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Abstract— The advent of high throughput sequencing and DNA
microarray technologies along with the advances in bioinformat-
ics have revolutionized biological research in the recent years.
However, the precise mechanisms that control gene expression
are largely unknown despite the numerous efforts to understand
them. We describe a bioinformatics technique that can potentially
identify condition-specific transcription factor binding sites. We
applied our technique to cellular immortalization data set. Our
analysis revealed similarities in upstream regions of CXCL gene
family that explain condition-specific differential expression of
genes CXCL1 and CXCL2, versus gene CXCL3.

I. I NTRODUCTION

High-throughput genome sequencing and mapping tech-
niques continue to generate enormous amount of data de-
scribing gene structures (i.e., nucleotide sequences of the
genes, their exons and introns) along with their genomic lo-
cations. Concurrently, high-throughput DNA microarrays have
revolutionized the biotechnology by allowing the researchers
to screen tens of thousands of genes simultaneously. The
interpretation of the microarray results is further facilitated
by Gene Ontology (GO)-based functional profiling approaches
[1], [2] as well as biological pathway databases [3], [4]
and pathway analysis tools [5], [6]. However, despite these
advances in biotechnology and bioinformatics, the exact mech-
anisms responsible for gene regulation are largely unknown.

Gene regulation is accomplished by complex and tightly
coordinated protein-DNA interactions between a number of
transcription factors and the promoter region(s) of a gene.
There have been large number of efforts since the early 1980s
to predict transcription factor binding sites (TFBSs)in vivo,
in vitro, andin silico. Some of the popularin vivo approaches
include Chromatin Immunoprecipitation (ChIP) and DamID
[7], [8], whereasin vitro approach include systematic evolution
of ligands by exponential enrichment (SELEX) [7]. There are
number of promoter sites databases developed [9], [10], [11]
that contain promoter sites characterized through experimental
techniques such as DNase I footprinting and gel retardation.
However, these procedures are limited since they are driven by
known or putative binding sites or assumptions about where
a transcription factor may bind. In order to guide these wet
bench techniques in providing valid results, a number ofin sil-
ico approaches have been proposed including neural networks,
evolutionary computation, fuzzy systems, etc. Thesein silico

approaches can be broadly categorized in to 3 categories: (i)
weight matrix-based approaches that use a weight matrix built
from a set of known TFBSs to predict novel TFBSs [12], [13],
[14], [15]; (ii) expectation maximization-based approaches
that also use weight matrix. However, they differ from the
weight matrix-based approaches in that the weight matrix is
constantly updated using the novel sequences until it converges
[16], [17], [18]; (iii) Gibbs sampling-based approaches, which
are stochastic equivalents of expectation maximization-based
approaches [19], and use maximuma posteriorilog-likelihood
ratio [20], [21], [22]. As disadvantages, weight-matrix based
approaches requirea priori knowledge of known TFBSs and
Gibbs sampling-based approaches provide different results
each time they are applied to the same data set due to their
stochastic nature.

In spite of these efforts, there are cases of transcription
factors binding to sites not characterized by the calculated
or published sequence [23]. One of the reasons for our
lack of understanding of gene regulation mechanisms is the
fact that transcription factors can bind to different sites for
different actions. For instance, Motohashi et al. observed
that MafK binds to a different promoter in neural cells than
the mesodermal-specific promoter [24]. In this paper, we
describe a bioinformatics technique to identify TFBSs for
co-regulated genes. Our fundamental hypothesis is that co-
regulated genes involved in related biological phenomena are
regulated by similar transcription mechanism [13], [25], [26],
[27], [28]. Our proposed technique uses GO-based functional
profiling approach to group co-regulated genes, obtained from
microarray data that are involved in same biological process
or molecular function in the condition studied. Consequently,
our technique can potentially identify condition-specific TF-
BSs. Identification of such condition-specific TFBSs can be
immensely useful to drug developers in pharmacogenomics.
Our proposed technique is implemented as a software tool,
Promoter-Express (PE), and is a part of Onto-Tools.

