like to find a sparse



71

vector,c, which represents the interactions between the gene and the regulatory nodes.

Based on the linear model assumption, we can estimate coefficients ofc by solving the

following linear regression model;

e = STc + ε, (6.5)

wheree represents a vector of gene expression measurements acrossm conditions,S is

ak×m matrix of thek regulators’ activities andc is a sparse vector that represents the

interactions between the gene andk regulators. We assumeε is anm elements vector

of random noise with zero mean and covariance matrix ofσ2I.

When there are no constraints onc and with no prior information,c can be esti-

mated using well known least square method, which gives the same solution as that of

maximum likelihood (ML) when the noise is zero mean, white Gaussian [96]. However,

when there is a prior information onc, then the solution is given by minimum-mean

square error estimator (MMSE)[96]. The fact that the expression level of the genes

is controlled by a few regulatory nodes makes the resulting network and, thereforec,

sparse. That is many elements ofc are zero. Whenc is sparse then the above solu-

tion to the linear regression problem may not be the optimum solution. Algorithms

based on Bayesian maximuma posteriori(MAP) estimation [96] and Lasso [97] orl1

norm regularized least square approximation (i.e.minimize ‖e − STc‖2
2 + λ‖c‖1)

are among some of the methods that have been proposed for sparse linear regression.

For example, A genome wide network inference of whole genome of yeast has been

considered in [98] usingL2-norm minimization of the coefficients and setting all ele-

ments below certain threshold equal to zero. In [99] the authors consider solving the

large scale network reconstruction problem using sparse representation by applying the

Lasso algorithm, which usesl1-norm minimization.

For gene network when the sparsity or the maximum number of nonzero elements

is known, instead of thel1 norm regularized least square approximation one can find

more accurate solution by solving the regressor selection problems. Letq < k be the
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maximum cardinality ofc then the above regression problem can be reformulated as

min
c

‖e− STc‖2
2

subject to card(c) ≤ q (6.6)

The straight forward method to solve this problem is to check for all possible cases

with q nonzero elements inc. However, in general whenk is large one has to solve

the least square problem for many different combinations of sparsity patterns which is

a hard combinatorial problem. A heuristic approach is to solve thel1 norm regularized

least square approximation for different values ofλ and choose the one with the smallest

λ which satisfies the cardinality constraint. Then, with a given sparsity pattern, one can

refine the solution by solving the least square approximation. Although, the heuristic

approach can find the global optimum, one might have to solve thel1 norm regularized

least square approximation many times before reaching the optimum solution.

In many cases, specially when dealing with noisy gene expression data, the coeffi-

cient values of the regulatory interactions are biologically irrelevant, and one is inter-

ested, instead, in constructing the network structure more precisely rather than quanti-

fying the interactions. In this situation our sparse linear regression problem becomes

a model selection problem, i.e., the task is to find the set of regulators which best ex-

plain the gene expression data. To this end, in the next section we propose a covariance

model selection algorithm as an alternative to the above method to estimate the activity

profiles of the regulators and to identify the regulatory interactions.

6.2.2 Covariance model selection method

Let us revisit Equation (6.5) while considering it only for the known part of the inter-

action network. LetΩf be a set consisting of the expression vectors of genes known to

be controlled by a single regulatorf . Then,

eg = cfsf + ε ∀ eg ∈ Ωf (6.7)
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wheresf , the activity profile of the regulatorf , is unknown andcf is the interaction

coefficient, which is assumed to be a random variable with distributionN (υ, γ2). The

likelihood function forsf [96] is,

p(eg|sf ) =
1√

2π
m|Σf |1/2

exp(−1

2
(eg − µf )

T Σ−1
f (eg − µf )) ∀ eg ∈ Ωf (6.8)

where

Σf = γ2sfs
T
f + σ2I, and µf = υsf .

Among the set of all regulators, the correct regulator,sf , maximizesp(eg|sf ). On

the other hand, to computep(eg|sf ) the regulatory signals need not be known explic-

itly, and the knowledge of the sample mean (µf ) and the covariance matrix (Σf ) cor-

responding to each setΩf is sufficient for model selection. Therefore, one only needs

to estimate these sample mean and covariance matrices from the data. The covariance

matrix Σf , which is the covariance matrix of gene expression data inΩf , can be esti-

mated using sample covariance matrix. AssumeEf to be the expression measurements

of genes inΩf , then one can estimate the weighted covariance matrix corresponding to

regulatorf by,

Σ̂f = sample cov(Ef ), Σ̂ij =

∑Nf

k=1 wk(eik − µi)(ejk − µj)

1−
∑Nf

k=1 w2
k

(6.9)

whereNf is the number of samples inΩf , µi andµj areith andjth entries of sample

mean,µf , andwk’s are weights which sum to one.

Since we consideredΩf ’s as sets of genes controlled only by one regulator, ifsf

represents the true model, then the covariance matrixΣf can be represented by its first

rank approximation using eigenvalue decomposition. Therefore, ignoring the noise

terms, the inverse of the covariance matrix can be efficiently computed through its first

rank approximation, which not only speeds up the algorithm but also reduces the effects

of the noise.

Σ−1
f =

1

λ1

u1u
T
1 , (6.10)



74

whereλ1 andu1 are respectively the principal eigenvalue and the principal eigenvector

of the covariance matrix. Given data sets of known TF-gene interactions one can form

the sets ofΩf ’s and use equations 6.9,6.10 and 6.8, respectively, to computep(eg|sf )

for all TFs and assign to each geneg the regulatorf that provides the maximum value.

The knowledge of regulator-gene interactions represents a low-resolution view of

molecular interactions inside a cell. It does not provide any details about how and when

these interactions occur. Therefore, as a complement to this information, in some bi-

ological studies, the question might be which regulators and how they respond under

different environmental or genetic perturbations. One way to tackle this problem is to

study the activity levels of different transcription factors across different conditions.

