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We introduce the GibbsModule algorithm for de novo detection of cis-regulatory motifs and modules in eukaryote
genomes. GibbsModule models the coexpressed genes within one species as sharing a core cis-regulatory motif and
each homologous gene group as sharing a homologous cis-regulatory module (CRM), characterized by a similar
composition of motifs. Without using a predetermined alignment result, GibbsModule iteratively updates the core
motif shared by coexpressed genes and traces the homologous CRMs that contain the core motif. GibbsModule
achieved substantial improvements in both precision and recall as compared with peer algorithms on a number of
synthetic and real data sets. Applying GibbsModule to analyze the binding regions of the Kriippel-like factor (KLF)
transcription factor in embryonic stem cells (ESCs), we discovered a motif that differs from a previously published
KLF motif identified by a SELEX experiment, but the new motif is consistent with mutagenesis analysis. The SOX2
motif was found to be a collaborating motif to the KLF motif in ESCs. We used quantitative chromatin
immunoprecipitation (ChIP) analysis to test whether GibbsModule could distinguish functional and nonfunctional
binding sites. All seven tested binding sites in GibbsModule-predicted CRMs had higher ChIP signals as compared
with the other seven tested binding sites located outside of predicted CRMs. GibbsModule is available at

http://biocomp.bioen.uiuc.edu/GibbsModule.

[Supplemental material is available online at www.genome.org.]

Significant advances have been made in the past 15 yr on the
computational prediction of transcription factor binding sites
(TFBSs) in eukaryote genomes. The accuracy of such predictions
has reached a plateau where achieving significant improvements
seems difficult. In particular, de novo cis-regulatory motif iden-
tification algorithms (Bailey and Elkan 1994; Hughes et al. 2000;
Liu et al. 2001), capable of locating TFBSs in promoter regions,
are expected to have very limited power in the search for TFBSs in
distal promoters or enhancers.

Unlike compact genomes such as that of Saccharomyces ce-
revisiae, in which TFBSs typically locate in promoter regions close
to the transcription start sites, TFBSs in higher eukaryotic ge-
nomes often locate in distal promoters or enhancers that can be
tens of thousands of bases (kilobases) of nucleotides away from
the transcription start sites (Banerji et al. 1981; Carter et al. 2002;
Vokes et al. 2007). Furthermore, the TFBSs that regulate the time
and tissue expression domains of a target gene often appear in
enhancer rather than promoter regions (Davidson et al. 2002,
2003; Papatsenko and Levine 2005; Davidson 2006). The longer
distances between TFBSs and transcription start sites in higher
eukaryotes impose a greater computational challenge for de novo
motif finding. This is because motif-finding tools are required to
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search longer sequences, i.e., a larger search space. It is well
known that iterative and stochastic searches can easily be
trapped into local maxima when the search space is large.

Several experimental and computational strategies have
been implemented to identify cis-regulatory motifs in both pro-
moter and enhancer regions. Chromatin immunoprecipitation
followed by microarray hybridization (ChIP-chip) is used to ob-
tain the DNA-binding regions of a transcription factor, often in a
whole genome (Boyer et al. 2005; Venkatesh et al. 2006; Kim et
al. 2007). ChIP-chip experiments can narrow enhancer regions
down to the range of about 500 base pairs (bp), and ChIP-chip
positive regions are good input data for motif searches. The bind-
ing sites for a set of interacting transcription factors have the
tendency to colocalize into one cis-regulatory module (CRM).
Assuming all the motifs that constitute a CRM are known, re-
searchers have developed algorithms to utilize these motifs to
identify enhancer regions (Hallikas et al. 2006; Sinha et al. 2006).
Both ChIP-chip and the set of DNA motifs known to constitute a
CRM require substantial prior knowledge and experimental ef-
forts on the biological system and the focal process. In explor-
atory studies for unknown TFBSs, tools for de novo motif discov-
ery from a set of coexpressed genes are still in great demand. Two
major directions for de novo identification of cis-regulatory ele-
ments have been explored.

Comparative genome sequence analysis is one of the best
strategies known for finding functional sequences in animal ge-
nomes. The basic idea is to look for sequences that are conserved
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across species (e.g., Loots et al. 2000; Boffelli et al. 2003; Hardison
et al. 2003; Kellis et al. 2003; Margulies et al. 2003; Woolfe et al.
2005). Due to negative (purifying) selection, orthologous se-
quences that are significantly more similar than what would be
expected under some reasonable model of neutral evolution are
likely to have critical functional roles (Bejerano et al. 2004; Siepel
et al. 2005; Chen et al. 2007; Katzman et al. 2007). Two major
approaches have been used to identify sequences that have un-
dergone purifying selection. The first is to look for ultraconserved
elements in closely related genomes. Pioneering examples in-
clude using high conservation thresholds on mammalian ge-
nomes (Bejerano et al. 2004; Chen et al. 2007; Katzman et al.
2007) and Phylogenetic Shadowing on primate genomes (Boffelli
et al. 2003; Ovcharenko et al. 2004). The second is to identify
elements conserved in genomes spanning a large phylogenetic
distance, typically over 400 million years (Siepel et al. 2005; Ven-
katesh et al. 2006). Phylogenetic footprinting (Blanchette and
Tompa 2002, 2003; Blanchette et al. 2002) and its variations
(Thomas et al. 2003; Siepel et al. 2005; Sosinsky et al. 2007) are
formalized computational methods using this approach.

