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Regulatory modules are segments of the DNA that control particular aspects of
gene expression. Their identification is therefore of great importance to the field of
molecular genetics. Each module is composed of a distinct set of binding sites for
specific transcription factors. Since experimental identification of regulatory modules is
an arduous process, accurate computational techniques that supplement this process can
be very beneficial. Functional modules are under selective pressure to be evolutionarily
conserved. Most current approaches therefore attempt to detect conserved regulatory
modules through similarity comparisons at the DNA sequence level. However, some
regulatory modules, despite the conservation of their responsible binding sites, are
embedded in sequences that have little overall similarity.
We hypothesize that it will be more efficient and make more biological sense to
perform the cross-genome comparison at the binding site level since the evolutionary
pressure is on the binding site patterns that determine the gene regulation. In this study,
xi

we developed a novel methodology that detects conserved regulatory modules via
comparisons at the binding site level. The methodology compares the binding site
profiles of orthologs and identifies those segments that have similar (not necessarily
identical) profiles. The similarity measure is based on transformed profiles, which takes
into consideration the p values of binding sites as well as the potential shift of binding
site positions. Furthermore, statistical analysis was performed to evaluate the accuracy of
the similarity measure. We used simulated sequence pairs for the optimization of the
methodology and the methodology was then verified on real word sequences.
Our research demonstrates that, for sequences with little overall similarity at the
DNA sequence level, it is possible to identify conserved regulatory modules based solely
on binding site profiles. This methodology has been implemented as a web-based tool,
BLISS, for the research community.
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CHAPTER 1
INTRODUCTION
One of the central processes in the life of a cell is the expression of the information
encoded in its DNA. The initial stage of this expression is the synthesis of messenger
RNA (mRNA) from the DNA template, a process referred to as transcription (Figure 11).
Transcription

DNA

Translation

mRNA

PROTEIN

Figure 1-1. Transcription and translation.
One of the major challenges in molecular genetics is to understand the precise
mechanism via which gene expression is regulated. The regulation of gene expression at
the level of transcription is a very complex process and is controlled by DNA binding
proteins called transcription factors (TFs). As shown in Figure 1-2, the initiation of
transcription begins with the binding of RNA polymerase II complex to the promoter, a
region right in front of the first exon of the gene. The level (i.e., rate) of transcription is
controlled by bindings between TFs and corresponding short DNA sequences,
Transcription Factor Binding Sites (TFBSs). The size of a typical binding site ranges
between 5 and 25 base pairs (bps) (Boulikas 1994; Hernandez-Munain and Krangel
1994). It is possible that the binding of a single TF to TFBS can affect the rate of
transcription, however, in higher eukaryotes, it often takes multiple TFBSs to group
together as a regulatory module to determine the precise temporal and spatial expression
1

2
of the genes. Despite the importance of regulatory modules, our abilities to identify and
characterize them are still very limited (Qiu 2003).

Figure 1-2. Transcription is controlled by transcription factors.
While laboratory identification of regulatory modules is feasible (Galas and
Schmitz 1978; Fried and Crothers 1981; Garner and Revzin 1981), the process is in
general expensive, time-consuming and arduous. Accurate computational approaches
therefore promise to be very beneficial as a supplement to the traditional laboratory
experiment since they can lead biologists to a more efficient determination of the
regulatory elements.
Functional regulatory modules are under selective pressure and tend to be
evolutionarily conserved. Most current approaches therefore attempt to detect conserved
regulatory modules through similarity comparisons at the DNA sequence level. However,
some regulatory modules, despite the conservation of their responsible binding sites, are
embedded in sequences that have little overall similarity. It therefore makes biological
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sense to perform the cross-genome comparison at the binding site level since the
evolutionary pressure is directed at the binding site level.
The objectives of this thesis are
1.

To test the feasibility of cross-genome comparison at the binding site level.

2.

To develop a novel methodology that detects conserved regulatory modules
via comparisons at the binding site level.

3.

To implement the methodology as a web-based tool that can be publicly
accessed by the research community.

The remaining chapters are organized as follows:
Chapter 2 conducts a literature review, in which background material and related
research in the field are presented.
In chapter 3,we demonstrate that it is feasible to perform the cross-species
comparison at the binding site level and that conserved regulatory modules can be
predicted in diverged sequences without detectable DNA sequence similarity. However,
this comes with the limitation that we know that a conserved module exists in the shorter
of the two sequences being compared.
In chapter 4, based on the research results in chapter 3, we extend the methodology
to a more general case, i.e. two sequences without the prior knowledge about the
locations of the regulatory modules.
In chapter 5, we focus on BLISS, the web implementation of this methodology.
Chapter 6 presents conclusions and suggestions for future research.

CHAPTER 2
LITERATURE REVIEW
Computational Representation of TFBSs
Most eukaryotic TFs can bind to multiple binding sites and tolerate considerable
sequence variation in their binding sites. The computational analysis of regulatory
regions in genome sequences is based on the prediction of potential TFBSs, which
depends on the quality of the models that represent the binding specificity of the
transcription factors. These models are based upon a statistical representation of
experimentally determined binding sites for a particular TF.
IUPAC consensus code was first used to represent this degenerate feature of TFBSs
by Day and McMorris (1992). They used a string such as RCCY to represent the
combination of string ACCT, ACCC, GCCT, and GCCT. IUPAC consensus characters
are listed in Table 2-1.
Table 2-1. IUPAC consensus characters.
IUPAC consensus character in the motif

Matching base in the DNA sequence

A
T
G
C
R
Y
W
S
M
K
B
H
V
D
N

A
T
G
C
A or G
T or C
A or T
G or C
A or C
G or T
T or G or C
A or T or C
A or G or C
A or G or T
A or T or G or C
4

5
However, the disadvantage of IUPAC consensus sequence is that it does not take
into account the frequency at which each nucleotide occurs at each position of a TFBS
and therefore cannot represent a TFBS quantitatively. It disregards too much information
originally present in the set of TFBSs (Quandt et al. 1995).
Compared to IUPAC, matrix based representations (including frequency matrices
and Position Weight Matrices - PWMs) retain more information and are quantitative
representations of TFBSs. In this case, the binding specificity of each position is
described by the elements of the matrix. Comparative analysis (Osada et al. 2004) has
shown that matrices are a much better way to represent TFBSs. Each matrix is of size 4 X
k, where the rows correspond to each of the nucleotides and the columns represent the
base preference for each position of the binding site. For a frequency matrix, each column
gives the nucleotide distribution at that position. For instance, Figure 2-1 is the frequency
matrix of transcription factor “v-Myb” from TRANSFAC Professional r9.1 (Matys et al.
2003), which was obtained from 24 experimentally determined binding sites. Each
element in the matrix represents how many times a specific nucleotide was observed at a
certain position. The last column in the matrix is the IUPAC consensus sequence for the
transcription factor.
Position
01
02
03
04
05
06
07
08
09
10

A
13
14
2
23
24
1
0
1
11
12

C
4
3
7
0
0
23
1
1
5
5

G
4
5
1
0
0
0
17
21
4
2

T
3
2
14
1
0
0
6
1
4
5

A
A
T
A
A
C
G
G
N
A

Figure 2-1. Frequency matrix of transcription factor “v-Myb” from TRANSFAC.
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The PWM is derived from this frequency matrix and then the base preference at
each position is estimated based on the nucleotide distribution (Bucher 1990; Stormo
2000). The quality of the matrix is dependent upon experimentally determined target
sites. As of now, most matrices have been built based on binding sites through in-vitro
target-site detection assays. But, it was recently reported that in vivo functional TFBSs
can be detected by ChIP-Chip (chromatin immunoprecipitation coupled with microarray
chip hybridization) technique (Lee et al. 2002), which will greatly enhance both the
quality as well as the coverage of the noted matrices.
TFBSs Databases
TRANSFAC, TRANSCOMPEL, TRRD and JASPAR are databases that store
information about transcriptional regulation in eukaryotic cells.
TRANSFAC (Knuppel et al. 1994; Wingender et al. 1996; Wingender et al. 2000;
Matys et al. 2003) is the leading database that includes Transcription Factors, their target
genes and Transcription Factor Binding Sites, matrices of TFBSs and other information
about transcriptional regulation. TRANSFAC represents the most comprehensive
collection of TFBSs and summarizes them as matrices. All information collected in
TRANSFAC is generated from published literature. Its content has been extending and
improving over the last ten years as shown in Table 2-2.
Table 2-2. Statistics of TRANSFAC.
TRANSFAC
1996

TRANSFAC
2000

TRANSFAC6.0
2003

TRANSFACr9.1
2005

169

356

336

753

FACTOR

1544

2765

4219

6017

SITE

4304

8390

6627

15244

GENE

-

1302

1755

4649

3130

6570

-

11126

Matrix

REFERENCE

7

The newly released TRANFACT Professional r9.1 has a total of 753 matrices for
bacteria, fungi, insects, nematodes, plants and vertebrates, as indicated in Table 2-3.
Table 2-3. Matrices in TRANSFAC Professional r9.1.
Matrix Number
Bacteria
Fungi
Insects
Nematodes
Plants
Vertebrates
Total

1
56
50
7
84
555
753

Matrix Number Without
Duplication
1
44
40
5
66
379
535

TRANSFAC contains redundant sets of matrices of diverse quality for some
TFBSs. It is a commercial resource and only an older version of TRANSFAC can be
accessed by the public for free.
JASPAR (Sandelin et al. 2004) is an open-access database and its data can be
unrestrictedly accessed for free. All matrices in JASPAR were derived from published
collections of experimentally determined TFBSs. JASPAR claims that it has a nonredundant collection of reliable matrices.
TRANSCOMPEL (Kel-Margoulis et al. 2000; Kel-Margoulis et al. 2002) is a sister
database of TRANSFAC and includes information about composite regulatory elements.
Each composite regulatory element contains two closely situated binding sites of distinct
transcription factors. There are two types of composite regulatory elements: synergistic
and antagonistic. A synergistic composite regulatory element results in transcriptional
activation, while in an antagonistic composite regulatory element, the two factors
interfere with each other and repress transcription. However, the effectiveness of
TRANSCompel is limited by it small size.
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Transcription Regulatory Regions Database (TRRD) (Kel et al. 1997; Heinemeyer
et al. 1998; Kolchanov et al. 1999; Kolchanov et al. 2000) describes the structure of
eukaryotic transcription regulatory regions. Each TRRD entry corresponds to an entire
gene and binding sites are listed at the lowest level of the hierarchy. However, this
database is seldom referred to by current publications.
Computational Identification and Statistical Evaluation of TFBSs
Computational Identification of TFBSs
Computational identification of TFBSs is very important to decode the regulation
network of genes. Although some earlier methods of predicting TFBSs were based on
consensus sequences (Kondrakhin et al. 1995; Prestridge 1995), most recently developed
methods are based on matrices (Frech et al. 1997).
Match is a weight-based tool to search for potential transcription factor binding
sites in DNA sequences. Match is associated with TRANSFAC and it uses the matrix
library collected in TRANSFAC to search for TFBSs. Because TFBSs may be detectable
on either the forward or the backward strand, Match searches both strands of input DNA
sequence for TFBSs. The algorithm uses two scores: the matrix similarity score (MSS)
and the core similarity score (CSS). Both scores measure the similarity between the
segments of the sequences under consideration and the TFBS matrices. MSS is calculated
using all positions of the matrix while CSS is calculated using the five core (most
conserved) positions in the matrices only. Both MSS and CSS range from 0 to 1 where 1
means an exact match. MSS is calculated as follows (Kel et al. 2003):

MSS =

Current − Min
Max − Min

9
L

Current = ∑ I (i ) f i ,bi
i =1

L

Min = ∑ I (i ) f i min
i =1

L

Max = ∑ I (i ) f i max
i =1

I (i ) =

∑f

i,B
B∈{ A<T <C <G }

ln(4 f i , B )

i=1, 2, …, L

where f i ,bi is the frequency of nucleotide B occurring at position i of the matrix
(B∈{A,T,C,G}). f i min is the frequency of the nucleotide that is the lowest in position i
and f i max is the frequency of the nucleotide that is the highest in position i of the matrix.
The information vector I (i ) reflects the extent of the conservation of i position in the

matrix. The more conserved the position i is, the greater is the information vector value
of that position. In this manner, for a highly conserved position, a mismatch will receive a
large penalty while a match will score high. On the other hand, less conserved positions
contribute less than conserved positions whether they be a match or a mismatch. This
leads to better recognition of TFBSs compared to methods that do not use an information
vector.
Stormo (1998, 2000) and Stormo and Fields (1998) pointed out that logarithms of
the base frequencies should be proportional to the binding energy and the information
vector is therefore related to the average binding energy between transcription factors and
binding sites. Hence, Match score is not just a statistical score, but is in direct relation to
the protein-DNA binding energy.
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Match requires users to choose a score threshold, which is based on a balance
between specificity and sensitivity. When a high threshold is used, noise is reduced from
the output and the false positives decrease. However, at the same time, some functional
binding sites with low scores are ignored. Increased specificity causes decreased
sensitivity. On the other hand, when a low threshold is used, both false matches and true
binding sites are reported. Increased sensitivity causes decreased specificity. Hence, an
ideal threshold should restrict false positives without losing too many true positives.
One assumption of methods based on matrices is that positions in the binding site
contribute additively and independently to the total activity. However, recent biological
experiments suggest that dependence exists among positions in TFBSs (Benos et al.
2002; Bulyk et al. 2002). More complicated models (Stormo et al. 1986; Lawrence and
Reilly 1990; Lawrence et al. 1993; Zhang and Marr 1993; Zhou and Liu 2004;
Gershenzon et al. 2005) are being considered. For instance, di-nucleotides are chosen as
the elements of the matrix instead of single nucleotides. But, the limitation of these
methods is that they need more prior information and more training binding sites, which
are currently not easy to obtain. So, these approaches are rarely used.
Other available softwares to identify TFBSs include MatInspector (Quandt et al.
1995), ConsInspector (Frech et al. 1993), FUNSITE (Kel et al. 1995), TFBIND (Tsunoda
and Takagi 1999), SIGNAL SCAN (Prestridge 1996), MATRIX SEARCH (Chen et al.
1995), SeqVISTA (Hu et al. 2003; Hu et al. 2004), RSAT (van Helden 2003), BEST (Che
et al. 2005) and P-Match (Chekmenev et al. 2005). The primary problem with existing
methods for predicting TFBSs is that there tend to generate unacceptably large number of
false positives and only a very small fraction of the predicted TFBSs are functional ones.
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Because of the large number of false positives, these methods are of little practical use for
predicting TFBSs in vivo.
Statistical Evaluation of TFBSs