The principal eigenvector (eigenvector corresponding to the largest eigenvalue) of the

sample covariance matrix (Σf ) can be viewed as the activity profile of a regulatorf .

Notice that the activity profiles of regulators are principal eigenvectors of different co-

variance matrices, which necessarily need not be, and,indeed they are not, orthogonal

to each other. Therefore, the estimated activity profiles are different from those esti-

mated by algorithms such as Principal component analysis (PCA) [89] or singular value

decomposition [90, 91] and independent component analysis (ICA)[93], which decom-

pose the original data into a few regulatory signals that are orthogonal or independent.

Results and Discussions

Data sets

Microarray gene expression data for more than 100 arrays representing 46 biologically

distinct conditions have been used to reconstruct the underlying large scale transcrip-

tional regulatory network ofE. coli. The conditions covered a spectrum of environmen-

tal and genetic perturbations and drug treatments. The environmental perturbations,

in addition to those described in [100] (Data set is available at NCBI Gene Expres-

sion Omnibus (GEO) with accession number: GSE4357-GSE4380), included different
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amino acid and nucleotide additions and limitations (NCBI GEO Series accession num-

ber: GSE15409). After filtering the collected expression data by a series of different

criteria (removing genes with low variance expressions across conditions, with small

absolute values and with low entropy profiles across conditions), expression measure-

ments of 3658 genes were used in this study.

A second data set used in this study was published in [84] and was obtained from

Many Microbe Microarray database (M3D) web site (http://m3d.bu.edu ). This

set contained expression levels ofE. coli genes across 524 arrays which resolved into

189 different experimental conditions. It should be noted here that not only do these

two data sets cover very different genetic or environmental perturbations, but they also

have been collected on two different microarray platforms: cDNA microarrays and

Affymatrix Genechips.

The connectivity matrix obtained from RegulonDBhttp://regulondb.ccg.

unam.mx [101]. This connectivity matrix contained the connectivity pattern between

1210 genes (we only considered genes having expression measurements in our data set)

and 137 transcription factors having more than two known targets.

Algorithm implementation

For each transcription factor, the core regulon, consisting of the set of known targets,

is identified from the known connectivity matrix described above. This information is

used to learn a covariance model for each transcription factor. The covariance matrices

are estimated from the expression data of genes assigned to regulons. The gene expres-

sion measurements of the group ofK genes controlled by a TF are treated asK real-

izations of an independent random variable with the same distribution and, therefore,

the weighted sample covariance matrix estimation method was applied to approximate

the TF’s model covariance matrix. Higher weight is given to those gene samples that

http://m3d.bu.edu
http://regulondb.ccg.unam.mx
http://regulondb.ccg.unam.mx
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are exclusively controlled by the TF. The bootstrap procedure is incorporated to in-

crease the estimation accuracy of covariance model for those TFs with the low number

of known targets. Then the algorithm computes the Gene-Regulon association score

for each gene-regulon pair using the likelihood function defined in the Method Section.

Finally, the activity profiles of transcription factors are estimated using the eigenvalue

decomposition procedure. The regulon-based methodology assumes that the expres-

sions of target genes vary with the activity of their regulator, which does not have to

be determined solely by its transcript levels but can be a combination of latent fac-

tors including abundance, modification status, interaction with low molecular weight

effectors or other proteins.

Performance Comparison

To assess the relative performance of our algorithm, we compared our algorithm with

the relevance network method developed in [84], and with GGM method presented in

[88].

Since we were interested in transcriptional regulatory interactions (interactions be-

tween transcription factors and their target genes), we built a network by comparing

scores for all possible pairs of transcription factor-gene targets. To make a fair compar-

ison, in each method for each gene we ranked the regulators based on their association

scores with that gene. A regulator which has the maximum association score with a

gene was assigned to that gene. The second regulator was assigned to the gene if the

corresponding association score was greater than the minimum of the association scores

of the genes assigned to that regulator in the first round. This procedure was repeated

and assignments were made, if warranted by the association score, for the lower rank-

ing regulators as well. This procedure is different from those that use a global threshold

parameter to select the edges. Assignment of regulators based on a global threshold for

all TFs results in a very limited number of predictions, although with a good precision.
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Due to the large scale of the data, it is reasonable to assume that there should be at

least one regulator that can explain the gene expression data of each gene. Although,

this association may not be discovered through the dependency between the expression

level of the gene and the mRNA level of a gene coding for the transcription factor,

it may be discovered using gene-regulon based association, and this is the power of

Gene-Regulon based association methods.

We compared the prediction results of these three algorithms over the set of known

interactions in RegulonDB database [101], which was compiled to a binary matrix of

interactions between 1210 genes and 137 transcription factors. Because this data set is

incomplete and there are no negative controls, the appropriate measures to compare the

performance of the algorithms is recall and precision.

For the relevance network and GGM, we define recall as a fraction of 1210 genes

(genes with known interactions) successfully associated with their cognate regulators.

The precision is defined as a fraction of predicted interactions which are correct. How-

ever, because our algorithm uses the set of known interactions as a training data to

estimate transcription factor activity profiles and covariance matrices, we split this data

into a training and a test set in order to properly measure the performance of our algo-

rithm. We only used the training part to estimate the covariance matrices in order to

predict the transcription factor-gene interactions. The test data was only used to calcu-

late the recall and precision. We repeated this process 100 times and in each run the

test set included 100 genes randomly selected from 1210 genes with known interactions

and the training set contains the remaining 1110 genes. The final recall and precision

were calculated by averaging over 100 recalls and precisions.