An orthogonal direction of utilizing homologous sequences
for TFBS identification is to use coexpressed genes in the same
species. The general problem is to identify cis-regulatory motifs
in a given set of genes that are likely to be regulated by the same
(group of) transcription factor(s) (Zhou and Wong 2004). Word-
Enumeration (Sinha and Tompa 2002), MEME (Bailey and Elkan
1994), AlignACE (Hughes et al. 2000), and BioProspector (Liu et
al. 2001) are among the well-established methods on this direc-
tion. Leveraging on the fact that TFBSs are generally both more
overrepresented across co-regulated genes and more conserved
across species, a number of recent developments, including Com-
pareProspector (Liu et al. 2004), PhyloCon (Wang and Stormo
2003), PhyloGibbs (Siddharthan et al. 2005), and others (Moses
et al. 2004; Sinha et al. 2004; Prakash and Tompa 2005) have
shown large improvements compared with methods that use
only one of the two properties (conservation and overrepresen-
tation). These methods operate under a predetermined align-
ment result. Although there are valid arguments regarding the
disadvantages of using a predetermined alignment result (Sosin-
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Figure 1. Three information sources for de novo identification of cis-
regulatory motifs. The three circles represent three information sources
that can be utilized for motif and CRM finding. A tool enclosed in a circle
indicates that this tool utilizes that information.
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Figure 2. Motifs and CRMs in coexpressed genes and their homolo-
gous genes. A, B, C, and D represent coexpressed genes in one species.
A" and A"’ represent the homologous genes to A in two other species, and
so on. (X, O, #) TFBSs for different transcription factors.
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sky et al. 2007; Zhou and Wong 2007), in practice these recently
developed methods nevertheless generate the most reliable mo-
tifs (Wang and Stormo 2003; Liu et al. 2004; Siddharthan et al.
2005).

In eukaryotes, a set of TFBSs that attract interacting tran-
scription factors often colocalize in the genome sequence, form-
ing a CRM. Utilizing this information, joint modeling of TFBSs in
CRMs in a single species has demonstrated substantial improve-
ments in de novo motif identification (Zhou and Wong 2004;
Gupta and Liu 2005). Figure 1 illustrates the information sources
used in motif identification algorithms. It is tempting to com-
bine motif overrepresentation across coexpressed genes and evo-
lutionary conservation of a motif and conservation of CRMs, i.e.,
all three information sources, to improve de novo motif identi-
fication.

Methods
GibbsModule

We present the GibbsModule model and algorithm for de novo
cis-regulatory motif detection in eukaryotic genomes. GibbsMod-
ule takes a list of upstream sequences® of coexpressed genes and
their homologous sequences as input. We denote the species in
which the coexpressed genes are originally obtained as the target
species, and the other species from which the homologous se-
quences are retrieved as assisting species.

GibbsModule models the coexpressed genes in the target
species as sharing a core cis-regulatory motif and each homolo-
gous gene group as sharing a homologous CRM, characterized by
a similar composition of motifs. The core motif is assumed to be
overrepresented across coexpressed genes (Fig. 2). Some of these
motifs may locate in CRMs. GibbsModule iteratively identifies
potential enhancer regions and a core cis-regulatory motif within
these enhancers. GibbsModule does not require all real TFBSs to
locate within conserved CRMs.

GibbsModule utilizes a Gibbs sampling scheme for motif
search. A classical Gibbs motif sampler iteratively updates the
position specific weight matrix (PSWM) for the motif and

8Although we use the term ““upstream sequence’” to describe the method, in
practice, the method should be applied to any regions that may contain cis-
regulatory elements.
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samples the locations of TFBSs in the upstream of the group of
coexpressed genes (Lawrence et al. 1993). To update TFBS loca-
tions in each iteration, a location is sampled on an input se-
quence from the posterior motif distribution on that sequence. A
Gibbs sampler has proved to be powerful in detecting common
motifs in the input sequences (Lawrence et al. 1993). A drawback
of a Gibbs sampler is that it easily falls into local maxima, espe-
cially when the input sequences are long. GibbsModule is de-
signed to utilize the conservation of CRMs across species to over-
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Figure 3. GibbsModule workflow. In Step 1, a random PSWM is initialized. Steps 2-5 are the iterative
steps. In Step 2, N candidate binding sites are sampled from every homologous sequence using the
same PSWM. In this example, three candidate-binding sites are sampled on each sequence (N = 3).
Every sampled binding site defines a candidate CRM, which includes the binding site itself and 100 bp
of flanking region on each side. These candidate CRMs are marked 1, 2, 3 on the target sequence, and
1’, 2, 3" and 17, 2", 3" on the sequences of two assisting species. In Step 3, Module-Alignment is
applied to every candidate CRM on the target sequence and every CRM on the assisting sequences. In
the example, the alignments are applied to CRM pairs of (1, 1'), (1, 2'), (1, 3"), (2, 1), (2, 2"), .. .,
(3,17, (3, 2", and (3, 3"). In Steps 3 and 4, a most conserved CRM on the target sequence is picked
up by arg max(max(score(n,n")) + max(score(n,n"))), where n, n’, and n" are indicators of candidate

CRMs in homologous sequences SegA, orthAl, and orthA2, respectively. (X, O, #) Other motifs close
to the core motif within a CRM. In Step 5, a new PSWM is calculated from the core motifs in the most

come the drawback of a traditional Gibbs motif sampler. Without
using a predetermined alignment result, GibbsModule iteratively
traces the homologous CRMs and updates a core motif shared by
these CRMs.