A fundamental challenge for TFBSs-searching methods is how to reduce false
positives and improve prediction accuracy. One of the reasons for false positives is that
short sequences (when trying to identify short TFBSs) occur a lot by chance. Estimating
the statistical significance of an identified match is valuable and may increase the
performance of TFBSs-searching methods. To calculate statistical significance, a
background model is necessary. Based on the background model, we will see how likely
it is to see a score that is at least as good by chance. Formally, the p-value of a score is
defined as the probability of obtaining such a score or higher from the background model.
A simple way of estimating the p-value of a score is via naïve approximation. A
large pool of subsequences is sampled from the background distribution, and the score of
each subsequence is calculated based on the matrix. The p value is estimated by
calculating the fraction of samples that have scores as high as that score. The primary
drawback of naïve approximation is that it needs huge number of samples to accurately
estimate the p value. Normally, the number of samples should be two orders of
magnitude larger than the inverse of the actual p value. If there are not enough samples,
small p values will be poorly estimated. Available samples and time complexity are
major drawbacks of the naïve approximation method.
Independent and identically distributed (IID) background sequence model (Staden
1989) can be used to evaluate p value. The position p value of MAST (Motif Alignment
and Search Tool) (Bailey and Gribskov 1998; Bailey and Gribskov 2000) is defined as
the probability of observing such a match score or higher at a single, randomly chosen
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position in a random sequence, and it is obtained by calculating the cumulative density
function based on the null hypothesis that each position in the sequence is independent
and identically distributed (IID).
It has been reported that neighboring nucleotide compositions can affect the
binding between a transcription factor and its binding site. Local Markov Method (LMM)
(Huang et al. 2004) incorporated the local genomic context into the p-value-based scoring
method and modeled the background sequences as a Markov chain. The p value for a
candidate site in this method reflected simultaneously both the similarity to its matrix and
its difference from the local genomic context. LMM claimed that, compared to other
current methods, it could reduce false positive errors by more than 50% without
compromising sensitivity. Similarly, Thijs et al. (Thijs et al. 2001) use a higher-order
background model to enhance the performance of their motif-finding algorithm.
Although statistical analysis has been integrated into predictions of TFBSs, large
amounts of false positives still exist and accurate identification of TFBSs is hard to
achieve.
Cis-Regulatory Modules (CRMs) and Computational Prediction of CRMs
Cis-Regulatory Modules (CRMs)

Genes are rarely regulated by a single TF. Abundant evidence shows that TFBSs
occur in clusters rather than in isolation (Maniatis et al. 1987; Johnson and McKnight
1989; Shaw 1992; Wang et al. 1993; Tjian and Maniatis 1994). Each gene has a unique
set of TFs that are responsible for its spatial and temporal expression. Transcription is
initialized by the binding of RNA Polymerase II to the promoter region, but the
expression level of the gene is controlled by the specific set of TFs. The binding of a TF
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to its TFBS may enhance or repress the binding of other TFs to their TFBSs (Weintraub
et al. 1990; Fickett 1996; Muhlethaler-Mottet et al. 1998).
In higher eukaryotes, the regulatory information is organized into modular units
which contain multiple TFBSs over a few hundred base pairs of DNA sequence. Such a
functional unit is often referred to as Cis-Regulatory Modules (CRMs, we also use
regulatory modules to refer to CRMs alternately). Various CRMs work together to offer
the combinatorial regulation of gene transcription in response to different conditions
(Yuh et al. 1998). Genes are typically controlled by several CRMs, which are generally
located within a few hundred base pairs from the promoter region, but may occur
thousands or even tens of thousands of base pairs either downstream or upstream from
the transcription start site.
TFBSs in a CRM are co-localized with specific distances apart on the genome. The
distance between the binding sites within the CRM may overlap (Lewis et al. 1994), lie
adjacent to each other (Whitley et al. 1994) or may be dozens of base pairs apart
(Lemaigree et al. 1990). Considering the complexity of the identification of CRMs, some
groups (Hannenhalli and Levy 2002) have started to work on TF pairs called composite
regulatory elements. Kel et al. (Kel et al. 1995) investigated 101 composite regulatory
elements and found that the distance between these binding sites vary between complete
overlap and 80 bps. The mean distance was found to be around 17 bps. Qiu et al. (Qiu et
al. 2002) analyzed all the entries of composite elements in the TransCompel database
(version 3.0) and they found that approximately 87% of the composite elements were
within 50 bps distance from each other and about 65% were within 20 bps distance.

14
Transcriptional regulation is mediated by CRMs involving both protein-DNA and
protein-protein interaction. The immense false positive of current TFBS-prediction
methods is most likely a result of attempting to predict TFBSs based only on proteinDNA interactions between TFs and TFBSs and ignoring their context, interactions
between/among TFs, etc.
Computational Identification of CRMs

It has been reported that high local density of TFBSs account for the specificity of
their activities and is required for functional CRMs, which has been used as the basis for
identifying novel CRMs (Frith et al. 2001; Berman et al. 2002; Halfon and Michelson
2002; Rajewsky et al. 2002; Rebeiz et al. 2002; Johansson et al. 2003; Berman et al.
2004). These methods define a cluster as a certain window size DNA sequence with
certain number of known TFBSs, and then search for such clusters in the given DNA
sequence to predict regulatory regions. These methods, however, need prior knowledge
of TFBSs, which is not available in general.
With the development of microarray technology, genes can be classified into
different clusters based on their expression pattern. Genes in the same cluster are
assumed to be co-regulated. Co-regulated genes are hypothesized to share common CisRegulatory Modules (CRMs), since they share the same regulatory response. It has been
observed that functional TFBSs often appear several times in the regulatory region so that
occurrences of relevant TFBSs are significantly more than expected by chance. Hence,
methods based on co-regulated genes comparison are to search for over-represented
motifs in the collection of regulatory regions (Bailey and Elkan 1995; Workman and
Stormo 2000; Liu et al. 2001; Thijs et al. 2002; Elkon et al. 2003; Zheng et al. 2003; Cora
et al. 2004; Grad et al. 2004). High frequency of false positives is also a major problem
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with these methods. Furthermore, these methods require a reliable set of co-regulated
genes. But, it is also possible that the expression of one gene is triggered by the
expression of another gene in the same cluster and they are not really co-regulated genes.
Some groups have tried to conquer this problem by annotating genes to specific Gene
Ontology (GO) terms (Cora et al. 2004).
Cross-species Conservation of Cis-Regulatory Modules (CRMs)

Functional sequences including coding and functional noncoding sequences tend to
evolve at a slower rate than non-functional sequences. Noncoding sequences that play an
important role in regulation are assumed to survive natural selection for longer periods of
time. It has been shown that CRMs are conserved across species (Frazer et al. 2003;
Ludwig et al. 2005).

Figure 2-2. The known TFBSs in S2E: bicoid (circle), hunchback (ovals), kruppel
(squares), giant (rectangles), and sloppy-paired (triangle). Symbols
representing sites 100% conserved compared to D. mel are green, while
those diverged are shaded orange.
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Early Drosophila embryo is a paradigmatic model for studying transcriptional
control of development (Arnosti 2002). Exhaustive genetic analysis has been applied to
this model. Even-skipped (eve), an important developmental gene in Drosophila,
produces seven transverse stripes in the blastoderm embryo. The stripe 2 enhancer (S2E)
is the best studied one and includes multiple TFBSs of five TFs, the activators bicoid
(bcd) and hunchback (hb), and the repressors giant (gt), Kruppel (kr), and sloppy-paired
(slp) (Small et al. 1992; Arnosti et al. 1996; Andrioli et al. 2002). As shown in Figure 22, experimental investigations suggest that S2E is evolutionarily conserved among D.
melanogaster, D. yakuba, D. erecta and D. pseudoobscura. D. yakuba and D. erecta are
separated by approximately 10-12 million years from D. melanogaster, and D.
pseudoobscura split from D. melanogaster about 40-60 million years ago (Ludwig et al.
1998; Ludwig 2002; Ludwig et al. 2005). There is no detectable difference in the spatial
or temporal control of gene expression among these four species.
Mel
PSE

AATATAACCCAATAATTTGAAGTAACT------------GGCAGGAGCGAGGTAT----- 43
AATATAACCCAATAATTTTAACTAACTCGCAATGGACAGGGCAGTAGAGCAGTAGAGTAG 60
****************** ** *****
***** ** * ***

Mel
PSE

--CCTTCCTGGT---------TACCCGGTACTG-----CATAACAATGGA-----ACCCG 82
AGCATTGCAGGAAGGATGCAATACTCGGGAATGGAATGCATAACAATGGGCAAGGACCAG 120
* ** * **
*** *** * **
***********
*** *

Mel
PSE

AA--CCGTAAC-TGGGACAGA-----TCGA---------AAAGCTGGCCTGGTTTCTCGC 125
GGTTCCGTTTCGCGAGATAAGGTTCTTTGACGGTTCCTTGACGGTTCCTTGACGGTTCCC 180
**** * * ** *
* **
* * * * **
** *

Mel
PSE

TGTGTGTGCC-------GTGTTAATCCGTTTGCCATCAGCGAGATTATTAGTCAATTGC- 177
TGTGTGCTCTCTGCTCTGTGTTAATCCGTTTGCCATCAGCAAGATTATTAGTCAATTTTC 240
****** *
*********************** ****************

Mel
PSE

-------------AGTTGCAGC----GTTTCGCTTTCGTCCT------CGTTTCACTTT- 213
ATATTTCCAGTCGAGTCGCAGTTTTGGTTTCACTTTCCTCCTTTGCCACTTCTTGCCTTG 300
*** ****
***** ***** ****
* * * * **

Mel
PSE

---------------------------------------------------------CGA 216
CCTCATGTGGATGCCGATGCCGATGCCGTTGCCGTTGCCGTTGCCGTTGCCGACCGACGA 360
***

Mel
PSE

GTTAGACTTTATTGCAGCATCTTGAACAATCGTC-GCAGTTTGGTAACACGCTG------ 269
GTTAGATTTTATTGCAGCATCTTGAACAATCAACTGGAATTTGGTAACATGCTGCGCGGC 420
****** ************************ * * * ********** ****

Mel
PSE

--------------TGCCATACTTTCATTTAGACGGAATCGAGGGACCCTGGACTATAAT 315
CTAACCCTGGAGATTGCTCTACTTTCGCCTCAATTGAATCGGAGTTAGGCGGAAGACGGC 480
*** *******
* * ****** *
*** *

Figure 2-3. S2E of D. Mel and D. Pse alignment using CLUSTALW.
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Mel
PSE

CGCACAACGAGACC--GGGTTGC-----GAAGTCAGGGCATTCCGCCGATCTAGCCATCG 368
GGACCCTTGCGACCAAGGGTTGTCTCCTGGCCTCAGGAGTTTCCACAGTCAACGCTTTCG 540
* *
* **** ******
*
*****
**** * *
** ***

Mel
PSE

CCATCTTCTGCGGGCGTTTGTTTGTTTGTTTGCTGGGATTAGCC-AAGGGCTTGACTTGG 427
CTGGTTTGTTTATTTGTTTGTTTGTTT--TAGCCAGGATTAGCCCGAGGGCTTGACTTGG 598
*
** *
************ * ** ********* **************

Mel
PSE

AATCCAATC-----------------------------------CTG-ATCCCTAGCCCG 451
AACCCGACCAAAGCCAAGGGCTTTAGGGCATGCTCAAGAGATCCCTATATCCCTATCCCT 658
** ** * *
** ******* ***

Mel
PSE

ATCCCAATCCCAATCCCAATCCC--TTGTCCTTTTCATTAGAAAGTCATAAAA-ACACAT 508
GTCGCGATCCCTAAACCGATCCCATTTGGCAATTTCATTAGAAAGTCATAAAACACACAT 718
** * ***** * ** ***** *** * ********************* ******

Mel
PSE

AATAATGA--TGTCGAAGGGATTAGG-----GGCGCGCAGGTCCAGGCAACGCAAT---T 558
AATAATGAGATGTCGAAGGGATTAAGATTAAGGGACGCACACACAGGCAGCAGGATCATT 778
******** ************** *
** ****
****** *
**
*

Mel
PSE

AACGGACTAGCGAACTGGGTTATTTTTTTGCGCCGA-----------CTTAGCCCTGATC 607
AACGGACTAACGGAATCGGGTTATTTTTTGCGCTCAACCGGACGGAGCTTAACGCTAAGC 838
********* ** * * ** * ********** *
**** * ** * *

Mel
PSE

CGCGAGCTTAACCCGTTTTGAGCCGGGCAGCAGGTAG-TTGTGGGTGGACCCCACGACTT 666
CACAAGCTTAACCCCTTGTGGGCCG--CGGCAGGTAAATCGATGACCGATGTCGCTTGCG 896
* * ********** ** ** **** * ******* * * *
**
* *