II. A NALYSIS METHODS

GO provides an organism-independent, controlled vocabu-
lary organized in three principal categories: molecular func-
tions, biological processes, and cellular components [29]. As
defined by GO, a molecular function is an activity at the



molecular level; a biological process is a series of events
accomplished by one or more ordered assemblies of molecular
functions; and a cellular component is a component of a cell
where a particular molecular function or a biological process
takes place. Currently, an automatic functional profiling ap-
proach using GO, first proposed by Onto-Express [2], has
become ade factostandard in microarray data analysis [1].
In the paper, we describe a technique that uses this functional
profiling approach to classify genes involved in similar bio-
logical processes. However, note that the technique is equally
applicable if genes are grouped by molecular functions.

The functional profiling identifies the biological processes
that appear in the set of differentially regulated genes in
a manner that is significantly different than expected by
chance. Such processes are expected to be more relevant to
the condition under study. For each of the genes involved
in the selected biological process, we analyze the nucleotide
sequence in its upstream region. By default, PE analyzes a
nucleotide sequence 1500 base pairs upstream and 500 base
pairs downstream from the start of an mRNA since most of
the transcription factor binding sites are more likely to be in
this region. However, PE allows the user to specify the region
of the sequence to be analyzed. Note that in most cases, the
start of an mRNA corresponds to its transcription start site
(TSS). However, in case of some mRNAs, the TSS may not be
annotated precisely, or not annotated at all. Therefore, in order
to avoid any confusion, we use the term “start of the mRNA”
instead of “transcription start site” PE retrieves the nucleotide
sequence downstream of the start of an mRNA because some
regulatory elements (e.g., downstream promoter elements [30])
are known to occur downstream of the start of the mRNA.
Then, PE performs a pairwise sequence comparison using a
sliding window approach. By default, PE uses a window size
of 9 since most of the known transcription factor binding sites
are 6 to 20 base pairs long [31]. However, PE also allows
the user to specify the a different window size as an input
parameter.

The result of the pairwise sequence comparisons is a
number of exact matching subsequences found on both the
input sequences. We define each of these exact matching
subsequences as anelement. It has been shown previously
that two genes involved in a similar biological process and
regulated by the same transcription regulation mechanism may
require that these elements appear in the same order and
approximately at the same distance on both genes [32]. Hence,
after finding the exact matching elements in both genes, PE
searches for the combinations of those elements (i.e., the exact
matching subsequences) that appear in the same order with
approximately the same distance among the elements on both
genes (Figure 1). A set of elements that satisfies these criteria
is defined as amodule. Such a module represents a “footprint”
of the transcriptional regulatory mechanisms at work in a
specific biological context. However, we note that there are
examples of TFBSs that have been swapped in order, and can
be located at different positions. Consequently, our proposed
technique may miss such TFBS (i.e., identify them as false
negatives). However, it is difficult to estimate the number of
false negatives at this moment due to the limited amount of

information about the known TFBS. For instance, TRANSFAC
database only contains 1,388 TFBSs for human.

III. R ESULTS AND DISCUSSION

We applied our technique to 39 interferon-regulated genes
after cellular immortalization [33]. The senescence was pro-
duced by the treatment of immortal Li-Fraumeni fibroblasts
with 5’-aza-2’-deoxycitidine (5AZA-dC). We used the tree
view in Onto-Express [2], [34], [35], [36] to categorize the 39
genes into groups such that each group consists of the genes
involved in the same or closely-related biological processes
or molecular functions as defined by GO [37]. One such
group consisted of 3 genes, chemokine (C-X-C motif) ligand
1 (CXCL1), chemokine (C-X-C motif) ligand 2 (CXCL2), and
interleukin 8 (IL8), involved incytokine activity. Although
the microarray experiment showed that these genes were co-
regulated in the condition under study, they were not known to
be involved in the same molecular function. Also note that the
groups are not completely disjunct. In other words, the genes
are not involved in one and only one molecular function (or
a biological process). A gene can be involved in more than
one molecular function (or a biological process). For instance,
gene IL8 is also involved inprotein binding. These genes were
submitted to PE with the window size of 8 instead of the
default window size in order to increase the sensitivity. PE
detected a module consisting of 25 elements for CXCL1 and
CXCL2 genes. The module extended from -209 to 498 from
the start of the mRNA for CXCL1, and from -191 to 498 from
the start of the mRNA for CXCL2. The part of the module that
was downstream of the start of the mRNA consisted of the first
and the second exons of the genes CXCL1 and CXCL2. This
part of the module was excluded from the further analysis
since the exons are not thought to play a regulatory role in
transcription. The 5 elements considered in the further analysis
are shown in Table I.