The results for two data sets and three algorithms is presented in Table 6.1. Our

algorithm, which takes advantage of gene-regulon associations rather than the gene-TF

associations, outperforms the other two algorithms. The improvement was at least in

part due to the fact that the regulatory outcome is a result of the activity of transcription
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factors and not necessarily of their levels, and the knowledge of transcript levels of

the regulators’ genes is not sufficient to predict the interactions. Both the GGM and

the relevance networks construct the relationship between the gene target expression

levels and the expression levels of genes encoding transcription factors. Such models

are confined to the cases when regulators are members of their own regulons. However,

in many cases, if not most, transcriptional regulation of targets is not accompanied

by changes in the levels of the regulators’ transcripts, and even when it is, the changes

don’t have to be correlated with the transcription of the targets. Instead, such regulation

can be captured when estimating the activity of the transcription factors, which is the

basis of the method presented in the current study.

The second reason for outperforming the relevance network algorithm is the capac-

ity of our method to capture condition-specific activity and the co-variance of the gene

expression profiles across different conditions. On the other hand, the relevance net-

work algorithm treats gene expression levels across different conditions as ensembles

of single random variables to estimate the probability distribution for each gene, and

therefore it can not account for condition-specific activity of the genes when the sample

size is not large enough. The relevance network performed better than the GGM and

it worked better for the larger data set, the Affymetrix data set. This improvement was

likely due to a higher number of experimental conditions(arrays) in the second data set,

which in turn resulted in a more accurate calculation of mutual information. The per-

formance of the GGM over these two sets was very poor, which further confirms that

GGMs are not suitable when dealing with large-scale gene networks.

It is worth mentioning that our algorithm is also faster than the relevance network

and GGM. The expensive part of our algorithm is eigenvalue decomposition of covari-

ance matrices, which has complexity ofO(m3), wherem is the number of conditions,

which is much smaller than the number of genes. On the other hand, the relevance

network involves estimation of marginal probability distributions of genes and joint
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Table 6.1: Comparison of recall(Precision) (%),rounded to the closest integer, for the
model selection algorithm, relevance network and graphical gaussian model on two
large-scale microarray data sets.

Methods
Covariance Relevance GGM

Data sets Model Network
Our data set 44 (43) 8 ( 6) 3(3)

Data set in [84] 62 (64) 20 (16) 3(2)

probability distributions of all gene pairs to calculate pair-wise mutual information.

This process is time-consuming when the number of genes is large. The expensive part

of the GGM is the calculation of a partial correlation matrix, which is based on calcu-

lating the inverse or pseudo-inverse of a large matrix (n× n), wheren is the number of

genes. The computational complexity of pseudo-inverse isO(n3), which can be very

time-consuming whenn is large, such as in large-scale gene networks.

Network reconstruction

We applied the proposed method to a large-scale gene expression data set to evaluate

its capacity to recover known regulatory interactions and predict new ones. We ig-

nored any TF assignments with a very small number (< 5) of known interactions. We

assigned to each gene a regulator based on the maximum probability of association

calculated using the proposed algorithm presented in the methods section. When we

limited the number of associations for each gene to one, the algorithm was able to re-

cover the correct association for86% of the genes with known interaction, i.e., 1044

genes out of 1210 genes were associated with their known regulators. When two reg-

ulators were assigned to genes, an additional 542 known interactions were recovered,

which included known interactions for 26 genes that were not in the set of 1044. That

increased the percentage of genes with correct associations to88%, and this implies

that for74% of genes, i.e. for 516 out of 696 genes having two or more regulators, both
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Table 6.2: New targets of Lrp which were confirmed using qPCR (the fold enrichment
values with ’*’ are from ChIP-chip)

Gene Fold transcript Fold IP Lrp
Function

Name change enrichment Activity
ompT 8.5 2.8 Positive DLP12 prophage; outer membrane protease VII

eco 1.8 2.3 Negative ecotin, serine protease inhibitor

dppA 1.6 3.4 Positive dipeptide transporter

pntA 1.6 2.8 Positive pyridine nucleotide transhydrogenase

artP 1.7 4 Negative arginine periplasmic transport system

sdaC - 1.9 Positive predicted serine transporter

yhjE 1.5 6.9 Negative putative transporter

csiE - 2.1∗ Negative stationary phase inducible protein

ygdH - 2∗ Positive unknown

predicted regulators were correct.

In addition to recovering known interactions, the algorithm discovered new, un-

annotated interactions. Some of the discovered interactions could be independently

confirmed. For example, the algorithm predicted two targets of ArgR,hisJ andartJ,

which were not among known interactions in the RegulonDB database, but have been

recently reported in the literature [102]. For this particular TF, 21 out of 27 known

interactions in regulonDB were recovered.

We specifically focused on the structure of the Lrp regulon. Lrp is a global tran-

scription factor and a mediator of leucine response. It is believed that Lrp controls

the expression of hundreds of genes directly or indirectly[42], although only 55 known

Lrp targets were annotated in the RegulonDB at the time of this study. Overall, 85

genes were predicted to be Lrp targets. By using transcriptional data obtained on an

Lrp knock-out mutant [42], we confirmed that 52 genes were differentially expressed

in the knock-out strain. Using chromatin immuno-precipitation(IP), we found that Lrp

binds to the upstream regions of at least 45 out of the 52 differentially expressed genes,

including several new predicted targets such asompT, dppA, eco, pntA, pntB, csiE,

sdaB sdaC, yhjE andygdH, most of which were also verified using a qPCR experiment
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(Table 6.2). Thus, the algorithm discovered 10new targets of the transcription factor

Lrp that could be confirmed by a biological experiment. In addition, limited evidence

in the literature suggests thatsdaBCandpntABare also likely Lrp targets [103] [104].

pntABis also among predicted targets for lrp in [84]. Our results also indicated that Lrp

controls expression of theleuABCoperon. Although according to RegulonDB there

is no interaction between Lrp and theleuABCoperon, it has been previously reported

that Lrp does regulate this operon [103]. Overall, this rate of discovery of true Lrp tar-

gets is higher than any previously reported discovery rate of confirmed targets for any

regulator by a discovery algorithm.