Mel
PSE

TTTTGGCCGAACCTCCAATCTAACTTGCGCAAGTGGCAAGTGGCCGGTTTGCTGGCCCAA 726
CAAGGCCCCTACTACTCCCCTCCCCTCC-CATATGACAACCCACTAACC--CTGCCCCCG 953
* ** ** *
** * * * ** ** ***
*
*** ***

Mel
PSE

AAGAGGAGGCACTATCCCGGTCCTG---GTACAGTTGG-TACGCTGGGAATGATTATATC 782
CCCTCTC--CACCACCACTGTACTGTATGTACAGTTGCCTCCTCTCTGGATGATTATATC 1011
*** * * * ** ***
********* * * ** * ***********

Mel
PSE

ATCATAATAAATGTTT 798
ATCATAATAAATGTTT 1027
****************

Figure 2-3. Continued
Although similar at the TFBS level and functionally conserved, as shown in figure
2-3, S2E in D. Mel and D. Pse are substantially diverged at the sequence level. One can
observe large insertion or deletion in spacers between TFBSs, nucleotide substitutions in
TFBSs, variation of length of enhancers, etc. Only 3 of 17 known TFBSs in D.
melanogaster are completely conserved among all four species.
Computational Prediction of Cis-Regulatory Modules (CRMs) by Cross-species
Genome Comparison

In contrast, cross-species genome comparison (Phylogenetic Footprinting) is more
reliable and is capable of identifying CRMs from a single gene of different species, as
long as they are conserved across species. Cross-species genome comparison is based on
the assumption that functional sequences, like regulatory regions, are more conserved
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evolutionarily than nonfunctional regions, due to selective evolutionary pressure. Like a
filter, cross-species genome comparison eliminates non-conserved regulatory regions and
thereby increases the selectivity and specificity of CRMs prediction.
Evolutionarily conserved noncoding regions across species are a potentially rich
source for the identification of regulatory information of genes and can be found by
sequence alignment tools such as BLAST (Altschul et al. 1990), PIPMaker (Schwartz et
al. 2000), MultiPipMaker (Schwartz et al. 2003), CLUSTAL W (Thompson et al. 1994),
AVID (Bray et al. 2003) and VISTA (Mayor et al. 2000). A large number of methods
have been developed recently to predict CRMs based on cross-species genome
comparison. With complementary data provided by sequence comparison, these methods
have improved the prediction of TFBSs.
ConSite (Lenhard et al. 2003; Sandelin et al. 2004) is a web-based tool for the
detection of transcription factor binding sites, which integrates both cross-species
comparison and binding site prediction generated with Matrices. ConSite reports TFBSs
that are in conserved regions and at the same time located as pairs of sites in equivalent
positions in alignments between two orthologous sequences. By incorporating
evolutionary constraints, selectivity is increased compared to approaches purely based on
profile search of single genomic sequence. ConSite claims that it reduces the noise level
by ~85% while retaining high sensitivity compared to single sequence analysis.
Similar to ConSite, rVista (Loots et al. 2002; Loots and Ovcharenko 2004)
combines sequence comparison and TFBS profile based prediction, and attempts to
identify aligned TFBSs from noncoding regions that are evolutionarily conserved. rVista
considers noncoding regions with low DNA similarity as least likely to be biologically
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relevant and it discards these regions for TFBS searches. rVista claims to take an
effective way to reduce false positives.
TraFAC (Jegga et al. 2002) is a web-based application to detect conserved TFBSs
from a pair of DNA sequences. It defines hits as the density of shared TFBSs within a
200-bp window in evolutionarily conserved non-coding regions. The hit count is plotted
as a function of position.
PhyME (Sinha et al. 2004) is an algorithm based on cross-species comparison too.
Furthermore, it integrates another important feature of a TFBS, overrepresentation, to the
algorithm. Overrepresentation depends on the number of occurrences of the TFBS in
each species. By searching conserved and statistically over-represented TFBSs, PhyME
claims to increase both sensitivity and specificity.
TOUCAN (Aerts et al. 2003; Aerts et al. 2005) is a web-based Java application for
the prediction of cis-regulatory elements from sets of orthologs or co-regulated genes.
Orthologs are aligned and conserved regions are selected as candidate search regions.
Toucan has two TFBS prediction algorithms. One is MotifScanner, which is used to
search known TFBSs based on their matrices. Instead of using a predefined threshold that
is independent of the sequence context, MotifScanner uses a probabilistic model to
estimate the significance of TFBSs. The other is MotifSampler, which is used to search
for new TFBSs based on Gibbs sampling.
Another algorithm (Cora et al. 2004) tries to predict over-represented TFBSs from
sets of orthologs. It focuses on short conserved regulatory regions in mice and humans so
that a suitable signal to noise ratio can be achieved. Statistically over-represented TFBSs
in those regions are searched and their annotations to Gene Ontology (GO) terms are
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analyzed. They conjecture that functional TFBSs will be ones that are statistically overrepresented and share the same specific Gene Ontology terms.
CRÈME (Sharan et al. 2003; Sharan et al. 2004) is another web-based tool for
identifying and visualizing CRMs from a set of potentially co-regulated genes. It uses
rVista 2.0 to find TFBSs that are conserved between genomes. Subsequently, it
enumerates all combinations of these TFBSs that occur within a user-defined window.
These combinations are statistically evaluated and significant combinations are reported.
Compared to other methods, CRÈME considers the combination of TFBSs and also
evaluates the statistical significance of the predicted CRMs.
Venkatesh and Yap (Venkatesh and Yap 2005) searched for cis-regulatory elements
from non-coding sequences conserved between fugu and mammals and they believe that
the cis-regulatory elements they found are likely to be shared by all vertebrates
considering the relatively long evolutionary distance between fugu and mammals.
In general, methods based on cross-species genome comparison have improved
prediction of TFBSs by searching TFBSs only in sequence-conserved regions across
species. However, such methods fail to detect CRMs that have retained their functions
but have evolved in their sequence. The performances of these methods depend on the
evolutionary distances of species, alignment algorithms, and profile models of TFBSs
These days, more and more evidence (Thanos and Maniatis 1995; Erives and
Levine 2004; Senger et al. 2004) have shown that CRMs might be highly structured and
depend on a number of organizational constraints, such as distance betweens TFBSs,
orders and orientations of TFBSs, which may be used as further constraints to find
functional CRMs from a noisy background.

CHAPTER 3
THE FEASIBILITY STUDY OF CROSS-GENOME COMPARISON AT THE
BINDING-SITE LEVEL
Background

Transcription is the fundamental biological process in which a selected region of
DNA is transcribed into RNA by a molecular machinery, a core component of which is
RNA polymerase. For most protein-coding genes, transcription is the intermediate step
via which the information coded in their DNA is “expressed” into functioning proteins.
For others, such as RNA genes, the product of the transcription itself may have biological
function. Even though each cell has the complete set of genes in its chromosomal DNA,
only a portion of the genes are transcribed (expressed) in any particular cell depending on
tissue/cell type, developmental stage, etc (Zhang et al 1997). The transcriptome, that is
all of the genes that are selectively transcribed in a cell, determines the function and
morphology of the cell. In addition, the level (i.e., rate) of transcription is often regulated
in response to intra-cellular and extra-cellular environmental factors to achieve cellular
homeostasis. Normal transcriptional regulation, i.e., the right genes being transcribed at
the right times, in the right cell, and at the appropriate rates, is central to almost all
physiological processes. Abnormal regulation of transcription often results in disruption
of development and/or pathological states. For example, ectopic (i.e., abnormally high)
expression of oncogenes leads to hyperplasia and cancer.
A basic element of transcriptional regulation is the interaction of transcription
factors (trans factors) and their corresponding transcription factor binding sites (TFBSs,
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also referred to as cis factors) on the DNA. Transcriptional regulation of a gene (e.g.
restricted transcription in a particular cell type, or elevated transcription, in response to
UV light) is often mediated through the functional/physical interactions among multiple
transcription factors, each recruited to the proximity of the DNA in part by their selective
affinity to their corresponding binding sites. For example, the even-skipped(eve) gene is
transiently expressed in 7 alternative stripes on the longitudinal axis in the developing
Drosophila melanogaster embryo at the blastoderm stage. Each of the seven stripes is

regulated by a distinct set of transcription factors binding to their corresponding binding
sites located in a DNA segment flanking the even-skipped gene. The most well
investigated of these segments is the stripe 2 regulatory region, which has identified
binding sites for 5 different transcription factors in a 700bp (base pair)-1kb (kilo base
pair) DNA region in front of the transcription initiation site of the eve gene. Evolutionary
comparison of this transcription regulatory module in different Drosophila species has
revealed that most of the binding sites are highly conserved and functional, even though
the underlying DNA sequence has undergone considerable change (Ludwig et al.1998).
A useful analogy to understanding the composition of DNA regulatory modules is
to consider DNA as a sequence of “Letters” and individual binding sites as “Words”.
Then, a functional module of closely associated binding sites can be conceived of as the
“Sentence” command embedded in the DNA sequence that guides transcription. The
problems associated with identifying the “Sentence” commands in a DNA sequence are
two fold. First, the binding sites are degenerate in nature, that is, the same “Word” may
have different letters in certain positions. Second, the “Words” are themselves
interspersed by varying lengths of meaningless “Letters”.
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One approach to identifying DNA regulatory modules is through cross-genome
comparison. The assumption underlying this approach is that DNA sequences encoding
functional TFBSs are under selective pressure to be conserved during evolution, whereas
non-functional DNA mutate/change more rapidly. Thus, if DNA sequences flanking
orthologs in two related species were to be compared for sequence-level similarity, DNA
regulatory modules would appear as conserved “islands” in a sea of otherwise notconserved DNA sequences. Approaches in this category include rVista2.0, ConSite,
PhyME, TOUCAN, CREME, TraFAC, etc (Sharan et al. 2003; Sandelin et al. 2004;
Loots, G.G. and I. Ovcharenko 2004; Sinha et al. 2004; Aerts et al 2005; Schwartz et al.
2003; Cora et al. 2004; Venkatesh and Yap 2005). For instances, based on the sequence
level conservation between human and mouse, Cora et al. predicted functional TFBSs
that are statistically over-represented and share the same specific Gene Ontology (GO)
terms (Cora et al. 2004). This kind of cross-genome comparison approaches has
successfully led to the discovery of regulatory modules that were subsequently verified
by functional characterization (Santini et al. 2003).
The disadvantage of the sequence-based approach is that it is dependent on the
overall conservation of the DNA region harboring the regulatory module. As we
mentioned earlier, TFBS sequences are degenerate in nature and are interspersed by nonfunctional sequences which are not under conservation pressure. Depending on the ratio
of functional versus non-functional base-pairs in the DNA region, it is entirely possible
that the overall sequence level conservation of the region be undetectable from the
background level, while the actual TFBSs making up the functional module still be
conserved. In other words, it is possible that despite the conservation of the “Sentence”
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command at the binding site level, the overall conservation of the DNA backbone at the
sequence level be minimal or non-detectable. This situation is aggravated if the

participating binding sites are highly degenerate (i.e., tolerate many variations at the
sequence level) and the spaces between the binding sites are long. In fact, it has been
observed by researchers in many instances that while the regulatory region has no
detectable overall similarity, the transcription regulatory function is preserved (Ludwig et
al. 2005). Sequence-based approaches, or approaches requiring filtration of sequences
based on DNA level similarity, are not helpful for identifying the responsible TFBSs in
this scenario.
Since the conservation pressure is at the binding site level, i.e., the sequence must
be able to maintain binding affinity to the transcription factor(s), it makes biological
sense to perform comparisons at the binding site level rather than at the sequence level.
This, however, is currently hindered by two factors. The first limitation is the
effectiveness of identifying transcriptional binding sites in a given DNA sequence. The
set of TFBSs for a given TF can be quantitatively represented using a frequency matrix
that describes the binding specificity of the TF at each of its positions. The quality of the
matrix used to identify potential TFBSs is determined by the number and quality of
known binding site sequences used to construct the matrix. As a result of the
development of new technologies such as Chip (Yan et al. 2004) and ChIP-chip (Lee et
al. 2002), it is anticipated that binding site instances will be identified at a unprecedented
rate which will undoubtedly greatly enhance both the quality as well as the coverage of
binding site matrices in the near future (Matys et al. 2003).
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The second limitation is that we currently do not understand the grammar
governing how binding sites (Words) make up the regulatory modules (Sentences).
Based on our understanding of transcriptional regulation, such a grammar should have at
least three components: (1) the composition of the binding sites, (2) the sequence of the
binding sites, and (3) the spaces between/among the binding sites. Currently, the number
of regulatory modules that have been thoroughly characterized is far fewer than what is
required to decode this grammar.
A major obstacle for biologists working on transcriptional regulation is to locate
and identify potential TFBSs responsible for a particular regulatory module, especially in
sequences that do not have significant conserved islands. In this paper, we describe a
novel methodology for binding site level identification of conserved regulatory modules
in such sequences.
Results
Simulating Sequence Pairs Harboring a Conserved Module of Binding Sites

Since the number of well-studied regulatory modules is currently rather sparse, we
chose to simulate sequence sets (pairs) representing the domain of our interest, i.e.,
conserved binding site patterns in a pair of sequences which nonetheless have little or no
similarity at the sequence level. In many cases, experimental investigation in a model
organism has narrowed down the location of the regulatory module(s) for a particular
gene to a relatively short region (e.g. within 1 kb), whereas for the ortholog in a lessstudied organism (reference organism), information about the localization of the module
is absent (except that it is generally in the proximity of the gene). In view of this, in the
first (current) stage of the development of BLISS, we considered the identification of a
conserved module present in both a short sequence of about 100-500 bps, representing
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the model organism, and a longer sequence (5-6 kb), representing the reference organism.
Although this simplification limits the applicability of the current methodology, it does
highlight the promise of our approach.
For each sequence pair, the backbones for both the short sequence and the long
sequence were generated randomly and thus had no sequence similarity. A hypothetical
module involving binding sites for 4-8 distinct transcription factors was first introduced
into the short sequence. The binding site sequences were randomly selected from the
instances recorded in the TRANSFAC 9.1 database (Matys et al. 2003). The rules
governing the formation of the hypothetical module were as follows:
1.