In a GibbsModule iteration, instead of sampling one TFBS
on each input sequence, it first samples a set of candidate TFBSs
on each input sequence as well as on their homologous se-
quences. Some of the sampled TFBSs may be real sites within
CRMs, while the others can be false positives. The CRMs are

likely to be more conserved across ho-
mologous sequences as compared with
neutral sequences. Therefore, Gibbs-
Module assumes the neighboring area of
a TFBS in a CRM is more conserved than
the neighboring area of a TFBS not in a
CRM. In all the experiments described
later in this paper, we set Gibbs-
Module to sample three candidate TFBSs
on each input sequence and on each of
their homologous sequences (Step 2, Fig.
3). GibbsModule then selects one out of
the three candidates as the updated TFBS
(Step 4, Fig. 3). This selection is judged
by which candidate TFBS is most likely
to locate within a conserved CRM (Step
3, Fig. 3).

We designed a Module-Alignment
algorithm to evaluate the conserva-
tion of CRMs (see Module-Alignment).
GibbsModule computes a conservation
score from Module-Alignment for each
candidate TFBS in the target species.
For example, if two candidate TFBSs

| on homologous genes are contained in
: orthologous CRMs, a high conserva-
| tion score is expected from Module-
Alignment when aligning the neighbor-
ing sequences of the two candidates.
Because it is uncertain which TFBSs are
orthologous, Module-Alignment is ap-
plied to all pairs between every candi-
date TFBS on the target species and every
candidate TFBS on every assisting species
to compute conservation scores. For ex-
ample, if there are two homologous se-
quences for a gene, three candidate
TFBSs will be sampled on each homolo-
gous sequence. Then Module-Alignment
will be applied nine (= 3 X 3) times, and
nine conservation scores will be com-
puted. The pair of TFBSs with the largest
conservation score is regarded as “or-
thologous” for this iteration, and their
neighboring sequences are supposed to
contain orthologous CRMs. The largest
pairwise conservation score will be as-
signed as the conservation score for this
TFBS on the target species.

For more than two species, the tar-
get species will first be aligned to every
assisting species. The conservation score
of a TFBS on the target species is the sum

1l
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of its conservation scores on every assist- A
ing species. The candidate TFBS with the
largest conservation score on the target
species will be selected as the sampled
TFBS for its downstream gene in this it-
eration (Step 4, Fig. 3). All the sampled
TFBSs in the target species are used to
update the motif PSWM (Step 5, Fig. 3).
In practice, not all input sequences
are guaranteed to contain a TFBS of the
shared motif. To allow some input se-
quences to be devoid of the shared mo-
tif, GibbsModule has a built-in sampling
threshold that increases at every itera- B
tion after burn-in iterations. In the itera-
tion step of sampling TFBSs, GibbsMod-

ACGCILIITIGLITA

ALLIGCALC.

ule computes the posterior probability
for each position on a sequence of being
a TFBS. GibbsModule completely ignores
the positions whose posterior probabili-
ties are below the sampling threshold
and does not sample those positions. If
all the positions on an input sequence
have a posterior probability less than the
sampling threshold, the whole sequence
will be ignored in that iteration. This
strategy of dealing with sequences de-
void of TFBSs was first introduced by the
authors of BioProspector (Liu et al.
2001).

Hereto, we have described the com-
plete sampling scheme of GibbsModule.
To further avoid local maxima, we ask
each execution of GibbsModule to per-
form the sampler described above 50
times. In each run, GibbsModule out-
puts five locations of putative TFBSs per
sequence. For each location on the se-
quence, we count the cumulative times
that it is predicted to be a TFBS location
(Supplemental Fig. S3A). If a location has
been cumulatively predicted for more
than & times, it is regarded as a location
for a TFBS and also as a central location
for a CRM. Throughout this paper and as the default in the
GibbsModule program, 8 is set at 5.

Module-Alignment

Module-Alignment is an extension of the Smith-Waterman algo-
rithm for local alignment (Smith and Waterman 1981). Module-
Alignment computes a conservation score between any two in-
put sequences. Compared with Smith-Waterman, Module-
Alignment would generate a higher conservation score if the
input sequences are orthologous CRMs. In other words, Module-
Alignment is designed to better differentiate orthologous CRMs
and orthologous neutral sequences.

A CRM can be modeled as a set of TFBSs separated by in-
module background sequences (Zhou and Wong 2004). The em-
bedded TFBSs are more conserved than in-module background
sequences. Orthologous CRMs can perform a conserved function
in spite of a class of structural changes (Waterston et al. 2002;
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Figure 4. Module-Alignment. (A) An illustration of three pairs of orthologous CRMs: All three CRM
pairs consist of TFBSs generated from the same motifs (squares, ellipses, and triangles). (1) Ortholo-
gous CRMs with conserved number, order, and distances. (2—4) Orthologous CRMs with different
distances, order, and number of TFBSs. (B) Workflow of Module-Alignment: Module-Alignment itera-
tively performs local alignment and masks out conserved regions. The mutations and gaps between the
alignable segments on the upper and lower sequences incur severe penalty so that Smith-Waterman
can detect only the best local alignment in the first row. The conservation score from local alignment
is the score of the best local alignment. However, the conservation score from Module-Alignment is the
sum of the two local alignments scores from the two alignable sequence segments. Module-alignment
is not designed to align any two sequences with any arbitrary lengths. Its input sequences should be
potentially orthologous CRMs with lengths of several dozen to several hundred base pairs.