Network refinement

Based on the two expression data sets, covering regulatory states for almost all genes in

the genome, each gene (operon) was assigned a transcription factor(s) that was likely

to control the expression of that gene. To this end, the present algorithm was applied to

both data sets. For each data set, every gene was assigned three top-ranking regulators

with the highest probabilities of association, calculated using equation (6.8). If a gene

had the same regulator(s) predicted from both sets, the regulatory association between

the gene and regulator(s) was deemed true and cataloged for the purpose of network

refinement. This resulted in a list of 1719 genes associated with at least one regulator.

779 genes out of 1719 had no previously characterized regulatory interactions. The

existence of consensus regulators (predicted using two completely independent data

sets) for this number of genes is statistically significant. Only 167 genes would have

been expected to have a consensus regulator if the assignments in one of the sets had

been done at random.

We incorporated the operon information to further refine the set of regulatory inter-

actions. The consensus regulator for an operon was chosen as a common regulator of

genes in the same operon, as predicted on the basis of both data sets. This resulted in
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Figure 6.2: Regulatory network of transcription factors. The consensus regulatory inter-
actions predicted using both data sets. This subnetwork comprises of 101 transcription
factors (nodes) with 118 predicted interactions (edges) among them. All interactions
are directed from a TF-regulator toward a TF-target. 76 (66%) predicted interactions
(red edges) were previously known and include 36 known auto-regulators. The remain-
ing 42 predicted interactions (blue edges) are new. In addition, 13 regulators identified
as targets did not have any previously identified regulators.
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a list of potential regulator(s) for each operon, with many already confirmed or highly

plausible regulatory interactions. For example,dinI and dinP are known targets of

LexA, but not among the known interactions set used in this study. Also, yafNOP,

yebB, yebG, yigN, andyjjB-dnaTC-yjjAwere predicted to be LexA targets.yafNOPis

a neighboring operon ofdinBwith a weak but significant score for a LexA binding site

in its promoter region. Regulatory regions ofyebG,yigN andyebBcontain high scoring

LexA binding sites. The possibility thatdnaT anddnaC, two genes involved in DNA

replication, are under LexA control is intriguing, and warrants further experimentation.

Overall, even though the two data compendia appeared to be substantially different

as far as dominant activity profiles are concerned, transcriptional profiles of as many

as 1407 genes and 773 multigene operons could be explained at least in part by the

activity of the same regulator(s) in both data sets. This result implies that, provided

a sufficiently diverse collection of experimental conditions, the method will converge

on true transcriptional regulators of any given gene in a genome, including regulators

themselves.

We searched for an intra-regulatory network as a special subnetwork of the com-

plete gene regulatory network. This network contains regulatory interactions between

transcription factors. Figure 6.2 depicts such a network constructed from the list of

consensus regulatory interactions predicted using both data sets. This subnetwork

comprises of 101 transcription factors (nodes) with 118 predicted interactions (edges)

among them. All interactions are directed from a TF-regulator toward a TF-target. 76

(66%) predicted interactions (red edges) were previously known and include 36 known

auto-regulators. The remaining 42 predicted interactions (blue edges) are new. In ad-

dition, 13 regulators identified as targets did not have any previously identified regu-

lators. It remains to be seen whether the described and potential future connectivity

refinements affect global or local topological properties of the network.
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Figure 6.3: Activity profile of ArgR, TrpR, Lrp and LexA. Several conditions in our
data set were expected to elicit transcriptional responses mediated by the activity of
known regulators. We found that in all conditions with well-studied and understood
transcriptional responses, the identity of the most active TF matched our expectations.
For example, in an experiment which was conducted to measure transcriptional re-
sponse to addition of the amino acid arginine, transcription factor ArgR appeared to be
the most active TF. Similarly, TrpR was the most active TF in the condition when tryp-
tophan was added to the medium, and LexA was the most active TF under conditions
of UV and Gamma treatment.
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Activity of regulators

The principal eigenvector of the covariance matrix computed from the set of genes

controlled by each regulator was assumed to be a good and biologically sound ap-

proximation of the activity profiles of the regulators. We proceeded to evaluate this

assumption by examining the estimated activity levels of transcription factors in indi-

vidual conditions and by comparing the eigenvector-derived profiles with the activity

profiles calculated by the Network Component Analysis, a state of the art connectivity

matrix decomposition technique proposed in [94]. (Note, the activity levels of TFs are

the relative activities of TFs in each condition with respect to a reference sample.)

We determined that the eigenvector-derived profiles of regulators’ activity fully re-

capitulate NCA profiles. Figure 6.3 illustrates this point on several characteristic pro-

files (some conditions in which the activity level of the TF was significant are indi-

cated).

Several conditions in our data set were expected to elicit transcriptional responses

mediated by the activities of known regulators. Indeed, we found that in all condi-

tions with well-studied and understood transcriptional responses, the identity of the

most active TF matched our expectations. For example, in the experiment to measure

transcriptional response to the addition of the amino acid arginine, transcription factor

ArgR appeared to be the most active TF. Similarly, TrpR was the most active TF in the

condition when tryptophan was added to the medium, and LexA was the most active

TF under conditions of UV and Gamma treatment,6.3.

In almost all conditions, we were able to identify more than one active transcription

factor. When we considered a transcription factor to be active at a significance level

of 5% (the z-score corresponding to each activity level was calculated from the back-

ground distribution estimated from all activity levels), on average 13 TFs were active

per condition in our data set (11 - in the Affymetrix data set). The distribution of the
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number of active TFs across the conditions is shown in Figure 6.4. The number of tran-

scription factors active in a minimal growth medium as compared to rich medium was

the highest, followed by the transition from exponential to stationary phase of growth,

during which the cells are known to undergo massive regulatory re-programming, fol-

lowed by sodium azide treatment, which results among other things in interrupting the

electron flow chain. Among the amino acid effects, addition of isoleucine appeared

to stimulate the highest number of TFs, whereas addition of threonine or glutamate

appeared to have no or very little effect on the regulators. The smallest number of

differentially active transcription factors was observed in the comparison of chemostat

cultures grown at different dilution rates (”WildTypeGrowth”).