A module contains binding sites for 4-8 distinct transcription factors.

2.

For each transcription factor, there may be more than one binding site in the
module.

3.

The distance between consecutive binding sites is “di”, where in 65% of the cases
di lies within 5-20 bps, in 22% of the cases di lies within 21-50 bps and in the
remaining 13% of the cases di lies within 51-60 bps (Figure 3-1).
The range of values for di was based on background knowledge as well as a

statistical analysis of the distances between pairs of TFBSs in TransCompel database by
Qiu et al. which revealed the above distribution of distances between pairs of TFBSs (Qiu
et al. 2002).
The hypothetical module was first simulated according to the above rules in the
short sequence. Subsequently, a “conserved” module was formulated and inserted into
the longer sequence at a random location. The rules governing the formation of the
“conserved” module were as follows:

27

Figure 3-1. Simulating conserved regulatory modules in a pair of random sequences.
Each pair has a short (100-500 bp) and a long (5-6 kb) sequence. For both
sequences the backbones were generated randomly. The hypothetical
module was formulated according to rules described in the text and inserted
into the short sequence. A “conserved” module with binding sites
corresponding to the same transcription factor, but with different sequences
was inserted into the long sequence. The distances between consecutive
binding sites were also different between the hypothetical module and the
conserved module.
1.

It is comprised of TFBSs that correspond to the same transcription factors as
present in the hypothetical module.

2.

The sequence for each TFBS is randomly chosen from the recorded instances in
TRANSFAC 9.1, with the caveat that it cannot be the same instance(s) that was
(were) used to construct the hypothetical module in the short sequence.

3.

The respective order of TFBSs is the same as in the hypothetical module in the
short sequence.
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4.

The distance between consecutive binding sites in the conserved module is dj; dj is
a function of di in that dj lies in the range (di -Δd, di +Δd) (Figure 3-1).

Δd is the “perturbation factor”—the variation of distance between corresponding
binding sites in the hypothetical module and the conserved module. In this study, we
used Δd=4 (See Discussion). A total of 10,000 pairs of sequences were generated
according to above rules, and were used to test and evaluate various algorithms.
Identifying a Conserved Module by Comparison at the Binding Site Level

As stated above, the objective of our methodology is to identify conserved
regulatory modules within highly divergent sequences. The sequence pairs in our
simulated data-set had little overall sequence similarity. Of the 10,000 pairs, 73.32%
have no similarity detectable by BLAST analysis (E=0.01, Blast2seq). This indicated
that the conservation of binding sites in the hypothetical module and the conserved
module was not sufficient to allow detection at the sequence level. Of those that did have
a significant match, the output alignments were shorter than 30 bps, which was far shorter
than the length of the inserted module.
M_score. To identify the conserved module at the binding site level, we first generated

the potential TFBS profiles for each of the simulated sequence pairs. A matrix scoring
method similar to that used in Match (Kel et al. 2003) was implemented (see Methods),
which allowed us to score each sequence against the frequency TFBS matrices recorded
in TRANSFAC 9.1 (M_score, Figure 3-2a ). When a cut-off value of 0.75 (on M_score)
was applied, on average there were about 3000 identified potential TFBSs in every
thousand base pairs of simulated sequences. This is similar to what we observed when
using genomic DNA sequences randomly extracted from model organism databases (data
not shown).
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Figure 3-2. Gaussian smoothing of the TFBS profile. a.) Profile of matrix matching
scores (M_score) for three TFBSs along a short DNA sequence. b.) M_score
profile after applying a cut_off of 0.75. c.) Profile of P_score after
incorporating the p value of binding site matches. d.) Profile of the G_score
after Gaussian smoothing. The colors represent three different TFBSs: Red,
En; Green, Croc; Blue, Lun-1.
To identify the hypothetical module embedded in the sequences, we tried several
different algorithms that compared the binding site profiles of the short and the long
sequences. Of those tested, a scoring method (using inner-products) based on a statistical
evaluation of binding site matches after a Gaussian smoothing of the binding site profiles
gave reliable and promising results. The performance test of this method was listed in
Appendix A.
P_score. The matrix score (M_score), by virtue of its definition (f.1), ranges from 0 to 1

for all TFBS matrices. Thus it does not differentiate short and relatively simple matrices
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that match DNA sequences with a high frequency from those long and stringent matrices
that match DNA sequences only rarely. For example, the binding site for En (I$ED_06)
has 7 positions, and on average there are 320 matches (with M_score>0.75) on any
10,000 bp random sequence. In contrast, the binding site for Bel-1 (V$BEL1_B) has 13
positions, and the average number of matches with M_score>0.75 in a 10,000 bp random
sequence is 3. It is clear that a match involving the binding site V$BEL1_B is far more
significant than a match with I$ED_06. To differentiate this, we introduced the p value
of the M_score, which was estimated by calculating the fraction of randomly generated
sequences that have scores equal to or higher than that M_score. We then calculated the
P_score (see Methods) as the product of -log (p value of M_score>cut_off) and the
M_score (Figure 3-2, b).
G_score. To account for the variation in the distances between/among binding sites, we

performed a Gaussian smoothing of the P_score (see Methods). Through empirical
testing (data not shown), we found that a variance of σ2=9 gave the best performance.
We denote the Gaussian smoothed score profile as the G_score profile of the sequence
(Figure 3-2 d).
BLISS_score. G_score profiles were generated for both the short and the long sequences.

To identify a maximum match at the binding site profile level, the short G_score profile
was slid along the long G_score profile. At each position, the match between the short
profile and its corresponding region of equal length (length of the window) in the long
profile was evaluated using an inner-product as the BLISS_score (see Methods).
Note that since the “length of the window” appears in the denominator, the
BLISS_score is independent of the length of the short profile (or the length of the
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window). Figure 3-3a shows the distribution of BLISS_scores as the shorter G_score
profile was slid along the longer G_score profile. The peak of the BLISS_score indicates
the maximum match. In this case, the abrupt surge in the BLISS_score is due to the
match between the embedded hypothetical module in the short sequence and the
conserved module in the long sequence. When this methodology was tested on all of the
10,000 simulated sequence pairs, about 80% of the highest peaks for each pair contained
the correct match between the embedded hypothetical module and the conserved module.
Distribution and Statistical Evaluation of the BLISS_score

To be able to evaluate the match at the binding site profile level, we analyzed the
distribution of BLISS_scores using the simulated sequence pairs. For each pair of
sequences, BLISS_scores were calculated at each position as the short profile slid along
the longer profile. The peak matches (corresponding to the peaks in the score profile)
between each pair of sequences were evaluated to see whether it aligned the embedded
modules. If the match did align the modules, it was designated a “true” match. All other
BLISS_scores were considered as background.

Figure 3-3b shows the distribution of the background and the “true” match
BLISS_scores for the 10,000 simulated pairs of sequences. This distribution varies

slightly depending upon the cut_off threshold set for M_score (Figure 3-3b & c). This is
not surprising, since a lower cut_off threshold will lead to more identified potential
binding sites and thus a slightly higher background score.
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Figure 3-3. Identifying a conserved module at the binding site level. a.) The peak in the
BLISS_Score profile represents the maximum match at the binding site
level. b.) and c.) show the distribution of BLISS_score in true matches vs.
background with a cut_off value of 0.75 and 0.80, respectively.
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The distributions allow us to evaluate any particular BLISS_score. It is informative
in helping set a threshold for reporting significant matches at the binding site level. Given
a BLISS_score x, the distributions allow us to decide whether that BLISS_score
corresponds to a true alignment of modules or whether it corresponds to the module
aligning with a random DNA segment. Let C1 denote the event where the modules
embedded in the short and the long sequences are aligned, and C2 denote the event where
either module is aligned with a random DNA segment. Based on Bayes formula, the
posterior probabilities can be calculated as follows:
p(C1 | x) =

p( x | C1) p(C1)
p( x | C1) p(C1) + p( x | C 2) p (C 2)

p (C 2 | x ) =

p ( x | C 2) p(C 2)
p( x | C1) p(C1) + p( x | C 2) p (C 2)

Where p(C1|x) is the conditional probability of C1 given a BLISS_score x and
p(C2|x) is the conditional probability of C2 given a BLISS_score x; p(C1) is the prior

probability of C1 and p(C2) is the prior probability of C2; p(x|C1) is the conditional
probability of observing x given C1 and p(x|C2) is the conditional probability of
observing x given C2. p(x|C1) and p(x|C2) can be read off directly from the distributions
generated.
It is difficult to find the means to calculate the prior probabilities p(C1) and p(C2).
In this study, we assumed p(C1) = p(C2), although we suspect that p(C1) might be
smaller than p(C2). This assumption allowed us to calculate the posterior probabilities to
evaluate a BLISS_score x. In practice, we decided that x was a significant matching score
if p(C2|x) was less than a threshold of, e.g. 0.01 or 0.001.
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Identifying a Conserved Regulatory Module in Distantly Related Species

To test the efficacy of the BLISS methodology in real sequences, we undertook the
task of identifying the Even-skipped (eve) stripe 2 enhancer (S2E) in distantly related
Drosophila species. Even-skipped, an important development regulatory gene in
Drosophila melanogaster (D.mela), is specifically expressed in seven transverse stripes

in the embryo during the blastoderm stage. The stripe 2 enhancer is the best studied and
includes TFBSs for five TFs, bicoid (Bcd), hunchback (Hb), giant (gt), Kruppel (Kr), and
sloppy-paired (slp) (Small et al. 1992; Arnosti et al. 1996; Andrioli et al. 2002).
Unfortunately, TRANSFAC 9.1 has Position Weight Matrices for only three of the five
TFs, i.e., Hb, Kr, and Bcd. Our search was therefore limited in the sense that some of the
participating TFBSs could not be predicted and used for the match comparison.
Previous experimental investigations have shown that S2E is evolutionarily
conserved among D. yakuba (D.yaku), D. erecta, and D. pseudoobscura (D.pseu)
(Ludwig et al. 1998; Ledwig et al. 2002; Ledwig et al. 2005). All of these species are in
the same subgenus (Sophophora) as D.mela, with D.pseu having the most distant
relationship with D.mela (separated at about 40 million years ago). BLISS did identify
the eve S2E modules among these four species. In particular, a significant peak was
reported by BLISS when we searched the S2E module extracted from D. pseu against the
14kb D. mela genomic sequence flanking the eve coding region.
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Figure 3-4. Identifying the eve S2E module in distantly related species. a.) Using the
D.pseu S2E module (1027 bp), a peak (red circle) in BLISS_score was
identified in a 14 kb D.moja genomic sequence surrounding the eve coding
region. b.) No significant match was identified in the reverse strand (bottom
panel) or an unrelated sequence (data not shown).
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In contrast, no detailed information has been published about potential S2E in more
distantly related species, such as D. mojavensis (D.moja) or D. virilis (D.viri), both from
a separate subgenus (Drosophila) separated from D.mela at about 60 million years ago
(Powell 1997). To identify S2E in these two distantly related species, we extracted the
14kb genomic sequence flanking the eve coding region from D.moja and D.viri genomic
sequences. Blast analysis using the D.mela or D.pseu sequence harboring the eve S2E
module did not identify any significant match longer than 41 bp (using bl2seq with
default gap penalty values). Using the BLISS methodology however, a significant peak
in the BLISS_score was observed (Figure 3-4a, p(C2|x)<0.05). Verification of this match
indicated that it contained the TFBSs composing the S2E module. Similar results were
obtained when corresponding sequence pairs involving 1.) D.mela and D.moja, and 2.)
D.mela and D.viri, were analyzed. In contrast, no significant match was identified in the
reverse-complemented sequence (Figure 3-4b) or in other 14 kb sequences unrelated to
eve, indicating the specificity of the search.
A detailed inspection of the make up of the S2E modules in distantly related
species showed that S2E can be viewed as a complex module made of element modules.
To make an analogy, S2E is a complex sentence that has several “clauses” (Figure 3-5).
The evolution of the whole module indicates that the distances between some TFBSs
have changed dramatically. However, the distances among the TFBSs within
corresponding “clauses” have remained relatively stable. For example, in Clause 1 the
distances among participating TFBSs have remained constant over the long evolutionary
period. Specifically, the distance between the first bcd (overlapping with the first kr) and
the second bcd is invariably 20 in all of the four species. In addition, the distances
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among TFBSs in Clause 3 have also remained relatively stable, i.e., within the variation
we have factored into our simulation.