Papatsenko and Levine 2005). For example, the following struc-
tural changes do not necessarily change the function of a CRM:
insertion and deletion on background sequences between TFBSs,
change of order of TFBSs, and change of number of TFBSs (Fig. 4A
panels B-D)(for examples of these cases, see Waterston et al. 2002
and Papatsenko and Levine 2005). Smith-Waterman is capable of
assigning a high conservation score to orthologous CRMs that
have conserved TFBS composition, distance, order, and number
(Fig. 4A panel A). All of the structural changes in Figure 4A, pan-
els B-D, are penalized, often heavily, in Smith-Waterman. Nev-
ertheless, these changes do not necessarily manifest functional
changes, and therefore they may not be under negative selection.
Penalizing these changes would suppress the distinction between
the conservation of CRMs and that of neutral sequences (Supple-
mental Fig. S2).

Module-Alignment is designed to compute conservation
scores based on the composition of putative TFBSs in CRMs, ac-
commodating potential complex structural changes of CRMs
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during evolution. The basic idea is to iteratively use Smith-
Waterman to identify putative TFBSs and use the overall conser-
vation level of all the putative TFBSs within a 200-bp window to
compute the conservation score.” The window length and the
scoring system for Smith-Waterman alignment are tuning pa-
rameters that can be adjusted. In this paper, all the analyses are
run with the window length set to be 200 bp, which is in the
range consistent with reported CRMs (Waterston et al. 2002;
Zhou and Wong 2004; Gupta and Liu 2005; Papatsenko and
Levine 2005). Module-Alignment takes two homologous non-
coding sequences and a conservation threshold as input. The
conservation threshold is used to determine whether a pair of
conserved sequence segments can be regarded putative ortholo-
gous TFBSs or orthologous CRMs. The computation procedure is
as follows:

(1) Initiation: Set Module-Alignment conservation score as 0.

(2) apply Smith-Waterman, and identify the best local align-
ment;

(3) compare the alignment score of best local alignment with the
conservation threshold;

(4) if the alignment score is larger than the threshold, regard the
current best local alignment as orthologous TFBSs or ortholo-
gous CRMs. Add the alignment score to Module-Alignment’s
conservation score. Mask the sequences in the currently
aligned regions. Go back to Step (2);

(5) stop the algorithm when no best local alignment satisfies the
conservation threshold (Fig. 4B; Supplemental Fig. S1).

Finally, the conservation threshold, similar to mismatch
penalty and gap penalty in an alignment algorithm, is a tuning
parameter. This tuning parameter can be tuned according to the
expected lengths of the TFBSs.

Chromatin immunoprecipitation of POUS5FI

Human ES cells (H1 line) were cultured on matrigel in MEF-
conditioned media (DMEM/F-12 supplied with 20% KnockOut
Serum Replacement [GIBCO], 2 mM L-glutamine, 1.1 mM 2-mer-
captoethanol, 1 mM nonessential amino acids, and 8 ng/mL
bFGF) (Thomson et al. 1998). A chromatin immunoprecipitation
(ChIP) assay was carried out as described previously (Loh et al.
2006). Briefly, cells were cross-linked with 1% formaldehyde for
10 min at room temperature, and formaldehyde was then inac-
tivated by the addition of 125 mM glycine. Chromatin extracts
containing DNA fragments with an average size of 500 bp were
immunoprecipitated using polyclonal POUSF1 antibody
(Ab19857-100, Abcam). Quantitative PCR analyses were per-
formed in real time using the ABI PRISM 7900 sequence detection
system and SYBR green master mix. Threshold cycles (Ct) were
determined for both immunoprecipitated DNA and a known
amount of DNA from input sample for different primer pairs.
Relative occupancy values (also known as fold enrichments) were
calculated by determining the immunoprecipitation efficiency
(ratios of the amount of immunoprecipitated DNA to that of the
input sample) and were normalized to the level observed at a
control region, which was defined as 1.0.

°Throughout this article we use 1, —0.33, —1, —0.33, and 10 as match score,
mismatch penalty, gap open penalty, gap extension penalty, and conservation
threshold, respectively. This means that we expect to see a 10-bp TFBS to be
perfectly conserved, or a 14-bp TFBS to have no more than three mutations.

Results

GibbsModule identifies the locations of a core motif that is
shared by a set of CRMs. In this sense, GibbsModule is more of a
CRM prediction tool than a motif prediction tool, because the
location of one participating TFBS in a CRM is enough to pin-
point the location of this CRM down to a 100-bp resolution. This
is the same resolution that other CRM identification tools offer
(Zhou and Wong 2004; Gupta and Liu 2005). We define the
200-bp regions centered at the predicted motif locations as
GibbsModule-predicted CRMs. GibbsModule does not model and
detect all the motifs that constitute its predicted CRMs. However,
if the intention is to characterize all TFBSs in the output CRMs, it
is a simple task to perform a motif search in the predicted CRMs.
Because the predicted CRMs are 200-bp short sequences, motif
searches, such as when using MEME (Bailey and Elkan 1994),
usually give accurate results.

Synthetic data

We use three synthetic data sets to demonstrate three points: (1)
GibbsModule can efficiently pinpoint CRMs; (2) applying MEME
to GibbsModule-identified CRMs can identify their participating
motifs; (3) directly applying MEME to the full-length sequences
usually fails to identify the real motifs. We also applied other
motif- and CRM-finding tools including CisModule (Zhou and
Wong 2004), CompareProspector (Liu et al. 2004), and PhyloCon
(Wang and Stormo 2003) on these synthetic data sets and com-
pared their performances.

The three synthetic data sets are constructed as follows:
First, homologous upstream sequences from 22 randomly chosen
genes were retrieved from human, mouse, and chicken genomes.
All the upstream sequences were retrieved from transcription
start sites to 1000 bp upstream. These 22 homologous groups of
sequences were used as background sequences in all three data
sets. PSWMs of motifs for three transcription factors, POUSF1
(also known as OCT4), SOX2, and FOXD3 were retrieved from
the TRANSFAC database (Matys et al. 2006). TFBSs of each tran-
scription factor were generated by the product-multinomial dis-
tribution defined by its motif PSWM.