Next, we searched each of these 5 elements in TRANSFAC
database [11] in order to see whether any element or part
of an element that we identified contained a known TFBS.
Table I shows the 15 genes that are known to have an
element or a part of an element sequence as a TFBS, and the
transcription factors that are known to bind to those sequences
in TRANSFAC. Additionally, when we found an element
sequence in TRANSFAC, we searched for transcription factors
that are known to bind to the sequence. These are also shown
in the same table.

As shown in Table I, each of the 5 elements contained
at least one known TFBS. This confirmed the ability of our
approach to detect true TFBS. Interestingly, part of the third
element is a known TFBS for NF-kappaB in all 3 input genes
(GGAATTTCCCT in IL8, and TCCGGGAATTTCCCTG in
CXCL1 and CXCL2). It has been shown in the literature
that these sites play crucial role in regulation of IL8 [38],
[39] as well as CXCL1 and CXCL2 [40]. Further, we created
functional profiles of the 15 genes using Onto-Express in order
to verify whether these genes regulated by common mecha-
nism, are involved in related biological processes. Figure 2
shows the results of functional profiling.Cytokine activityis



Fig. 1. Elements and module. The elements are represented by the small thin and thick lines. All the thick elements together represent a module. X, Y,∼X,
∼Y represents the gap between adjacent elements of the module on corresponding promoter sequences.

TABLE I

TRANSFAC SEARCH RESULTS FOR EACH ELEMENT IN THE TRANSCRIPTION MODULE FOR GENESCXCL1 AND CXCL2. FOR EACH ELEMENT, THE

TABLE SHOWS THE GENE(S) IN WHICH IT IS KNOWN TO BE A TFBS,AND THE TRANSCRIPTION FACTOR KNOWN TO BIND TO THE ELEMENT. THE ACTUAL

BINDING SITE OF A TRANSCRIPTION FACTOR IS CAPITALIZED. NOTE THAT MELANOMA GROWTH-STIMULATING ACTIVITY ALPHA , MELANOMA

GROWTH-STIMULATING ACTIVITY BETA , AND MELANOMA GROWTH -STIMULATING ACTIVITY GAMMA ARE SYNONYMS OF GENES CXCL1, CXCL2,

AND CXCL3, RESPECTIVELY.

Element sequence Genes found in TRANSFAC Transcription factors

tcgCCTTCCTTCCg delta-globin (HBD)

actcGGGATCGATCTGGA melanoma growth-stimulating activity alpha
(CXCL1)

HMG I, HMG Y

ctccgGGAATTTCCctggcccgg glycoprotein hormone alpha-subunit (GCA) glucorticoid receptor (GR), NR3C1
ctccgGGAATTTCCCTggcccgg interleukin-8 (IL8) NF-KappaB, NF-KappaB complex,

p50/p65
cTCCGGGAATTTCCCTGgcccgg melanoma growth-stimulating activity alpha

(CXCL1), melanoma growth-stimulating activ-
ity beta (CXCL2), melanoma growth-stimulating
activity gamma (CXCL3)

NF-KappaB, NF-KappaB complex,
p50/p65

ctccgggctttccagccccaaccATGCATAAAaggggttcgc chorionic somatomammotropin (CSH1) GHF-2, LSF-1, Pit-1, PUF-1, PUF-I, Pit-1a
ctccgggctttccagccccaaccATGCATAAAaggggttcgc apolipoprotein B (APOB)
ctccgggctttccagccccaaccATGCATAAAaggggttcgc growth hormone gene-1 (GH1) Pit-1, GHF-1, Pit-1b, pituitary-specific pos-

itive transcription factor 1
ctccgggcTTTCCAGCCccaaccatgcataaaaggggttcgcinterleukin-3 (IL3) (Jun)2, AP1, Fos/Jun, PEA1 (mouse)
ctccgggcTTTCCAGCCccaaccatgcataaaaggggttcgctransferrin (TF)
CTCCGGGCTTtccagccccaaccatgcataaaaggggttcgclyn (LYN) (Ig)NF-A, alpha-H1, NF-A1, NF-III,