Not only did we find that more than one TF appeared to be active in any given

condition, but also that many TFs were likely to be mediating transcriptional responses

in multiple conditions (Figure 6.5). Given that the conditions in our study were en-

riched by perturbations of amino acid, nucleotide and DNA metabolism, it was not sur-

prising that the list of most frequently active regulators included ArgR, GcvA, CysB,

MetR/MetJ, DeoR, PurR, LexA. What we found surprising was that the transcription

factor TrpR, the main transcriptional regulator of genes involved in tryptophan biosyn-

thesis, appeared to be the most responsive regulator in a sense that it was not only

among the top responsive TFs to different conditions, but also its activity level was

higher than those of other TFs (the method allowed comparison of the activity levels

of various regulators across a uniform scale; see the scale on Y axis in Figure 6.3).

Tryptophan is the scarcest amino acid in the cell; it is plausible that many perturba-

tions, including those that don’t affect tryptophan metabolism directly, may result in

biologically significant fluctuations in the size of the amino acid pool. Despite the

absence of any apparent bias in the Affymetrix data set [84], the frequency of OxyR

activity (OxyR activates hydrogen peroxide induced genes) dwarfed the frequencies of

all other factors: OxyR was active in almost thrice as many conditions as the next most



87

0

10

20

30

40

50

60

Conditions

M
in

im
al

−R
ic

h
LB

−s
ta

tio
na

ry
S

od
iu

m
A

zi
de

In
do

le
A

cr
yl

at
e

A
na

er
ob

ic

R
ec

ov
er

yF
ro

m
S

ta
tio

na
ry

T
rp

−s
ta

rv
at

io
n

re
la

xa
tio

n
N

or
flo

xa
ci

n
da

m
ag

e−
re

la
xa

tio
n

K
an

−T
ra

ns
la

tio
n−

In
hi

bi
tio

n
C

al
ci

um
C

hl
or

id
e

Is
ol

eu
ci

ne
N

ov
ob

io
ci

n
gy

rA
pa

rC
N

or
flo

xa
ci

n
T

LD
de

oC
−T

hy
m

id
in

e
U

V
G

ly
ci

ne
G

am
m

dn
aC

−u
ps

hi
ft

S
al

tS
tr

es
s−

w
t

de
lta

−t
op

A
A

la
ni

ne
H

is
tid

in
e

A
de

no
si

ne
G

ua
no

si
ne

C
yt

id
in

e
A

m
pi

ci
lli

n
P

he
ny

la
la

ni
ne

P
ro

lin
e

U
rid

in
e

A
rg

in
in

e
G

lu
ta

m
in

e
Ly

si
ne

M
et

hi
on

in
e

S
er

in
e

A
sp

ar
ta

te
T

ry
pt

op
ha

n
T

hy
m

id
in

e
S

al
tS

tr
es

s−
rp

oS
C

ys
te

in
e

V
al

in
e

G
lu

ta
m

at
e

T
hr

eo
ni

ne
W

ild
T

yp
eG

ro
w

th

N
um

be
r 

of
 T

F
s

Figure 6.4: A number of active regulators varies across conditions. The number of
transcription factors active in minimal growth medium as compared to rich medium was
the highest, followed by the transition from exponential to stationary phase of growth,
during which the cells are known to undergo massive regulatory re-programming, and
then sodium azide treatment, which results, among other things, in an interruption of
the electron flow chain. Among the amino acid effects, addition of isoleucine appeared
to stimulate the highest number of TFs, whereas addition of threonine or glutamate
appeared to have no or very little effect on the regulators. The smallest number of
differentially active transcription factors was observed in the comparison of chemostat
cultures grown at different dilution rates (”WildTypeGrowth”)
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Figure 6.5: Frequency of condition-specific activity for top regulators. Many TFs were
likely to be mediating transcriptional responses in multiple conditions. Given that the
set of conditions in our study was enriched by those in which metabolism of various
amino acids or nucleotides was directly or indirectly perturbed and by conditions caus-
ing DNA damage, it was not surprising that the list of most frequently active regulators
included ArgR, GcvA, CysB,MetR/MetJ,DeoR, PurR, LexA.

The approximation of TF activities by principal eigenvectors of the covariance ma-

trices is in agreement with the activity profile computed by NCA algorithm (Figure

6.3). However, the former is much faster due to the fact that NCA needs to find activ-

ity profiles and to quantify connectivity matrix by iteratively solving many least square

problems. IfK iterations are required for convergence of the algorithm, thenK(n+m)

least square problems (eachO(r3), wherer is the number of transcription factor)have

to be solved, wheren is the number of genes andm is the number of conditions in the

gene expression data set. Even considering the sparsity of the connectivity matrix the

complexity is much higher than eigenvalue decomposition ofL small covariance ma-

trices, whereL is the number of covariance matrices corresponding toL transcription

factors.
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The correlation analysis of TFs activity profiles revealed that the activity profiles

of almost half of the transcription factors considered in this study are correlated with

one another. Some global regulators such as CRP, IHF, FNR were correlated with more

than 10 TFs. However, some local regulators, such as OmpR, PhoP, and EnvY, also

showed a high degree of correlation with other TFs. Figure 6.6 shows the network view

of correlation between transcription factors. The existence of the edge between two TFs

indicates that the correlation between their activity profiles is above a threshold value

of 0.70. Such similarities may indicate a certain degree of regulatory redundancy, i.e.

different regulators controlling subsets of overlapping genes. Indeed, when we exam-

ined to what extent the correlations between the profiles are indicative of TFs regulating

common genes, we observed that transcription factor pairs with high correlation regu-

late common genes with higher probability than TF pairs with low correlations.55%

of TF pairs with correlation above 0.70 appeared to have common targets, compared to

20% of TF pairs with correlation less than 0.70.