® In data set 1, three TFBSs of each transcription factor were
inserted randomly into every background sequence in the first
20 homologous groups. The distance between any two TFBSs is
generated from a Poisson distribution with an expected value
of 10; i.e., the average distance between any two TFBSs is 10 bp.
The order of the TFBSs is conserved across homologous se-
quences. The last two homologous groups do not contain any
TFBSs;

® in data set 2, a random number of TFBSs for each transcription
factor were inserted into every background sequence in the
first 20 homologous groups. The number of TFBSs for a tran-
scription factor is drawn from a Poisson distribution with an
expected value of 1. The distance between any two TFBSs is
drawn from a Poisson distribution with an expected value of
10. The order of the TFBSs is conserved across homologous
sequences. The last two homologous groups do not contain
any TFBSs;

® data set 3 is constructed in the same manner as data set 2
except that the order of the TFBSs is not conserved.

GibbsModule has detected all the CRMs in data set 1 and
almost all the CRMs in data sets 2 and 3 with only one false
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Table 1. Results on synthetic data sets

Synthetic data sets

1 2 3

Real® TP® FP< Real TP FP Real TP FP

CRM detection by GibbsModule (20 real CRMs in total)

N
(=}
N
o
o
N
o
j—y
O
o
N
o
—_
<)
j—y

TFBS detection by applying MEME to GibbsModule detected CRMs ~ SOX2 60 58 11 29 25 27 30 27 38
POUS5F1 60 37 37 25 31 0
FOXD3 60 18 32 0 31 10

TFBS detection by applying MEME to the original sequences SOX2 60 54 87 29 0 105 30 0 100
POUS5F1 60 0 37 0 31 0
FOXD3 60 0 32 0 31 0

TFBS detection by PhyloCon SOX2 60 2 15 29 11 7 30 13 1
POUS5F1 60 1 37 0 31 0
FOXD3 60 2 32 1 31 0

TFBS detection by CompareProspector SOX2 60 4 21 29 0 7 30 0 20
POUS5F1 60 1 37 0 31 1
FOXD3 60 1 32 0 31 1

TFBS detection by CisModule SOX2 60 0 270 29 0 207 30 0o 217
POUS5F1 60 0 37 0 31 0
FOXD3 60 0 32 0 31 0

Number of real CRMs or TFBSs.
®True positive.
“False positive.

positive prediction (Table 1). When MEME is applied to Gibbs-
Module-predicted CRMs, all three motifs are recovered from data
set 1. POUSF1 and SOX2 motifs are recovered from data set 2.
FOXD3 and SOX2 motifs are recovered from data set 3. When
MEME is directly applied to the full-length input sequences, it
correctly identifies only the SOX2 motif in data set 1, failing to
detect the other two motifs. Additionally, MEME completely fails
to correctly detect any motifs in data sets 2 and 3 (Table 1). Under
default settings, PhyloCon has correctly recovered SOX2 motifs
in all three data sets, while it misses almost all POU5SF1 and
FOXD3 binding sites. CompareProspector and CisModule had
very few correct predictions in any of the three data sets. These
synthetic data suggest that GibbsModule can successfully
identify CRMs, and narrowing the search space down to Gibbs-
Module-predicted CRMs can facilitate the efficiency of motif
searches.

Muscle enhancer data

The transcription factors SP1, SRF, TEF and transcription factor
families MEF2 and MYF are known to regulate gene expression in
muscle cells (Wasserman and Fickett 1998). A set of cis-regulatory
regions that are sufficient to control skeletal-muscle-specific ex-
pression has been experimentally localized to within 200 bp
(Wasserman and Fickett 1998). This data set is used as a testing
set to calibrate several motif and CRM detection tools (Zhou and
Wong 2004, 2007; Gupta and Liu 2005). We extracted the same
20 enhancers as from Zhou and Wong (2004), within which
there are 23 CRMs consisting of 15 MEF2, 25 MYF, 21 SP1, 13
SRF, and six TEF experimentally validated TFBSs. To mimic the
real situation in which we do not know the locations of these
enhancers, we extracted the complete upstream sequences from
these enhancers to the transcription start sites of their target
genes. The original enhancers were either in human or in mouse.
Besides the complete upstream regions covering these enhancers,
we also extracted their homologous upstream regions from either
human or mouse, and from dog. Repeatmasker was applied to
mask repeat regions (A.F.A. Smit, R. Hubley, and P. Green, Re-
peatmasker at http://www.repeatmasker.org).

GibbsModule predicted a total of 41 CRMs. Of those, 19 of
them overlapped with the experimentally verified CRMs (Supple-
mental Fig. S3A). Therefore, there were 19 true positives and 22
false positives, which translates into a precision of 0.46 and a
recall of 0.83 (Table 2). We also executed four other published
programs for comparison. CisModule (Zhou and Wong 2004)
and EMCModule (Gupta and Liu 2005) jointly utilize the shared
TFBS composition in CRMs and the overrepresentation of motifs
across genes. CompareProspecter (Liu et al. 2004) and PhyloCon
(Wang and Stormo 2003) jointly utilize the overrepresentation
and conservation properties of a motif. We applied our best
knowledge and expertise to tune the parameters in CisModule,
EMCModule, CompareProspecter, and PhyloCon to achieve their
best performance. We gave CisModule a tremendous advantage
in the test by counting its predicted CRM as a true positive as
long as it is within 50 bp of a real CRM (counting from the
nearest boundaries). We required GibbsModule-, EMCModule-,
CompareProspecter-, and PhyloCon-predicted TFBSs to be con-
tained within real CRMs to be counted as true positives. We also
chose the result from CisModule either from one execution or
from a cumulative summary of multiple executions (the same
strategy as what we implemented in GibbsModule), whichever
performed better.