Figure 3-5. Inter-TFBSs distances are very well conserved within each clause of the S2E
module. Comparison of the evolution of S2E modules across distantly
related species revealed that while the sequence length of the module has
changed significantly, the distance among TFBSs in Clauses 1 and 3 have
remained stable. The numbers near the TFBS indicate the positions relative
to the first Kr site in this module.
Since our methodology is really based on the assumption of limited distance
variations between TFBSs, it should be much more sensitive at identifying individual
“Clauses” or simple modules. When the corresponding TFBS profile covering Clause 1
or Clause 3 were used to search against the genome sequence from D.moja, very
significant peaks in BLISS_score were observed (Figure 3-6a & b, p(C2|x)<0.001 for
both). The peaks corresponded to the match of Clause 1 and Clause 3 on the D.moja
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sequence, respectively. BLAST analysis using the sequences covering Clause 1 or
Clause 3 searched against the D.moja genomic sequence failed to identify significant
matches that spanned the whole module. rVista 2.0 did predict Clause 1 because it
succeeded in detecting the DNA similarity between the sequence covering Clause 1 and
the D.moja sequence. However, rVista 2.0 failed to identify Clause 3 since no similarity
was detected between the sequence covering Clause 3 and the D.moja genomic sequence.
Implementation of BLISS as a Web-based Service

The BLISS methodology has been implemented as a web-based tool for the
research community. The web application embodies the Gaussian Smoothing Method for
identifying cis-regulatory modules at the binding site level, and outputs all potential
TFBSs in the predicted module. The module finding process consists of several steps:
To begin, the user inputs two DNA sequences. For example, a short sequence from
a model organism that harbors a regulatory module, and a longer sequence surrounding
the ortholog of a different species. An M_score threshold of 0.75 or 0.8 is then chosen by
the user for the generation of the TFBS profiles for both sequences. Next, a plot of
BLISS_scores comparing successive alignments of the short profile against the long

profile is returned to the user. On the very same page, the distributions described earlier
(Figure 3-3b & c) are displayed so that the user may choose a BLISS_score threshold.
Once the BLISS_score threshold is chosen, BLISS outputs all of the matches with a
BLISS_score higher than that threshold (limited up to 5). For each match, a table of

contributing TFBSs are listed based on the product of the p-values of the matching
TFBSs on both sequences (Figure 3-7). Alternatively, it can be listed based on their
numeric contribution to the BLISS_score, or by the location of the TFBSs.
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Figure 3-6. Searching for conserved individual clauses / element modules using BLISS.
Profiles covering clauses 1 (a) or 3 (b) of S2E were used to search against a
14 kb D.moja genomic region. The BLISS_score peaks are significant
(P(C2|x)=0.0 for a, = 0.0003 for b).
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Currently, the limits for the short and long input sequences are set at 1200 bps and
15k bps, respectively.

Figure 3-7. BLISS output of the contributing TFBSs. Our S2E search was used as the
example. The list of TFBSs can be output either based on sequence
position, product of p value (Figure 3-7), or contribution to BLISS_score.
The TFBSs that belongs to S2E were highlighted in green.
Discussion

In this study, we have presented a first step towards identifying regulatory modules
via comparisons at the binding site level. The advantage of such an approach is that it
allows the detection of conserved regulatory modules in highly divergent sequences, as
we have demonstrated both with simulated sequences as well as with real world
examples. This method is thus complementary to many existing methods that are based
on sequence similarity comparisons (Altschul et al. 1990) or use sequence similarity for
pre-analysis selection (Sandelin et al. 2004; Loots and Ovcharenko 2004; Aerts et al.
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2005; Sharan et al. 2004). It should also be complementary to applications such as
MEME and CompareProspector, which are widely used for the identification of
conserved sequence motifs (binding sites) in the regulatory region of co-expressed genes
(Liu et al. 2004; Liu et al. 2004).
There are limitations to our approach. Some of the major limitations, such as the
coverage and quality of the TFBS matrices, are expected to improve rapidly in the near
future as new high throughput techniques are applied to identify binding sites in genome
scale. Our current algorithm is developed based on the assumption that the inter-TFBS
distance variation is within a +/-4 base pair range. This allows the identification of
modules/clauses with relatively small inter-TFBS distance variation, such as the
individual clauses in the S2E module. It will likely miss modules/clauses that have much
larger distance variations between TFBSs. In the case of S2E, the identification of the
module was based on the fact that the third clause had low inter-TFBS distance
variations, which was sufficient to generate a significant BLISS_score (Figure 3-4a). As
indicated by Ludwig et al, if S2E as a whole were to be considered, many inter-TFBS
distances have changed dramatically during evolution (Ludwig et al. 2005). However, a
closer look at the distribution of TFBSs in S2E in the two distantly related species also
indicated that the S2E module may be sub-divided into clauses (Figure 3-5). While the
inter-clause distances have varied dramatically, the inter-TFBS distances within each
clause have remained largely stable (Figure 3-5). This is very possibly a reflection of the
spacing restriction on important transcription factor interactions.
In addition to the S2E module, we also tested our methodology on other regulatory
modules such as the DME (Distal Muscle Enhancer) module in front of the paramyosin
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gene (Marco-Ferreres et al. 2005). Using a 200 bp sequence harboring the DME in
D.mela, we were able to detect the corresponding module in D.viri (data not shown).

Currently, the number of well characterized, evolutionarily conserved modules is limited.
The goal of BLISS is to facilitate the discovery of multiple TFBSs modules by
identifying the conserved pattern of the TFBSs. We also applied BLISS to a regulatory
region that is responsible for mediating UV induced expression of hac-1 (Zhou and
Steller 2003). There is no existing information on the composition of the UV-responsive
module in this region, which has very low sequence level conservation between the
corresponding segments in D.mela and D.pseu. Yet genetic experiments have indicated
that the responsiveness is highly conserved. The potential module identified by BLISS is
currently being tested experimentally.
BLISS, with some adaptation, can potentially be used to identify the conserved
regulatory modules in co-expressed genes. Another advantage of BLISS is that the
methodology can also be applied to identify patterns that involve not only TFBSs, but
also other sequence features such as complex response elements (Ringrose et al. 2003),
insulator sequences, CpG islands, etc. Functionally, these sequence features (their related
modifications and binding partners) interact with transcription factors. However, these
features, such as CpG islands, cannot be detected by simple sequence similarity based
searches.
Conclusions

In this study, we addressed the feasibility of identifying conserved regulatory
modules at the binding site level. Our results indicate that it is feasible to identify
conserved regulatory modules in simulated random sequences harboring a regulatory
module made of 4-8 distinct binding sites. Using real sequences, we demonstrated that
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our approach outperforms regular sequence level comparisons when the orthologous
DNA sequences are highly diverged. In addition, the BLISS program outputs directly the
candidate binding sites that are shared between the two regulatory sequences, which can
greatly facilitate the evaluation of the candidate module as well as the design of the
experimental verification strategy by biomedical scientists. Future development of the
project will include identifying better algorithms for complex modules and modules with
higher inter-TFBS distance variations.
Methods
Generating Simulated Sequences

10000 simulated sequence pairs were generated for developing the methodology.
Each set included a short DNA sequence (100-500 bps) harboring a hypothetical TFBS
module and a long DNA sequence (5-6 kb) harboring a conserved TFBS module. First,
the hypothetical TFBS module was generated in the following manner: 4-8 binding sites
were randomly chosen from TRANSFAC 9.1 (Matys et al. 2003) database and then
random DNA subsequences were inserted between them. Qiu et al. (Qiu et al.
2002)analyzed all the entries of composite elements in the TransCompel database
(version 3.0) and they found that about 87% of the composite elements are within 50 bp
distance and about 65% are within 20 bp distance of one another. We therefore chose
lengths of DNA subsequences inserted between binding sites based on this result. Next,
we created the conserved TFBS module, which included binding sites for the same sets of
transcription factors in the same order as in the shorter sequence. However, the binding
site sequences had to be different and they were randomly chosen from TRANSFAC 9.1.
Furthermore, compared to the hypothetical module, distances between binding sites were
set to vary slightly and we allowed each binding site to shift up to 4 bps either to the right
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or to the left. Finally, we inserted the conserved module into a 5000 bp randomly
generated DNA sequence to generate the longer sequence.
Binding Site Identification

Potential TFBSs both in the short DNA sequence (including the hypothetical
module) and the long DNA sequence (including the conserved module) were searched
based on frequency matrices collected by TRANSFAC 9.1. Because TFBSs may be
detectable on either the forward or the backward strand, we searched both strands of
sequences. The M_score profile for each sequence is a M*L matrix, where M is twice of
the number of matrices applied and L is the length of the sequence. The top half of the
M_score matrix is the score profile for the forward strand and the bottom half is that for

the complementary strand. The M_score of the ith TFBS at position j of the sequence was
calculated by first aligning the frequency matrix for the ith TFBS with the sequence at
position j and then computing:
f.1.

M_score:.

M _ score[i, j ] =

Score[i, j ] − ScoreMin [i, j ]
Score Max [i, j ] − ScoreMin [i, j ]

K −1

Score[i, j ] = ∑ I (k ) f k ,n j+k
k =0

K −1

ScoreMin [i ] = ∑ I (k ) f kmin
k =0

K −1

ScoreMax [i ] = ∑ I (k ) f kmax
k =0

I (k ) =

∑f

k ,N
N ∈{ A,T ,C ,G }

ln(4 f k , N )
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K is the length of the TFBS. n j + k ∈{A,T,C,G} is the nucleotide occurring in the
sequence at position j+k. f k ,n j+k is the frequency of nucleotide n j + k at position k in the
frequency matrix (of the ith TF). f kmin is the lowest frequency and f kmax is highest
frequency across all nucleotides at position k in the frequency matrix (of the ith TF). I(k)
is the information vector for the frequency matrix, which reflects the degree of
conservation at position k of the matrix. Finally, M_score[i,j] is the normalized
Score[i,j]. Stormo (Stormo 1998; Stormo 2002; Stormo and Fields 2002) observed that
logarithms of the base frequencies ought to be proportional to the binding energy and the
information vector reflects this average binding energy between the transcription factor
and the binding site.
A score cutoff at 0.75 was applied to the M_score profiles of both the short and the
long sequence as follows:
M _ score[i, j ] = M _ score[i, j ] if M _ score[i, j ] ≥ 0.75
M _ score[i, j ] = 0 if M _ score[i, j ] < 0.75
P Value for M_score.

To calculate the p value, a background model is required. Here, we chose the
background model to be a random DNA sequence where each position is drawn
independently. The ratio among A, T, C, and G is 30% : 30% : 20 % : 20%. For each
frequency matrix, 300 million subsequences were sampled from the background model,
and the M_score of each subsequence was calculated to build the M_score distribution.
The p value of a M_score for each TFBS was estimated by calculating the fraction of
samples that had scores equal to or higher than that M_score. Then, the P_score profiles
were calculated as follows:
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f.2 P_score
P _ score[i, j ] = C i * M _ score[i, j ]
Ci is the negative natural logarithm of the p value of M_score >= 0.75 for the ith
TFBS.
Gaussian Smoothing

To account for the change in the distances between/among binding sites, a
Gaussian smoothing was applied to the P_score profiles with a variance of 9. Formally,
the G_score profiles were calculated as follows:
f.3 G_score:
G _ score[i, j ] =
1
7

∑ P _ score[i, j + k ] *

k = −7

σ 2π
7

∑σ

i = −7

e −k

1
2π

2

/ 2σ 2

e −i

2

/ 2σ 2

where σ = 3 and k ranges from -7 to 7. In effect, a P_score can spread 7 positions to
both the right and the left due to the Gaussian smoothing. Smoothed P_scores beyond 7
positions were ignored due to their small values.
Searching the Conserved Module in the Long Sequence

To identify a maximum match at the binding site profile level, the short G_score
profile was slid along the long G_score profile. BLISS_score at position n is the matching
score between the short profile and its corresponding region of equal length (length of the
short sequence) in the long profile at position n:
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f.4 BLISS_score:
BLISS _ score[n] =
M −1 L −1

( ∑∑ G _ score1[i, j ] * G _ score2[i, j + n]) / LengthOfShortSequence
i =0 j =0

where G_score1 is the G_score profile for the short sequence and G_score2 is the
G_score profile for the long sequence; L is the length of the short sequence; n is the
current location where the short sequence is aligned to the long sequence.
Large-scale Search of the Simulated Sequences, Statistical Analysis

We used 10000 simulated sequence pairs generated by the above method to
calculate two BLISS_score distributions. The first is the BLISS_score distribution when
the hypothetical module in the short sequence is aligned with the conserved module in the
long sequence. The second is the BLISS_score distribution when the module is aligned
with a non-module segment of the longer sequence. For each pair of sequences,
BLISS_scores were calculated at each position as the short profile slid along the longer
profile. The peak matches (corresponding to the peaks in the score profile) between each
pair of sequences were evaluated to see whether it aligned the embedded modules. If the
match did include the alignment of the modules, it was designated a “true” match, and
this BLISS_score was used to calculate the distribution for the modules matching. All of
the other BLISS_scores were used to calculate the distribution for the module matching
with the background sequence.
Searching for the eve2 Module in D. virilis and D. mojavanis Sequences

The GenBank (http://www.ncbi.nlm.nih.gov/) accession numbers for the S2E
sequences are AF042712 (D. pseudoobscura) and AF042709 (D. melanogaster). We
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used BLISS to search these two enhancers in 13kb D. virilis and 14kb D. mojavanis
sequences, in which S2E is hypothesized to be located, but the specific location is
unknown.
Ludwig et al. indicated that distances between TFBSs in two clauses in S2E (region
134-275 and region 484-684 for D. melanogaster, region 196-376 and region 692-866 for
D. pseudoobscura ) were substantially conserved. We removed those regions and
searched for the modules in 13kb D. virilis and 14kb D. mojavanis sequences using
BLISS.
Website Construction

BLISS was implemented using HTML/JSP/JavaBean and is supported by an
Apache Tomcat 5.5 server. It is publicly available at:
http://gene1.ufscc.ufl.edu:8080/blissWeb/index.html. The M_score profiles of TFBSs
were calculated based on the frequency matrix library collected by TRANSFAC 9.1.
BLISS used DISLIN (http://www.mps.mpg.de/dislin/), a plotting library for displaying
data, to draw the match score plot in run time.