However several transcription factors, including LexA, GcvA, SoxR, DsdC and

FadR, did not show high degree of correlation with other TFs, even though they were

relatively responsive in a high number of conditions in the study.

6.2.3 Manifold learning approaches

Another drawback of gene-gene interaction algorithms is their inability to capture the

geometric connectivity pattern hidden in the gene expression data. Even those which

can capture nonlinear dependencies in the data, e.g. relevance networks using mutual

information, still fail to capture the whole structure and hidden geometric patterns in

data. On the other hand, while the structure of the small network can be learned using

Bayesian methods, these methods fail to predict the structure of the large gene networks

including thousands of genes.

Manifold learning [106, 107, 108] and kernel embedding [109, 110] approaches
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Figure 6.6: Network of transcription factors with correlated profiles. The existence of
an edge between two TFs indicates that the correlation between their activity profiles
is above a threshold value of 0.70. Such similarities may indicate a certain degree
of regulatory redundancy, i.e. different regulators controlling subsets of overlapping
genes. Indeed, when we examined to what extent the correlations between the profiles
are indicative of TFs regulating common genes, we observed that transcription factor
pairs with high correlation regulate common genes with higher probability than TF
pairs with low correlations.55% of TF pairs with correlation above 0.70 appeared to
have common targets, compared to20% of TF pairs with correlation less than 0.70.
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provide the mathematical framework for not only nonlinear dimensionality reduction in

data but also for capturing the structure and geometric distribution of the data and have

already been successfully applied on high dimensional data such as images and motion

pictures as well as in several problems in bioinformatics. In Chapter 5 we discussed the

application of Kernel approaches as a means for integrating different sources of the data

for clustering. This mathematical technique has been also proposed for classification

of genes [111, 112]. Recently in [113] the functional distance has been defined via

diffusion-type manifold embedding to discover relationships between protein domain

functions. These distances were defined between functions in the GO annotations data

set to uncover the relationship between the structure and functions.

In this section we aim to provide a framework for the application of the nonlinear

manifold learning techniques to reconstruct gene transcriptional regulatory networks.

These techniques not only capture nonlinear correlation in data but also are able to cap-

ture the underlying connectivity pattern in gene expression data. We define regulon-

based association scores between genes and transcription factor core regulon to com-

bine uncovered hidden connectivity patterns in gene expression data with the known

connectivity pattern in order to expand the regulatory interaction network of E.coli.

Regulon-Gene association score

Given gene expression data across many diverse conditions, it is reasonable to assume

that each regulon is only responsive to a subset of conditions. Therefore, the intuitive

and natural approach is to identify the manifold for each regulon where all the data

points belonging to the regulon lie on that manifold. Then, one can define the distances

between genes and the manifold for each regulon. However, due to the limited number

of training points to learn the manifold, the learning problem becomes an ill-posed

problem. Since the kernel embedding matrices preserve local similarity, a get around

approach is to use these matrices to define a similarity measure between the genes and
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the regulons.

We define a group of genes which are regulated by the same transcription factor as a

regulon and a subset of this group containing known targets of a transcription factor as

a core regulon. LetR be the latent variable representing the regulon. Then, we define

the similarity between genes and the regulon as follows.

S(g,R) =
1

|ΩR|
∑

h∈ΩR g 6=h

K(g, h), (6.11)

whereΩR is the core regulon for regulonR and|ΩR| is the cardinality ofΩR. K

is a kernel embedding matrix. The choice of the kernel embedding method depends on

how well it can capture the geometric connectivity pattern in the data by comparing the

prediction power of different kernels. In the next section, we describe the construction

of the kernel embedding matrix using locally linear embedding algorithm.

Locally linear embedding

The locally linear embedding (LLE) algorithm presented in [106] is a nonlinear dimen-

sionality reduction algorithm, which recovers global nonlinear structure through locally

linear fits. It first reconstructs each data point in the original space from its neighbors

and assumes the same reconstruction coefficients are valid in the embedding space. Let

W be a reconstruction weight matrix in LLE or a normalized local similarity matrix

whoseith row sums to unity then a LLE kernel matrix can be defined as follows [110].

Let e be a uniform and unity vector of sizeN (its elements are1/
√

N ), and set

M = (I − eeT )(I −W )T (I −W )(I − eeT ), (6.12)

then an LLE kernel can be formed as

K = λmaxI −M, (6.13)
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whereλmax is the largest eigenvalues ofM . Other forms of the kernel embedding

matrices such as Isomap kernel, Laplacian kernels [110] and diffusion kernel of powers

[109] can also be defined. However, our result on real gene expression data shows the

formation of the LLE kernel from local similarity matrix constructed using correlation

provides the best result.

LLE kernel from mutual information matrix

Mutual information proximity measure has been extensively used in the analysis of

gene expression data. Unlike Pearson correlation, mutual information can capture non-

linear correlation in the data. In the context of gene transcriptional regulatory networks,

the class of relevance networks [83, 84, 85] has been presented in literature, which rely

on computing the mutual information between genes and transcription factor’s gene ex-

pression levels. However, it is more appropriate to consider the mutual information in

the context of gene-regulon. Consider genesx1, x2, ..., xn which are transcriptionally

regulated by the same transcription factor to form a regulon setΩ. Then the activ-

ity profile of the transcription factor, denoted by the latent variableZ, minimizes the

conditional mutual information between the gene variables, and it is given by:

Z∗ = arg min
Z

I(x1, x2, ..., xn|Z)

Given a regulon, one can estimateZ∗ which is, in many cases, different from the gene

expression level of the transcription factor. Therefore, the more accurate prediction of

gene regulatory interactions can be achieved by assigning genes to the regulon in the

following manner. Let,

I(g,R) =
1

|ΩR|
∑

h∈ΩR g 6=h

I(g; h).