It should be noted that these tools report data that are not
completely comparable. GibbsModule, CisModule, and EMC-
Module predict CRMs (CRM predictors), while CompareProspec-
tor and PhyloCon predict motifs (motif predictors). There are two

Table 2. Performance comparison on muscle enhancers

Methods TP? FP° Recall Precision
GibbsModule 19 22 0.83 0.46
CisModule 19 31 0.83 0.38
CompareProspector 6 43 0.26 0.12
PhyloCon 9 16 0.39 0.36
EMCModule 17 46 0.74 0.27

The largest recall and precision values are in bold.
*True positive.
PFalse positive.
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Table 3. Performance comparison on ESC enhancers

2K 3K 4K 5K
Sequence length Recall Precision Recall Precision Recall Precision Recall Precision
GibbsModule 1.00 0.74 0.97 0.53 0.87 0.36 0.85 0.27
CisModule 0.96 0.38 0.94 0.30 0.83 0.15 0.86 0.14
CompareProspector 0.29 0.18 0.06 0.02 0 0 0 0
PhyloCon 0.63 0.53 0.55 0.44 0.35 0.33 n/a n/a
EMCModule 0.86 0.25 0.91 0.21 0.87 0.17 0.79 0.14

The largest recall and precision values are in bold.

strategies to make their results comparable. First, we can degen-
erate the CRM predictors as motif predictors by ignoring the
reported CRMs and using only the individual reported motifs.
Second, we can regard the motifs identified by motif-level tools
as centers of CRMs, assuming they report CRMs that cover their
reported motifs. We adopted the latter strategy because it offers a
simple comparable summary to results from all algorithms.
GibbsModule outperformed the other four algorithms in
this test. In particular, CompareProspector and PhyloCon have
much smaller recalls than that of GibbsModule while their pre-
cisions are also smaller. Compared with these two algorithms,
the performances of CisModule and EMCModule are closer to
that of GibbsModule, probably because of their shared capability
of modeling modular information. CisModule achieved a perfor-
mance closest to GibbsModule. Given the same number of true
positives, GibbsModule generates ~50% fewer false positives than
CisModule (Table 2). To make sure that this conclusion is not
biased by particular thresholds that we set for these algorithms,
we performed a more detailed sensitivity analysis (Supplemental
Fig. S4). With various thresholds (Supplemental Fig. S3B), Gibbs-
Module has a consistent increase of ~0.1 in precision given the
same recall as of CisModule. This is nontrivial because it translates
into ~50% fewer false positives. Moreover, the number of true posi-
tives in CisModule plateaued at 19, irrespective of the increasing of
threshold (vertical drop at recall = 0.83 in Supplemental Fig. S4).
GibbsModule can at best detect 21 true positives out of 23 total
CRMs (rightmost red dot in Supplemental Fig. S4). At this point, it
generates only 32 false positives, giving a precision of 0.40, better
than all CisModule results that have at least 13 true positives.

Enhancers regulating gene expression in embryonic stem cells

Embryonic stem cells (ESCs) are derived from early mammalian
embryos and can be propagated through apparently unlimited,
undifferentiated proliferation (self-renewal) in cultured cell lines
(mouse: [Dehal et al. 2002; Evans and Kaufman 1981]; human:
[Thomson et al. 1998]). ESCs are capable of differentiating into
all derivatives of the three primary germ layers (known as “plu-
ripotency”), and therefore they serve as a powerful in vitro sys-
tem for studying the processes of differentiation and cell lineage
determination. A major challenge in the study of ESCs is to ex-
plain how the complex genes network is “wired” to control their
properties of pluripotency and self-renewal. Regulation of gene
transcription is thought to be a key control mechanism for ESCs
to maintain their undifferentiated state (Abeyta et al. 2004; Bhat-
tacharya et al. 2004; Catena et al. 2004; Boyer et al. 2005; Golan-
Mashiach et al. 2005; Rodda et al. 2005; Skottman et al. 2005;
Bernstein et al. 2006; Lee et al. 2006; Venkatesh et al. 2006).
Therefore, the identification of CRMs for ESCs is critical to reveal
how the undifferentiated state of ESCs is maintained, and how it

can be disrupted to initiate routes of differentiation (Boyer et al.
2005; Venkatesh et al. 2006).

Several key transcription factors are shown to be required for
maintaining the pluripotent state of ESCs. They include POUSF1
(Niwa et al. 2000; Matin et al. 2004), SOX2 (Yuan et al. 1995;
Kuroda et al. 2005; Rodda et al. 2005), NANONG (Mitsui et al.
2003; Ying et al. 2003), and others (Brandenberger et al. 2004;
Ivanova et al. 2006). POUSF1 and SOX2 are known to dimerize
and access binding sites that are 0-20 bp apart from each other to
regulate ESC gene expression (Hosler et al. 1993; Yuan et al. 1995;
Nishimoto et al. 1999; Kuroda et al. 2005; Rodda et al. 2005). In
a genome-wide study, Boyer et al. (2005) have shown that the
binding regions of NANONG also strongly colocalize with that of
POUSF1 and SOX2 in ESCs. These data suggest that POUSF1,
SOX2, and NANOG access the same CRMs in ESCs. ChIP-chip
analyses revealed genomic distribution of binding regions of
POUSF1, SOX2, and NANOG in human (Boyer et al. 2005) and
mouse (Venkatesh et al. 2006).'%!* When the binding regions of
POUSF1, SOX2, and NANOG are within 100 bp of each other
(counting the nucleotides between the nearest ends of the ChIP-
chip-positive regions), we merge these ChIP-chip-positive re-
gions into one big island. Such an island is supposed to contain
a CRM. In total, 16 orthologous genes that contain POUSF]1,
SOX2, and NANOG binding CRMs in both species are identified.
This set of 16 pairs of CRM-containing islands form our second
biological data set for algorithm assessment. Genomic locations
of these islands are listed in Supplemental Table S1. The lengths
of these CRM-containing islands range from 112 to 2170 bp.