CHAPTER 4
BINDING-SITE LEVEL IDENTIFICATION OF SHARED REGULATORY
MODULES IN TWO ORTHOLOGOUS SEQUENCES
Background

Determination of the bindings between Transcription Factors (TFs) and
Transcription Factor Binding Sites (TFBSs) is critical to understanding the mystery of
gene regulation. In higher organisms, a particular aspect of gene expression is rarely
controlled by one single TF, rather by a combination of TFBSs called regulatory module
(Maniatis et al. 1987; Johnson and McKnight 1989; Shaw 1992; Wang et al. 1993; Tjian
and Maniatis 1994). Genes are typically regulated by various regulatory modules in
response to different conditions (Yuh et al. 1998). Identification of such regulatory
modules is notoriously difficult due to the inherent biological complexity. The traditional
way is through biological experimentation (Galas and Schmitz 1978; Fried and Crothers
1981; Garner and Revzin 1981), which is in general costly and time-consuming. With
fully sequenced genomes, computational approaches have emerged as powerful tools to
supplement full-scale laboratory experiments in narrowing down candidate regulatory
modules and therefore dramatically reduced the effort in determining the regulatory
elements (Qiu 2003).
A number of software tools have been developed to search for regulatory modules
by cross-genome comparison (Sharan et al. 2003; Sandelin et al. 2004; Loots, G.G. and I.
Ovcharenko 2004; Sinha et al. 2004; Aerts et al 2005; Schwartz et al. 2003; Cora et al.
2004; Venkatesh and Yap 2005). The theoretical assumption underlying these tools is
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that DNA sequences harboring TFBSs are conserved during evolution due to selective
pressure. Thus conserved regulatory modules should be found in the regions with high
DNA similarity. However, most of these tools are based directly on the measurement of
similarity at the DNA sequence level. It is known that TFBS sequences are degenerate in
nature and the DNA sequences between TFBSs are not under the pressure of selection
and therefore mutate rapidly. Therefore, it is highly probable that the DNA similarity is
not detectable even though the actual regulatory modules are conserved (Ludwig et al.
2005). Since the conservation pressure is at the binding site level, in our previous
research, we developed a novel methodology named BLISS to perform the cross-genome
comparison on binding site profiles (Meng et al. 2006). This is first time that the
feasibility of comparison at the binding site level has been validated. As a complementary
tool in the field, BLISS demonstrates the ability to detect conserved regulatory modules
from diverged orthologous sequences where DNA similarity is undetectable.
It has been observed that the distances among a certain cluster of TFBSs in the
regulatory module are highly conserved during evolution, which may reflect the space
restriction essential for the protein-protein interactions among TFs required for
combinatorial transcription regulation (Ludwig et al. 2005). Due to biological
complexity, previous work in this direction has been limited to identifying composite
elements, pairs of transcription factors, whose binding sites tend to co-exist.
TransCompel (Kel-Margoulis et al. 2002) is such a database with collections of
composite elements. In this study, we extend the concept of “composite element” to
“regulatory complex”. Regulatory complex is a cluster of TFBSs, where the type
(identity), number, and order of TFBSs are highly conserved during evolution and the
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variation of inter-TFBS distances is within a certain range (less than 10 bps). A
regulatory complex is not necessarily conserved at the sequence level during the
evolution. It could, by itself, be a simple regulatory module or be a part of a complex
regulatory module. In previous research (Meng et al. 2006), BLISS showed that it was
more advantageous to find regulatory complexes rather than the regulatory module,
especially when the regulatory complex is not the only regulatory elements in the
module. We therefore focuses on the detection of conserved regulatory complexes in this
study and the regulatory modules could be predicted based on the identification of
conserved regulatory complexes within them.
The first release of BLISS (BLISS1) was limited in application to a short sequence
and a long sequence and it made the assumption that the short sequence harbored only
one regulatory module/complex (Meng et al. 2006). However, in most cases, biologists
have no prior knowledge about the locations of the conserved regulatory modules in the
sequences to be analyzed. In the second release of BLISS (BLISS2), we extended
BLISS1 to a general tool without the limitation of the assumption made in BLISS1 about
the analyzed sequences. In this study, we show that BLISS2 could predict conserved
regulatory modules by detecting all potential shared regulatory complexes.
Results
Simulating Sequence Pairs with Varying Complexity of Conserved Binding Site
Patterns

Simulated sequences were generated to test the performance of our algorithm since
very few well-investigated regulatory modules are available currently. Two testing data
sets were generated. The backbones of the sequences in the first data set were 1000 bp
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(base pair) random DNA sequences and the backbones of the sequences in the second
data set were 5000 bps.
Table 4-1. Simulated data sets
Sequence
pairs in each
group
Data set 1
500
Data set 2
500

Length of
Backbone
1000
5000

Inserted complexes in each sequence pair
Group1 Group2 Group3 Group4
0
0

1
1

2
2

3
3

As shown in Table 4-1, each testing data set consisted of four groups of sequence
pairs and each group had 500 sequence pairs. No regulatory complex was inserted into
the first group of sequence pairs. In the second group, each sequence pair had one
conserved regulatory complex. Two and three conserved regulatory complexes were
inserted into each sequence pair respectively in the third and fourth group.
Each regulatory complex was composed of 4-8 binding sites, which were extracted
from TRANSFAC 9.1 database (Matys et al. 2003). Qiu et al. (Qiu et al. 2002) performed
a statistical analysis for the distances between TFBSs in the composite elements, which
had been experimentally confirmed and collected in the TransCompel database (version
3.0). Their analysis demonstrated that 87% of the distances between TFBSs in composite
elements are within 50 bps, and 65% are within 20 bps. The length of the inserted random
DNA segments between binding sites was based on this statistical analysis when we
formulated the regulatory complexes (see Methods for details).
Identifying Conserved Regulatory Complexes by Comparison at the Binding-site
Level

In our previous research (Meng et al. 2006), BLISS1 has demonstrated the
feasibility of identifying conserved regulatory complexes in diverged DNA sequences at
the binding-site level. However, it was limited to predicting conserved regulatory
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complexes from a short sequence and a long sequence and it required that the regulatory
complex existed in the short sequence. During the comparison, the short sequence was
slid along the long sequence to find the segment in the long sequence that had a
significant matching score with the short sequence at binding site level. In this study,
however, our focus is to extend BLISS1 to identify potentially conserved regulatory
segments from two orthologous sequences without prior knowledge about the locations
of regulatory complexes in the sequences.
Like BLISS1, BLISS2 calculated BLISS_score to represent the degree of similarity
at the binding site level for two sequence segments. The first three steps of BLISS2 were
to calculate M_scores, P_scores and G_scores respectively for two genomic sequences.
M_score is the binding site profile calculated using a matrix scoring method based on the
binding site frequency matrices collected in TRANSFAC9.1 database. To differentiate
simple matrices that match DNA sequences with a high frequency from those matrices
that match DNA sequences rarely, P_score was generated as the product of –log(p value
of M_score > cutoff) and the M_score. To account for the variation of distances
between/among binding sites in the conserved regulatory complexes, Gaussian smoothing
was applied to P_score to get G_score. The first three steps in BLISS2 were in essence
exactly identical to those in BLISS1. The difference is that BLISS2 deals with two long
sequences and the locations and lengths of the regulatory complexes in the sequences are
unknown. The task of BLISS2 is to seek the matched segments from two sequences
whose binding site profiles are similar (not necessarily identical) and whose
BLISS_scores, the matching score at the binding site level, are statistically significant.
The statistical evaluation of BLISS_score in our previous study allowed us to evaluate a
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particular BLISS_score and set a threshold for reporting significant matches. In this
study, BLISS2 took a heuristic approach. The general strategy of BLISS2 was to seek
seeds with a certain window size from the G_score profiles where their BLISS_scores are
greater than a certain BLISS_score cutoff. Then all the seeds were extended and the
shared regulatory regions were decided when the BLISS_score dropped below the
BLISS_score cutoff. (See Methods)
At the beginning, BLAST (E=0.01, Blast2seq) was applied to the sequence pairs in
the first data set in which the backbone of each sequence was 1000 bp long and there
were a total of 3000 conserved regulatory complexes. Of the 2000 simulated sequence
pairs, only 32.4% of them were reported to have detectable similarity. Even in those
positive cases, the average length of output alignments was 16 bps and the maximum
length of output alignments was 32 bps. Clearly, these output alignments were far shorter
than the length of the inserted regulatory complexes, which was not sufficient to allow
for the detection of the regulatory complexes. This analysis indicated that traditional tools
based on sequence level comparison are not enough to predict the conservation of
regulatory complex in diverged DNA sequences.
Table 4-2. Performance test of BLISS2 for M_score cutoff=0.75. False Positives (FP)
and True Positives (TP) are listed under different window size and BLISS
score cutoff.
Window
BLISS_score cutoff
Type
size
2.9
2.8
2.7
2.6
2.5
2.4
2.3
2.2
2.1
FP
1795 2565 3748 5272 7180 9262
100
TP
904 1045 1174 1307 1434 1537
FP
143
221
401
741 1362 2402 3940 5781
150
TP
732
897 1079 1269 1445 1616 1775 1900
FP
14
18
44
80
205
473 1106 2195 3836
200
TP
382
526
682
879 1083 1345 1558 1764 1899
FP
1
1
6
14
34
88
261
727 1707
250
TP
130
213
343
504
695
918 1189 1468 1663
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Table 4-3. Performance test of BLISS2 for M_score cutoff=0.8. False Positives (FP) and
True Positives (TP) are listed under different window size and BLISS score
cutoff.
Window
BLISS_score cutoff
Type
size
1.9
1.8
1.7
1.6
1.5
1.4
1.3
1.2
FP
1907 2905 4435 6480 8991
100
TP
1168 1328 1488 1633 1759
FP
193
330
629 1193 2366 4306 6625
150
TP
1021 1229 1432 1664 1892 2049 2154
FP
26
45
81
195
523 1351 2975 5195
200
TP
617
818 1069 1346 1631 1880 2054 2137
FP
2
4
20
42
130
373 1213 2982
250
TP
298
464
662
932 1227 1539 1822 2006
In comparison, the testing results of BLISS2 under different 1)window size and 2)
BLISS_score cutoff are listed in table 4-2 and 4-3.
True positive refers to the regulatory complexes that were inserted in the simulated
sequence pair and identified by BLISS2, while false positive refers to the regulatory
complexes that were reported by BLISS2 but did not really exist. Both table 4-2 and 4-3
indicate a balance between true positive and false positive under different BLISS_score
cutoffs. While the number of true positives improved when we chose a lower
BLISS_score cutoff, the false positives increased as well; on the other hand, when a
higher BLISS_score cutoff was applied, false positives decreased while true positives
were compromised.
Based on the testing results listed in table 4-2 and 4-3, a window size 200 was
selected in the implementation of BLISS2 since in relation to other window sizes, it had a
better balance between false positives and true positives both for M_score cutoff 0.75 and
0.8. In the first testing data set, the length of each sequence was 1000 bps. The
performance test of BLISS2 proceeded under window size 200 using the second testing
data set, where the length of backbone of each sequence was 5000 bps.
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Figure 4-1. The effects of length of analyzed sequences on the performance of BLISS2.
Window size 200 and M_score cutoff 0.75 were applied in this comparison
test. FP-1 represents the false positive for the first data set; FP-2 represents
the false positive for the second data set; TP-1 represents the true positive
for the first data set; TP-2 represents the true positive for the second data set.
The results displayed in Figure 4-1 shows that the true positives were almost the
same for both the testing data sets, although the true positives for the second data set is
slightly less than the true positives for the first data set. The major difference lies in the
false positive. When a higher BLISS_score cutoff was applied, false positives were not
significantly affected by the lengths of the sequences. However, the false positives
increased dramatically for the second testing data set when the BLISS_score cutoff was
decreased. Thus, for practical purpose, a high BLISS_score cutoff is suggested to avoid
large amount of false positive for the longer sequences, although the sensitivity of
BLISS2 will be sacrificed at the same time.
Testing BLISS2 in Real-world Examples

Even-skipped gene (eve) is expressed in seven stripes in the embryo of Drosophila
melanogaster (D.mela) during the blastoderm stage. The enhancer for the second stripe
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(S2E) is the best studied regulatory module and includes binding sites for five
transcription factors, biocoid (Bcd), giant (gt), hunchback (Hb), Kruppel (Kr) and sloppypaired (slp) (Small et al. 1992; Arnosti et al. 1996; Andrioli et al. 2002). D.mela, D.
yakuba (D.yaku), D. erecta, and D. pseudoobscura (D.pseu) belong to same subgenus
(Sophophora) and experimental investigations on S2E suggests that S2E is conserved
during evolution among these four closely related species. A further detailed inspection
has revealed that S2E includes two regulatory complexes, where the binding sites and the
distances among binding sites are highly conserved (Ludwig et al. 2005). The make-ups
of S2Es in D.mela and D.pseu have been displayed in Figure 4-2. However, no detailed
information has been published about S2E in two species: D. mojavensis (D.moja) and D.
virilis (D.viri), which are distantly related to the above four species and belong to a
separate subgenus (Drosophila). We extracted 6k bp sequences before the transcription
start region both from the D.moja and D.viri genomic sequences and applied BLISS2 to
identify S2E in them.