OBP100, Oct-1, oct-B1A, oct-B1B,
OTF-1, TRF, Oct-1B

ctccgggctttccagccCCAACCATGcataaaaggggttcgcalpha1-globin (HBA1) (Jun)2, AP1, Fos/Jun, PEA1 (mouse)

tctcggagagccacaGAGCCCGGGCC fibronectin (FN1) CTF, NF-1, NF-I, TGGCA-binding protein

a crucial molecular function inimmune response. As shown
in Figure 2, the top 7 biological processes are also very
important biological processes involved in immune response,
and thus validated our hypothesis that co-regulated genes
involved in similar biological processes are regulated by a
common mechanism.

We used RepeatMasker [41] and CENSOR [42] to detect
any repetitive sequences in the module. Both tools align the
input sequence with a database of already known repetitive
DNA sequences. Both tools were used with their default
settings. Both RepeatMasker and CENSOR confirmed that

there were no repetitive sequences in or around the module
region of both genes.

However, our putative TFBS could be a repetitive sequence
that is just not detected by RepeatMasker and CENSOR.
Therefore, we performed a genome-wide search of the module
sequence in order to observe whether the module is specific
to CXCL1 and CXCL2 genes only, and if not, at what other
locations it is found in the genome. We were also interested in
finding out why CXCL3 was not reported as differentially reg-
ulated in the microarray experiment, although it contains the
same known NF-kappaB binding site as CXCL1 and CXCL2.



Fig. 2. Functional profiling of the 15 genes found in TRANSFAC with known
TFBS. The results showed that the top 7 biological processes (chemotaxis,
G-protein coupled receptor protein signalling pathway, transport, cell-cell
signalling, intracellular signalling cascade, inflammatory response) were
clearly related to immune response similar tocytokine activity, and involved
12 out of 15 input genes.

We performed the search using the module sequence from
gene CXCL2, including the intermediate base pairs between
the elements. Using MEGABLAST [43], [44] from NCBI, we
found that the sequence is found only on chromosome 4 at
3 different locations as shown in Figure 3. These locations
are found immediately upstream of genes CXCL1, CXCL2,
and CXCL3. As expected, the module was found upstream
of genes CXCL1 and CXCL2 with 93% and 100% identity,
respectively. The module found upstream of gene CXCL3 had
an 89% identity.

Further analysis of the BLAST alignment results revealed
that there were a number of mismatches in CXCL3 compared
to CXCL1 and CXCL2 that contain known TFBSs for a
number of transcription factors including high mobility group
protein I(Y) (HMG I(Y)) as shown in Table I and Figure 3.
Thanos et al. showed that both NF-kappaB and HMG I(Y) are
required for induction of the human interferon-beta (IFN-beta)
gene where HMG I(Y) stimulates the binding of NF-kappaB
[45]. This experimental finding combined with our analysis

results strongly suggests that CXCL3 is not differentially
regulated because of the mismatch in HMG I(Y) binding site.
Furthermore, the mismatches in CXCL3 in the binding sites of
other transcription factors suggests a possible role played by
those factors (see Table I) in the regulation of interferon genes
during immortalization that needs to be verified through fur-
ther experiments. It is very likely that CXCL1 and CXCL2 are
regulated by more than one transcription factors, and hence,
have more than one TFBSs. However, our analysis indicate
that the module discussed here is active in the condition under
study. There may be other TFBSs that may be active under
different conditions. We are currently analyzing a number of
data sets obtained under different biological conditions that
will be reported in the future.

IV. CONCLUSIONS

In spite of a number of advances in both biotechnology
and bioinformatics, gene transcription regulation is only a
partially understood phenomenon. In this paper, we propose
a bioinformatics technique to identify TFBSs. Our results
suggest that the proposed technique can potentially be used for
identification of condition-specific transcription factor binding
sites for co-regulated genes involved in related biological
processes.
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