To mimic real CRM discovery scenarios, we first extended
these islands into 2K- (keeping the few sequences that are longer
than 2K), 3K-, 4K-, and SK-bp-long sequences by incorporating
their genomic neighboring sequences. Thus, we obtained four
test data sets: The first data set contains 2K-long sequences; the
second data set contains 3K-long sequences, and so forth. We ran
GibbsModule, CisModule, EMCMoudule, CompareProspector,
and PhyloCon on each data set. We determined a predicted TFBS
to be true positive if it locates within a ChIP-positive island and
within 75 bp on either side there is at least one putative TFBS that
matches a PSWM of POUSF1, SOX2, or NANOG. The precisions
and recalls are summarized in Table 3. GibbsModule again out-
performed the other algorithms in all the data sets. CisModule
seems to have a closer match to GibbsModule than the other
three algorithms. It nevertheless achieves only about half of the

19The mouse data are obtained with a ChIP-PET technology, which is similar to
ChlIP-chip, but instead of hybridizing the ChIP sequences onto a microarray, it
uses a sequencing technology to count the immunoprecipitated sequences. In
this article, we use the term ChIP-chip to represent both ChIP-chip and ChlIP-
PET data.

11SOX2 ChIP-PET sequences in murine ESCs (H.H. Ng, unpubl.).
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precision of GibbsModule, while its recall is also slightly worse
than that of GibbsModule. This is not a trivial distinction be-
cause it means that given the same number of true positives,
GibbsModule reduces >60% of false positives (Supplemental
Table S2).

Identification of a KIf motif and evidence for KLF4-SOX2
cooperation in ESCs

KLF2, KLF4, and KLF5 belong to the Kriippel-like factor (KLF)
family of evolutionarily conserved zinc finger transcription fac-
tors that regulate numerous biological processes, including pro-
liferation, differentiation, development, and apoptosis (McCon-
nell et al. 2007). We have recently demonstrated that Kriippel-
like factors are required for the self-renewal of mouse ESCs.
Simultaneous depletion of KLF2, KLF4, and KLF5 led to mouse
ESC differentiation. KLF2, KLF4, and KLFS bind to the same bind-
ing sites in vitro and in vivo (Jiang et al. 2008). A PSWM for KLF4
was previously derived from SELEX experiment (Shields and
Yang 1998). This PSWM, however, has a questionable credibility
because its AAAGGAAGG consensus is not consistent with the
consensus CCCCACCC, derived by our site-directed mutagenesis
analysis (see Fig. 3B in Jiang et al. 2008). To investigate the Klf
motif that works in vivo, we analyzed KLF-genomic-binding re-
gions that are identified by ChIP-chip (Jiang et al. 2008). Out of
the 205 KLF-binding regions in the mouse genome, we identified
119 homologous loci in the human genome using GenomeVISTA
(Couronne et al. 2003). The set of 119 homologous pairs were fed
to GibbsModule. GibbsModule-reported CRMs were then subse-
quently fed to MEME (see Supplemental Table S3 for parameters).
Two motifs were reported from this analysis (Fig. 5). One re-
sembles the consensus from mutagenesis analysis (Fig. SA; Fig. 3B
in Jiang et al. 2008) (notice that the reverse complement of
GGGT/AGGGG is CCCCA/TCCC), and the other resembles the
SOX2 motif from TRANSFAC (Fig. 5A,C). Therefore, the KIf motif
derived from ChIP-chip data is consistent with the consensus
identified by the mutagenesis analysis, which might be more
useful for future in silico analysis than the SELEX motif. More-
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Figure 5. Motifs derived from KIf ChIP-chip and mutagenesis analysis.
SOX2 motif (A) and KLF motif (B) found by GibbsModule and MEME from
KLF ChlIP-chip data. (C) SOX2 motif in TRANSFAC.

over, the identification of a SOX2 motif in the same CRMs as the
KIf motif seems to suggest a general cooperation phenomenon
between these two transcription factors in ESCs. This is consis-
tent with a recently reported case that KLF4 cooperates with
POUSF1 and SOX2 to activate the Leftyl core promoter in ESCs
(Nakatake et al. 2006).

Predicting and experimental testing of the binding affinities
of in-CRM and outside-CRM binding sites

Although CRMs are often reported in eukaryotes, to date there
are few quantitative analyses on the role of CRMs in activation of
repression of the downstream genes. In this regard, here we at-
tempt to explore a few fundamental questions. Does residing
within a CRM confer better binding affinity of a TFBS to its tran-
scription factor as compared with another TFBS not located in a
CRM? Do other motifs in the CRM contribute more, or do neigh-
boring TFBSs of the same kind help more to attract a transcrip-
tion factor? Although we do not expect a generic answer to these
questions, well-deliberated quantitative analyses could provide
useful empirical data to study the relationship between regula-
tory code and gene expression.