Figure 4-2. Regulatory complexes in S2E of D.mela and D.pseu. The two complexes are
highly conserved during the evolution.
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In the first experiment, BLISS demonstrated its ability to predict the locations of
S2E both in D.viri and D.moja using S2E sequences of D.mela and D.pseu. For instance,
three regulatory complexes were reported (Figure 4-3) when BLISS was applied to the
S2E sequence of D.pseu and the 6k bp sequence from D.viri (M_score cutoff=0.75 and
BLISS_score cutoff=2.9). By investigating the matched TFBSs listed by BLISS2, the
second and third complexes were those two S2E regulatory complexes in D.mela and
D.pseu (Figure 4-4). Thus the position of S2E in D.viri could be located based on the
positions of those two complexes. Identifying S2E in D.moja was carried out in the
similar way.

Figure 4-3. Identification S2E in 6 kb D.viri sequence using the S2E of D.pseu. Three
complexes are predicted and the second and third one are those two in S2E.
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Figure 4-4. Regulatory complexes of S2E in D.viri and D.moja. a) TFBSs in complex 1
b) TFBSs in complex 2.
In previous research (Meng et al. 2006), BLISS1 was applied to the same sequence
pair and the S2E in D.viri could be detected due to the match of one complex in S2E.
Another complex could not be matched at the same time because of the distance
difference between the two complexes in those two sequences. The BLISS_score
therefore was inevitably lower because the BLISS_score in BLISS was the average over
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the whole range of the S2E sequence. In that investigation, it indicated that the
BLISS_score would be more sensitive and significant when either complex sequence was
used as the short sequence. In fact, we don’t have this kind of prior knowledge in most
cases. BLISS2 displayed its advantage over BLISS1 in that it was able to predict
regulatory complexes by detecting local maximum regions with similar binding site
profiles without requiring prior knowledge about the complexes in the orthologous
sequences.
BLISS2 further demonstrated its advantage over BLISS1 for identifying conserved
regulatory complexes in two long genomic sequences, which could not be carried out by
BLISS1 at all. For instance, when BLISS2 was applied to two 6k bp sequences before the
transcription start region of eve gene from D.pseu and D.viri (M_score cutoff=0.75 and
BLISS_score cutoff=2.9), 15 potential regulatory complexes were reported by BLISS2.
By inspection of the make up of these complexes, it turned out that the 9th and 14th
complexes were those two regulatory complexes in S2E. In contrast, rVista2.0 could only
identify the first two binding sites in complex1 of S2E in the region with detectable DNA
similarity when the same binding site score cutoff (0.75) was applied. It is difficult for us
to verify the other 13 complexes identified by BLISS2 except for the two known S2E
complexes due to the lack of detailed regulatory information for those regions. However,
it is well known that those two 6k bp sequences are rich in regulatory information. At the
very least, it should harbor enhancers for the expression of the eve gene in some of the 7
stripes in the embryo.
Website Implementation of BLISS2

BLISS2 was implemented as a web-based software that can be freely accessed by
the public. To start, BLISS2 requires the users to input two DNA sequences that
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potentially harbor shared regulatory information. An M_score (binding site score)
threshold could be chosen by the user on the very same page. Then a color plot indicating
conserved regulatory regions is returned to the user with the statistical analysis of
BLISS_score under that M_score threshold. The user then chooses a BLISS_score cutoff
to output all conserved complexes with maximum BLISS_score above the cutoff. For
each complex, a table of contributing binding sites could be listed based on the product of
the p-value of the matching binding sites, or the location of the binding sites, or their
contributions to the BLISS_score. Currently, the length of each input sequence for
BLISS2 is limited to 8000 bps.
Discussion

In our previous investigation (Meng et al. 2006), we proved that it is feasible to
identify conserved regulatory modules from highly diverged orthologous genomic
sequences at the binding site level. In this study, we extended our previous method to the
two long sequence case and the regulatory modules could be detected by identifying
conserved regulatory complexes. The performance of BLISS2 was tested using both
simulated sequences and real world examples.
There are several limitations to BLISS2. First, BLISS2 is restricted to detect
conserved binding sites groups (regulatory complexes) with small inter-TFBS distance
variations. If the spaces between/among binding sites are not strictly required for the
interactions between/among transcription factors and the variation of inter-TFBS distance
is high, BLISS2 may miss those regulatory modules. The coverage and quality of the
frequency matrices for TFBSs is another limitation since the analysis of BLISS2 is totally
dependent on the accuracy of the binding site profiles. However, there is no doubt that
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the coverage and quality of frequency matrices are being/will be improved dramatically
and the performance of BLISS2 is expected to be enhanced along with it.
Although further improvement is required, BLISS2 demonstrates the ability to
detect biologically significant similarities in those sequences where DNA sequence
similarity is undetectable. The basic idea underlying BLISS2 is novel, but
straightforward. And therefore it potentially could be implemented in a number of ways
to improve performance for the different applications.
Conclusions

In summary, using simulated sequences and real world examples, BLISS2
demonstrated that regulatory complexes, the clusters of binding sites with small variation
of inter-TFBS distance during evolution, could be identified in highly diverged
orthologous sequences by comparison at the binding site level. By detecting those
conserved regulatory complexes and exploring matched TFBSs in them, BLISS2
facilitates the localization of regulatory regions and therefore can assist biomedical
scientists in deciphering the mystery of gene regulation. Future direction of the project
includes developing new algorithm to improve the selectivity and sensitivity of the
current algorithm, detecting regulatory complexes from multiple orthologous sequences,
and identifying regulatory modules with higher inter-TFBS distance variations.
Methods
Generating Simulated Sequences

Two testing data sets were generated for the development of the methodology.
The first data set had 2000 sequence pairs, which were divided into four groups
with each group having 500 sequence pairs. The backbone for each sequence was

63
constructed as 1000 bp random DNA sequence with the ratio among A, T, C and G being
30% : 30% : 20% : 20% since the non-transcribed genomic regions are generally AT rich.
Each regulatory complex contained binding sites for 4-8 transcription factors,
which are randomly extracted from TRANSFAC 9.1 database. The range of distance (di)
between consecutive TFBSs was based on the statistical analysis by Qiu et al. (Qiu et al.
2002) on the TransCompel database: 65% of the distance between consecutive binding
sites was within 5-20 bps, 22% was within 21-50 bps and the rest 13% was within 51-60
bps. The conserved regulatory complex for the second sequence was formulated based on
the following rule: First, it consisted of binding sites for the same transcription factors in
the corresponding regulatory complex in the first sequence. The binding sites of two
corresponding transcription factors were randomly extracted from the binding site
instances collected in TRANSFAC 9.1 database and therefore they could have the same
or different sequences; second, the respective order of binding sites in those two
corresponding regulatory complex was kept the same; finally, dj, the distance between
consecutive binding sites in the conserved regulatory complex in the second sequence,
was randomly chosen to have a value from range (di-Δd,di+Δd). Δd is the variation of
distance between corresponding binding sites in those two regulatory complexes and we
chose Δd = 4 in this study.
Each sequence in the sequence pairs in the first group was a 1000 bp random DNA
sequence and had no introduced complex. For the second group, one regulatory complex
was inserted at a random location into the first sequence of each sequence pair; and then
the corresponding conserved regulatory complex was inserted at a random location into
the second sequence. In the similar manner, two and three regulatory complexes were
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inserted into each sequence pairs, respectively, for the third and the fourth group. This
composition of simulated sequences reflected the fact that the analyzed orthologous
sequences may share 1) no of regulatory complex, 2) one regulatory complex, or 3) more
than one regulatory complexes.
All the above held true for the second testing data set except that the length of the
backbone of each sequence was 5000 bps.
Identifying Conserved Regulatory Complexes by Comparison at the Binding-site
Level
M_scores, P_scores and G_scores. M_scores, P_scores and G_scores for both DNA

sequences were calculated in the exact same manner as was described in chapter 3 (see
Methods part) based on frequency matrices collected by TRANSFAC 9.1. The G_score
profile for each sequence is a M*L matrix, where M is twice of the number of TFBSs in
the frequency matrix library and L is the length of the sequence. The top half of G_score
matrix is the score profile for the forward strand and the bottom half of the G_score
matrix is for the complementary strand.
Pre_BLISS_score. Calculation of Pre_BLISS_score is an intermediate step for

computing the BLISS_score from the G_score profiles. Pre_BLISS_score was calculated
as follows:
Pr e _ BLISS _ score[i, j ] =

M −1

∑ G _ score1[m, i] * G _ score2[m, j ]

m =0

where G_score1 is the G_score profile for the first sequence and G_score2 is that
for the second sequence. M is twice of the number of TFBSs in the frequency matrix
library and m is the index of the TFBS. Pre_BLISS_score is a two-dimensional L1*L2
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matrix where L1 and L2 correspond to the lengths of the two DNA sequences
respectively.
BLISS_score. BLISS_score is the average of Pre_BLISS_scores over a window size w:

BLISS _ score[i, j ] =

w/ 2

∑ Pr e _ BLISS _ score[i + k , j + k ] / w

k =− w / 2

Same as Pre_BLISS_score, BLISS_score is also a two-dimensional L1*L2 matrix where
L1 and L2 are the lengths of the two DNA sequences.
Reporting Conserved Regulatory Complexes. Conserved regulatory complexes would

be reported according to the BLISS_score matrix. To start, the maximum point
BLISS_score[x,y] was found in the matrix. If BLISS_score[x,y] was less than the
BLISS_score cutoff, we would report that there is no conserved regulatory region for
these two sequences; otherwise, we extended this maximum point along the diagonal in
both directions until the BLISS_scores dropped below the BLISS_score cutoff. Suppose
these two end points were BLISS_score[x1,y1] and BLISS_score[x2,y2], then we would
report that we detected one shared regulatory complex, which started from x1-w/2 and
ended at x2+w/2 in the first and covered from y1-w/2 to at y2+w/2 in the second
sequence. The rest of the BLISS_score matrix was searched recursively in the same way
to find other shared regulatory complexes.
Performance Testing Using Simulated Sequences

Using our simulated data sets, the performance of BLISS2 was tested under
different BLISS_score cutoff and window sizes. The true positive and false positive for
each test under different condition were recorded.
Suppose a shared regulatory complex identified by BLISS starts from x1 and ends
at x2 in the first sequence and covers range y1 to y2 in the second sequence, while the

66
truly inserted regulatory complex is from x1’ to x2’ in the first sequence and from y1’ to
y2’ in the second sequence. We decided that it was a correct prediction if:
1.

Identified complexes in both sequences covered more than 60% of the region of the
truly inserted complexes.

2.

Two lines were created in two-dimensional space: one starting from point (x1, y1)
and ending at point (x2, y2); the other starting from point (x1’, y1’) and ending at
point (x2’, y2’), and the distance between these two lines was found to be less than
10.
The regulatory complex, which was predicted by BLISS2 and truly existed in

simulated sequences, would be counted as a true positive; while the regulatory complex,
which was predicted by BLISS2 but did not exist in the simulated sequences, would be
counted as false positive.
Searching for the eve2 Regulatory Complex in D. virilis and D. mojavanis

The GenBank (http://www.ncbi.nlm.nih.gov/) accession numbers for S2E
sequences are AF042709 (D. melanogaster) and AF042712 (D. pseudoobscura). The two
6k bp seqeunces of D.viri and Dmoja are the regions right in front of the transcription
initiation site of the eve gene in the genomic sequences of D.viri and D.moja. M_score
cutoff 0.75 and BLISS_score cutoff 2.9 (default M_score and BLISS_score cutoff of
BLISS2) were used in both experiments.
Website Construction

BLISS2 is hosted by a Apache Tomcat 5.5 server and available at:
http://gene1.ufscc.ufl.edu:8080/bliss2/index.html. The website was implemented by
JavaBean/JSP/HTML and the color display of BLISS_score was plotted by tools
provided by DISLIN (http://www.mps.mpg.de/dislin/).