Then the true regulator for a geneg maximizesI(g,R) among all regulons.
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Although mutual information captures the nonlinear dependency in the data, it can-

not capture the geometric connectivity pattern in data. However, kernel embedding

built upon the mutual information similarity matrix can clearly capture this geometric

information. The LLE kernel embedding matrix can be constructed from a local simi-

larity matrix (contains only pairwise similarity of genes in thek nearest neighborhoods

of each other) derived from the pairwise mutual information matrix.

Results and discussions

To evaluate the application of kernel embedding to the construction of gene regulatory

networks, we used the gene expression data and the knowledge of known interactions

between genes and transcription factors described in section 6.2.2. We extracted core

regulon information for each TF from regulonDB [101]. The most recent data set con-

tains known interactions for 137 transcription factors with at least 3 interactions. The

whole set covers 1446 genes with the total of 3213 interactions.

Following the algorithm described above, we first constructed the Pearson linear

correlation matrix and pairwise mutual information matrix for each data sets. Then, the

local similarity matrices were constructed from these matrices by only keeping theK

nearest neighbors of each gene and adjusting other elements to zero, while forcing the

matrix to remain symmetric. This guarantees that the obtained local similarity matrix

has the proper properties. We compared the prediction accuracy of the proposed method

with other potential approaches. We used the set of known interactions and compared

different approaches by their ability to recover these interactions. Each method pro-

vides the association score between the genes and regulators. For example in the case

of the relevance network (CLR network [84]) the scores are CLR scores between genes

and TFs. For regulon based approaches the association scores are the similarity scores

between genes and core regulon. We assumed that each method should assign at least
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Table 6.3: Comparison of Gene-TF and 4 Gene-Regulon based methods. Recall and
precision values are in% for two microarray data sets, cDNA data set and Affymatrix
data set.

(Gene-TF) Gene-Regulon Gene-Regulon Gene-Regulon Gene-Regulon

Mutual Information Correlation MI LLE kernel-MI LLE kernel-Corr.

Recall Precision Recall Precision Recall Precision Recall Precision Recall Precision

cDNA 13.5 9.5 26 10.4 24.6 12.2 48.2 36.5 51.5 42.5
Affymatrix 26.8 17.1 38.8 15.9 42.3 21.8 66.9 65 69 67.7

one regulator to each gene with the known interactions. The assignment of the regula-

tors to genes have been made by similar rules to that of section 6.2.2. The recall and

precision measures were used to compare different approaches.

Table 6.3 shows the comparison between different approaches for two data sets.

Gene-TF based approach is that of CLR version of the relevance network using mu-

tual information. However, unlike in the original work [84] which uses a threshold,

therefore giving limited number of predictions, we wanted the algorithm to provide at

least one prediction for each gene with known interactions. We also present four dif-

ferent versions of Gene-Regulon based approaches. These approaches are different in

how they compute the similarity between the genes and the regulon. The first approach

uses the correlation values, the second uses pairwise mutual information values, the

third and forth use constructed kernel embedding matrices from mutual information

and correlation matrices respectively.

As seen from the table the second data set provides more accurate prediction sim-

ply because it covers many more experimental conditions. However, for both data sets

across different approaches, the Gene-Regulon based approach using LLE kernel pro-

vides the most accurate predictions. Interestingly, the LLE kernel constructed from the

correlation matrix performs better than the LLE kernel constructed from the mutual in-

formation. We argue that the LLE kernel by itself can capture the nonlinear correlation

and the property of mutual information in capturing nonlinear dependency does not add

additional merit in this case. On the other hand, the estimation of mutual information
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Figure 6.7: The effect ofK, the number of selected neighbors, on recall and precision
for two data sets.

is more sensitive to the sample size than that of correlation. This is more apparent

when one compares the performance of the kernel for the data set with a smaller num-

ber of samples. Therefore, we argue that the reason for the better performance of the

kernel derived from correlations is that the estimation of the correlations from data is

more accurate than the estimation of the mutual information. This results in a more

accurate local similarity matrix, which in turn affects the constructed kernel. The re-

call and precision values for the kernel approaches, in Table 6.3, were obtained using

K = 3, 4, number of neighbors. The value ofK was selected by running the algorithm

for K = 1, ..., 20. Figure 6.7 depicts the performance comparison with respect to the

values ofK. The detriment effect of increasingK is more pronounced on precision

than recall, which is indicative of increasing the number of predictions with little or no

extra correct predictions.

Figure 6.8 provides the comparison between LLE kernel and Laplacian kernel. The

Laplacian kernel [110, 108] can be formed from the local similarity matrixW , first

by forming the graph Laplacian,L = D − W , whereD is diagonal matrix called

the degree matrix. The diagonal elements ofD are sums of the row elements ofW .

Then the Laplacian kernel is defined by taking pseudo-inverse of the graph Laplacian.
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Figure 6.8: Comparison of recall and precision between LLE Kernel and Laplacian
Kernel, both constructed from correlation matrix of affymatrix data set.

Though, the LLE Kernel performance is far better than the Laplacian, the Laplacian

shows more robust behavior with respect to the number of neighbors, which is due to

its property in capturing longer range interactions on the graph as well [113]. However,

these longer range interactions derived from local similarity matrix may not be true

interactions, and in turn they affect the overall performance of the Laplacian kernel.

We also carried out the following procedure to determine false discovery rate (FDR)

for our predictions. To do so, we permuted the gene expression data for each gene

across experimental conditions and applied the algorithm on the permuted data. The

randomization process and the simulation was repeated 100 times. We only applied

this procedure on the data set with the larger sample size and used the LLE kernel con-

structed from the correlation matrix. We calculated the recall and precision as defined

before. Figure 6.9 shows the recall-precision performance for different values ofK

for randomized data and real data. As seen both recall and precision for randomized

data remain less7% for all values ofK. To estimate the FDR we calculated the true

positive (TP) value when applying the algorithm to real data and calculated the true

positive when applying the algorithm to randomized data and assumed this TP to be

false positive (FP). Then we approximated the false discovery rate asFDR = FP
TP

. To
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Figure 6.9: Comparison of recall and precision for real Affymatrix data and its random-
ized version. LLE Kernel constructed from correlation matrix in both case.

be more precise, considering that the total number of predictions in the two cases might

be significantly different, we definedFDR = Precisionr

Precision
, wherePrecision is precision

when using real data, andPrecisionr is precision value when using randomized data.

This resulted in the FDR value of∼ 9% when averaging over 100 randomized data sets.

Finally using the ChIP-Sequencing data forE.coli transcription factor Lrp, analyzed

in Chapter 4, we could verify 33 newly predicted targets for this regulator. In Figure

6.10, these new, along with many known, interactions for Lrp are color classified in a

circular layered network graph for Lrp.
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Figure 6.10: Lrp known and predicted targets: Green interactions are known inter-
actions which are predicted, red interactions are known interactions which could not
be predicted by our algorithm and blue interactions are the new predicted interactions
which were verified using ChIP-Sequencing data.



Chapter 7

Conclusion

The goal of this dissertation was to provide computational frameworks for the analy-

sis of genomic data in order to classify functionally related genes and to identify the

interactions between genes and transcriptional regulators. In this chapter, as this disser-

tation comes to end, we summarize our contributions and provide directions for future

research which can complement this study.

7.1 Contributions

In this dissertation, we have made several contributions to the existing literatures for the

missing values estimation, pattern matching and identification of binding sites, analysis

of Chip-sequencing data, clustering of data from multiple sources and construction

of gene regulatory networks. In the data preprocessing step for the analysis of DNA

microarray data, we proposed a method based on fixed rank approximation algorithm

to estimate missing values on DNA arrays. This algorithm coupled with clustering

of genes with similar profiles proved to be fast and accurate in imputing real gene

expression data matrices containing missing values.

For the analysis of binding data, we proposed two distinct mathematical frameworks

100
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to identify regulatory regions on the genome from sequences and ChIP-Seq data. We

developed an efficient pattern matching algorithm, which accounts for the position-

specific dependencies between nucleotides in the sites, to discriminate between the

binding sites and non-specific DNA sequences. Also, an algorithm for the analysis of

ChIP-Seq data was proposed which unlike existing methods is able to identify enriched

region locally in the absence of additional set of background data. Using this algorithm

applied on the new generated ChIP-Seq data we were able to identify almost all known

and many new targets for transcription factor Lrp inE.coli

Information fusion through combining of diverse biological data sets is an important

issue that we tried to address throughout this dissertation. We proposed algorithms for

handling multiple sources of data in the context of gene clustering and gene regulatory

network constructions. We introduced and advocated a new concept of gene-regulon

association, in contrast to gene-gene association, for building the gene transcriptional

regulatory networks from gene expression data. Using this new framework, we devel-

oped supervised model-driven and data-driven algorithms to identify new regulatory

interactions inE.coli. The proposed model-driven algorithm built upon the assumption

that transcriptional activity of co-regulated genes should sufficiently absorb in itself the

activity of their common regulators. The nonlinear kernel embedding techniques were

adopted in the data-driven algorithm to capture the nonlinear correlation and geometric

connectivity patterns in gene expression data. Both algorithms showed significant in-

creases in the precision and recall compared to existing methods while reconstructing

E.coli known regulatory interactions.

Finally, we should note that this research area is a new application domain, and

many computational techniques developed during past years in other fields can be

adapted in this filed. Therefore, instead of reinventing the tools with little or no jus-

tification, it is better to have a careful strategy in selecting and applying the available
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techniques which really can help in new biological discoveries. We hope the computa-

tional models presented in this dissertation, in particular the regulatory network models,

can produce testable hypotheses that can be validated via biological experiments.

7.2 Directions of future works

The process of discovery in biological sciences is incremental. In some cases new

discoveries may undermine the previous one. This is more pronounced when our find-

ings are based on limited observations or data. In this dissertation we demonstrated

how gene expression and location data can be combined to construct gene regulatory

networks. With the availability of many other sources of data, it is important that the

information from data sets such as protein-protein interaction data, textual data and

gene annotation data are also considered in the proposed combining methods. We also

proposed the application of functional kernels for combining multiple sources of data.

These kernels require the availability of numerical data for their construction. On the

other hand, the kernel embedding approaches presented in the previous chapter have

the ability to form the kernel matrices from similarities between objects, and they can

simply be used for categorial data as well as numerical data. This allows integration

of, for example, the gene annotation data with gene expression and location data for

clustering of functionally related genes. Similarly, kernel embedding matrices can be

replaced for pairwise linear correlation matrix in many module detection algorithms

such as those described in Chapter 5.

With similar motivation and concurrent to our study, a supervised classification

algorithm using kernel functions has been proposed in [114] to complete the transcrip-

tional regulatory network of E-coli using gene expression data. Unlike kernel functions,

where only the corresponding data of each pair contribute in computing each element

of kernel matrix, all objects affect the entries of kernel embedding matrices. Again, it
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would be interesting to see if kernel embedding matrices can improve the classification

accuracy when they are used in place of kernel functions.

Finally, an important issue which could not be easily addressed by the computa-

tional methods presented in this dissertation was the quantification of the interactions

between genes and regulators. The question of how structure of the binding sites can

influence regulation of transcription and why targets of a transcription factor respond

differently remain yet to be answered. A careful design of new intervening experiments

such as designing high throughput promoter-GFP constructs might provide a suite of

data to answer these questions.
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