CHAPTER 5
BLISS 2.0: THE WEB-BASED TOOL FOR PREDICTING CONSERVED
REGULATORY MODULES IN DISTANTLY-RELATED ORTHOLOGOUS
SEQUENCES
Identifying functional Transcription Factor Binding Sites (TFBSs) in the regulatory
region of DNA sequence is essential to understand gene regulation at transcription level.
In eukaryotes, distinct TFBSs are often grouped together into regulatory modules to
control a particular aspect of gene expression. The composition of a particular regulatory
module can be identified by experimental approaches; for example, through enhancer
region dissection, DNase hypersensitivity assay, DNA foot printing, etc. However, most
of these approaches are time-consuming, laborious and costly. More importantly, many
of these approaches, such as the DNase hypersensitivity assay, can only be applied to a
short DNA sequence (a few hundred base pairs). It is almost impossible if the relative
location of the module cannot be narrowed to an experimentally testable region.
With the emergence and application of bioinformatics, computational approaches
have been developed to predict regulatory module and help the design and verification of
laboratory experiments. A number of such computational approaches (Aerts et al 2005;
Sandelin et al. 2004; Loots, G.G. and I. Ovcharenko 2004; Sharan et al. 2003; Sinha et al.
2004) are through cross-genome comparison. The assumption underlying these
approaches is that DNA sequences encoding functional TFBSs are conserved during
evolution due to selective pressure, whereas non-functional DNA sequences evolve
(mutate) much faster. Therefore, it is likely that the conserved regulatory modules could
be identified at the regions with high DNA similarity in two orthologs.
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While this type of approaches has been proven very helpful in some cases, there is
also limitation. The success of these approaches depends on identifying significant
sequence level similarity between (among) the DNA regions that harbor the regulatory
modules. However, TFBS sequences are degenerative in nature and that they are
interspersed by non-functional sequences, which are not under conservation pressure. It
is therefore entirely possible that although the regulatory modules are conserved, the
overall similarity of the sequences harboring regulatory modules is only marginal and
cannot be distinguished from background. Applications based on cross-genome
comparison at DNA sequence level will fail when the orthologous DNA sequences are
highly diverged. Therefore, there is a need for a complementary tool that could allow
users to detect conserved regulatory modules from diverged DNA sequences.
We developed a novel methodology, BLISS 2.0 (Binding-site Level Identification
of Shared Signal-module 2.0 version), for identifying evolutionarily conserved regulatory
modules in pairs of orthologs based on the comparison at binding site level. Considering
the conservation pressure is at the binding site level rather than the DNA sequence level.
By integrating the Gaussian smoothing and statistical analysis, we demonstrated that our
approach outperforms regular sequence level comparisons when the orthologous DNA
sequences are highly diverged. BLISS 2.0 is now implemented as a web-based tool and
can be access by the research community freely at:
http://gene1.ufscc.ufl.edu:8080/bliss2/index.html.
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Figure 5-1. Web interface of BLISS 2.0. This is the homepage of BLISS 2.0. To start,
users are required to input two orthologous DNA sequences to start the
search.
Given two orthologous DNA sequences, BLISS 2.0is able to output all potentially
conserved regulatory modules between those two sequences. BLISS 2.0 analysis
proceeds in three major steps:
To begin, users are required to input two raw DNA sequences (Figure 5-1). BLISS
2.0 generates binding site profiles for each sequence based on matrices collected by
Transfac 9.1 (Matys et al. 2003). And on the same page, users are allowed to choose a
binding site score cutoff. Either 0.75 or 0.8 can be selected as the binding score cutoff to
determine if a specific binding site is found in a certain location in the DNA sequence.
This cutoff is based on a balance between specificity and sensitivity. Higher score cutoff
increases the specificity, but decreases the sensitivity at the same time.
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Figure 5-2. The color plot of BLISS_score. BLISS_score indicates the degree of the
conservation at the binding site level between two sequences.
Second, by integrating Gaussian smoothing and statistical analysis on the binding
site profiles comparison, BLISS 2.0 indicates the degree of the conservation at the
binding site level between two sequences as BLISS_scores, which are displayed and
visualized as a two-dimensional color plot (Figure 5-2). The vertical color bar on the
right side of the color plot shows the value of BLISS_score that the color represents.
Continuous high BLISS_scores along diagonal direction indicates a potential match of
conserved regulatory modules between two sequences. To be able to evaluate a particular
BLISS_score, we analyzed the distribution of BLISS_scores using simulated sequence
pairs as shown in Figure 5-3. There are two BLISS_score distributions. The left one is the
distribution when a random sequence matches with a random sequence or a sequence
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harboring a regulatory module and the right is the distribution when two conserved
regulatory modules matches. Based on this statistical analysis, users can choose a
BLISS_score cutoff to output all matched regions with the BLISS_score greater than this
cutoff to be conserved regulatory modules. Users also have the option to determine how
to rank the shared TFBSs in reported regulatory modules. They can be ranked by
locations, by numeric contributions to BLISS_score or by product of p-values of the
matching TFBSs on both sequences.

Figure 5-3. Statistical analysis and distribution of BLISS_score. Statistical analysis of
BLISS_score helps to evaluate a BLISS_score.
Finally, all the matching regulatory modules with BLISS_score greater than the
BLISS_score cutoff that users choose are displayed on the third page. Contributing
TFBSs are listed in a separated table for each matched region. BLISS 2.0 provides the
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option to let users highlight the TFBS they are interested in as green color as shown in
Figure 5-4.

Figure 5-4. Output of contributing TFBSs. Contributing TFBSs are listed in a separated
table for each matched CRM. Users can choose to highlight the TFBS they
are interested in as green color.
It has been experienced by many researchers that the laboratory experiments in a
model organism has narrowed down the location of the regulatory module for a particular
gene to a relatively short region, whereas for the ortholog in a less-studied organism,
information about the localization of the module is absent. To be able to deal with this
special instance, BLISS 2.0 provide a complementary tool – Single Cis-Regulatory
Module Search, to locate the position of the conserved regulatory module in the ortholog
of the less-studied organism. We suggest users to use this tool especially in the case that
the length of one of the orthologous DNA sequences is less than 200 bps.
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The advantage of BLISS 2.0 is that it allows the detection of conserved regulatory
modules in highly diverged sequences, on which BLISS 2.0 outperforms the existing
methods that are based on sequence similarity comparison. We have successfully applied
BLISS 2.0 to identify the Even-skipped (eve) stripe 2 enhancer (S2E) in D. mojavenis
and D. virilis, which no detailed information has been published about and cannot be
detected by existing tools like BLAST, rVista 2.0 and etc.

CHAPTER 6
CONCLUSIONS AND SUGGESTIONS FOR FUTURE STUDY
In this study, we developed a novel methodology to identify conserved regulatory
modules at the binding site level and implemented it as a freely accessed web-based
application named BLISS 2.0. To our knowledge, this is the first time that the feasibility
of comparison at binding site level is confirmed. In the first release of BLISS, we
assumed biologists have the sequence for a regulatory module and BLISS could identify
the conserved module from its orthologous sequence, where the DNA similarity could
not be detected and thus the methods based on sequence similarity failed. After the
success of BLISS1, we further extended this methodology to be applicable for a more
general scenario. In BLISS2, potential regulatory modules can be predicted between two
orthologous sequences by detecting conserved regulatory complexes.
The advantage of this methodology is that it allows the detection of conserved
regulatory modules in highly divergent sequences as we have demonstrated both with
simulated sequences as well as with real world examples. BLISS is thus complementary
to many exiting methods based on nucleotide sequence similarity. It outperforms these
sequence similarity -based methods when the orthologous DNA sequences are highly
diverged. BLISS therefore serves as a valuable tool to facilitate biomedical scientists to
identify functional regulatory modules and design experimental verification strategies.
This study investigated a novel cross-genome comparison strategy and therefore
opened a new field for the future research, which includes developing new algorithm to
improve the performance of the methodology, multiple sequence comparison at the
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binding site level and identifying regulatory modules with higher inter-TFBS distance
variations.

APPENDIX A
PARAMETER OPTIMIZATIONS FOR GAUSSIAN SMOOTHING METHOD
Using simulated sequences, the performance of Gaussian smoothing method was
tested under different parameters: 1) M_score cutoff, 2) variance for Gaussian smoothing,
and 3) integrating p value of M_score OR without integrating the p value of M_score
(Figure A-1).
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Figure A-1. Parameter optimizations for Gaussian smoothing method used in BLISS.
The results indicated that
1.

Integrating the p value of M_score to Gaussian smoothing method had greatly
increased the performance of the method.

2.

Bigger variance gave better performance.

3.

BLISS got the best predictions when binding site score cutoff is between 0.75 and
0.85. Considering the binding sites from TRANSFAC are identified binding sites
and they intended to have higher binding site score, so 0.75 and 0.8 were chosen as
the default cutoff for binding site score in the implementation of BLISS.
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APPENDIX B
A DYNAMIC PROGRAMMING ALGORITHM FOR IDENTIFYING CONSERVED
REGULATORY MODULES
Dynamic programming algorithms have been applied extensively in computational
sequence analysis. In this study, efforts were performed to apply dynamic programming
on the binding site profiles to identify conserved regulatory modules in orthologous
sequences.
The idea underlying this dynamic programming algorithm is to look for the best
local alignments between the binding site profiles of two sequences and the algorithm
consists of three steps:
1.

Calculations of P_score profiles for two sequences, which are exactly same as
described in the Method part of Chapter 3.

2.

A matrix F was constructed based on the P_score profiles of two sequences, where
F(i, j) is the score of the best alignment between the initial segment of position 1 to
i of first sequence and the initial segment of 1 to j of second sequence. F(i, j) was
computed recursively as below:

F(i, j) = max

0,
F(i-1, j-1) + s(seq1i, seq2j)
F(i-1, j) + d
F(i, j-1) + d

F(i, j) could be calculated from F(i-1, j-1), F(i-1, j) and F(i, j-1). F(i, 0) and F(0, j)
were set to 0 for all i and j.
F(i, j) = 0. When F(i, j) has a negative score in some points, we will give it value 0
to start a new alignment.
F(i, j) = F(i-1, j-1) + s(seq1i, seq2j). When position i in sequence 1 and position j in
sequence 2 at least have one shared binding site, s(seq1i, seq2j) will be the
maximum of P_score1(k, i) and P_score(k, j) for all k, where k is the index of the
binding site; when there is no shared binding site at position i in sequence 1 and
position j in sequence 2, but there is at least one binding site either at position i in
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sequence 1 or position j in sequence 2, then s(seq1i, seq2j) would be set to a penalty
called “TF_penalty”; when there is no any binding site either at position i in
sequence 1 or position j in sequence 2, s(seq1i, seq2j) was set to zero.
F(i, j) = F(i, j-1) +d. This is the case when seq2j was aligned to a gap. When there
is at least one binding site at position j of sequence 2, d was set to “TF_penalty”;
when there is no any binding site at position j of sequence 2, d was set to
“N_penalty”.
F(i, j) = F(i-1, j) +d. This is the case when seq1i, was aligned to a gap. When there
is at least one binding site at position i of sequence 1, d was set to “TF_penalty”;
when there is no any binding site in position i of sequence 1, d was set to
“N_penalty”.

3.

After the construction of matrix F, find the maximum F(i, j), which corresponds to
the end points of conserved regulatory module. Then trace back until to a point
with value 0, which corresponds to the start points of conserved module.
This dynamic programming algorithm was applied to 500 simulated sequence pairs

and each sequence pair has only one conserved module. This sequence group corresponds
to the second group simulated sequence in the first data set used for BLISS2 performance
test in chapter 4. The best results were achieved when TF_penalty equals to –9 and
N_penalty equals to –1. When 0.8 was chosen as the M_score cutoff, the conserved
regulatory modules in 168 sequence pairs could be detected and the rest of 332 local
maximum reported by this dynamic programming algorithm was false positives.
As a conclusion, this study addressed the feasibility of identifying conserved
regulatory modules in orthologous sequences by applying the dynamic programming
algorithm on the binding site profiles. Even though, Gaussian smoothing method
developed in chapter 3 and chapter 4 achieved a better performance than this dynamic
programming algorithm. So, BLISS took the Gaussian smoothing method, instead of this
dynamic programming algorithm, for the web implementation.

APPENDIX C
AN IMPROVED ALGORITHM FOR BLISS2
In the current algorithm for BLISS2, we chose to take the sum of G_scores over all
TFs at each matched position when BLISS_score was calculated. The performance of
BLISS2 was improved (Table C-1 and C-2) when was instead took the maximum of
G_scores at each matched location.
Table C-1. Performance test of the improved BLISS2 for M_score cutoff=0.75. False
Positives (FP) and True Positives (TP) are listed under different window size
and BLISS score cutoff.
Window
BLISS_score cutoff
Type
size
0.27 0.26 0.25 0.24 0.23 0.22 0.21
FP
2565 3748 5272 7180
100
TP
1045 1174 1307 1434
FP
262
663 2412 6496
150
TP
1185 1614 1956 2157
FP
40
92
416 2157 6096
200
TP
724 1165 1686 2062 2167
FP
6
23
75
617 3277
250
TP
352
699 1180 1736 2000
Table C-2. Performance test of the improved BLISS2 for M_score cutoff=0.8. False
Positives (FP) and True Positives (TP) are listed under different window size
and BLISS score cutoff.
Window
BLISS_score cutoff
Type
size
0.28 0.27 0.26 0.25 0.24 0.23 0.22
FP
1779 2968 5489
100
TP
1373 1602 1794
FP
288
575 1412 3572 6805
150
TP
1526 1822 2078 2263 2340
FP
46
68
185
686 2395
200
TP
1034 1374 1734 2063 2259
FP
16
36
142
684 2527
250
TP
851 1222 1622 1967 2190
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The method to calculate BLISS_score for the improved algorithm is the same as the
algorithm of BLISS2 except that the Pre_BLISS_score was calculated as below:
Pr e _ BLISS _ score[i, j ] = MaximumOf (G _ score1[i, m] * G _ score2[ j , m]) for m
= 0, 1, 2 …, where m is the index of the TFBS.
The improvement was more dramatic for the second data set that is used in chapter
4, which had longer backbone sequences. Table C-3 displays the performance
comparison between the two algorithms under the condition where the window size is
200 and the binding score cutoff is 0.75.
Table C-3. Performance comparison of two BLISS2 algorithms for second data set when
M_score cutoff is 0.75. False Positives (FP) and True Positives (TP) are listed
under different BLISS score cutoff.
Algorithm
Type
BLISS_scores
2.9
2.8
2.7
2.6
2.5
BLISS2
FP
33
111
359
1014
2778
TP
340
458
611
804
1029
0.25
0.245
0.24
0.235
0.23
Improved
FP
27
79
217
861
2953
BLISS2
TP
748
937
1198
1431
1653
This improvement may reflect the fact that only one TF can exclusively bind to a
location in the real biological environment and the performance of the BLISS2 algorithm
could be compromised due to the repeated contributions of overlapped TFBSs to the
BLISS_score. However, the results included more false positives when this improved
algorithm was applied to S2E example. Considering S2E is the only real world example
we have so far, more researches need to be continued and more real world examples are
required for the further testing of this improved algorithm for BLISS2.
The BLISS_score distribution for the improved algorithm was calculated using the
same method as described in chapter 3 and are shown in Figure C-1 and Figure C-2.
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Figure C-1. Distribution of BLISS_score for the improved BLISS2 algorithm with the
M_score cut_off value of 0.75.

Figure C-2. Distribution of BLISS_score for the improved BLISS2 algorithm with the
M_score cut_off value of 0.8.
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