We attempted to apply GibbsModule to define the se-
quences bound by POUSF1 within POUSF1-binding regions that
are obtained from ChIP-chip analysis (Boyer et al. 2005). This is
an ambitious and experimentally challenging attempt because all
putative POUSF1 binding sites in this analysis are located within
ChIP-chip peak regions (see Discussion). The ChIP-chip peak re-
gions are typically 1 kb long, which is more than twice as long as
most characterized CRMs. The basic idea is to quantitatively
compare the binding affinities of POUSF1-binding sites within
predicted CRMs and that of other POUSF1-binding sites outside
predicted CRMs. We designed a comparative ChIP experiment
for this purpose. The ChIP signal is proportional to the precipi-
tated DNA bound to the transcription factor, which is propor-
tional to the time of binding between one transcription factor
and its target site in a cell in the equilibrium state, and therefore
is proportional to the binding affinity of the TFBS when the
cellular condition is unchanged. Hence, the difference of binding
affinities (as measured by fold enrichment) between two TFBSs is
reflected by the difference in their ChIP signals, given that the
ChIP experiments are performed in the same cell population for
the same transcription factor, and other proper controls. From
the results in the section above, “Enhancers regulating gene ex-
pression in embryonic stem cells,” we picked seven predicted
CRMs that contain putative POUSF1-binding sites (predicted
positives) and seven strong putative POUSF1-binding sites that
are not in predicted CRMs (predicted negatives) (Supplemental
Fig. S5; Supplemental Table S4). Primers are designed to cover
~100-bp regions centered by these 14 putative binding sites. ChIP
analysis was performed on each predicted site with three biologi-
cal replicates (see Methods; Fig. 6; and Supplemental Table S5).
To control for other unobserved DNA features, such as chromatin
structure and DNA methylation states, we picked five pairs of
predicted positive and predicted negative TFBSs from matched
ChIP-chip peak regions. Except for the negative prediction on
IRX2, on which our PCR failed, all five pairs of ChIP analysis had
more precipitated DNA bound to the predicted CRMs (GSH2 [also
known as GSX2], RIF1, SALL1, Leftyl, and IRX2 in Fig. 6). The
same difference was observed in the four remaining putative
binding sites, where at least a twofold increase in ChIP signals
was observed for in-CRM putative POUSF1 sites (CA2, EOMES,
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Figure 6. ChlP signals of predicted CRM and non-CRMs that contain
putative POU5F1-binding sites.

JARID2, and REST in Fig. 6). To test whether the observed differ-
ences are due to different distribution of the POUSF1 binding
sites themselves in the predicted regions, we adjusted the ChIP
signal by the number of putative binding sites in each predicted
region. A clear difference between the positive and negative pre-
dictions was again observed in the adjusted ChIP signals (Supple-
mental Fig. $6). Similar differences were also observed when we
change the TFBS threshold to either include or eliminate weak
POUSF1 binding sites in the analysis (result not shown; see
Supplemental Table S5 for the number of POUSF1 biding sites
under different thresholds.) These data suggest that GibbsMod-
ule identified functional POUSF1 binding sites from ChIP-chip
regions and, more importantly, distinguished them from other
putative POUSF1 sites.

Discussion

Classical de novo TFBS identification tools typically work well
when TFBSs locate in promoter regions close to the transcription
start sites, which is often the case in compact genomes such as
that of Saccharomyces cerevisiae. Higher eukaryote genomes im-
pose a greater computational challenge because TFBSs can locate
in enhancers, far away from the target genes. Thus, the algo-
rithms are required to search in a much larger sequence space.
With long input sequences, classical TFBS identification tools are
typically easily trapped in local maxima and output-only degen-
erated motifs.

GibbsModule is a multispecies extension of a Gibbs motif
sampler that utilizes the conservation of CRMs to help de novo
motif discovery. We would like to point out a few important
properties of GibbsModule.

First, GibbsModule does not rely on a predetermined align-
ment result. It has been reported that orthologous CRMs often do
not locate within “conserved regions” detected by sequence
alignment (Sosinsky et al. 2007). GibbsModule tries to identify
orthologous CRMs in its iterations. The sampled TFBSs (Step 2,
Fig. 3) serve as “anchor points” to find orthologous CRMs. If
there are orthologous CRMs, they likely contain the real TFBSs. If
some of the candidates are real, searching for orthologous CRMs
around the candidate TFBSs would substantially reduce the
search space compared with using local alignment on the whole

homologous sequences. Rather, we focus on the neighboring se-
quences of these candidate TFBSs. Because any candidate TFBS on
the target species can be orthologous to any candidate TFBS on a
homologous sequence, Module-Alignment needs to be executed
for all pairs of candidate TFBSs on homologous sequences be-
tween the target species and every assisting species. It neverthe-
less reduces the total amount of allowed alignments substantially
as compared with searching in several thousands of base pairs of
upstream sequences for conservation. We call this strategy “an-
chored search of alignments.” We would like to make an analogy
between anchored search of alignments and the LAGAN algo-
rithm (Brudno et al. 2003). LAGAN first identifies the most reli-
ably alignable regions. It uses the reliably aligned regions as an-
chors and then fills in the alignments in not-so-certain regions.
The distinction between the anchored search strategy used in
GibbsModule and LAGAN is that GibbsModule uses putative
TFBSs from motif sampling as anchors.

Second, GibbsModule does not require all real TFBSs to lo-
cate within conserved CRMs. When a gene is regulated by a
single TFBS, sampling a TFBS from Steps 3 and 4 (Fig. 3) on this
gene would be similar to directly sampling a TFBS on the se-
quence of the target species. Thus, GibbsModule degenerates into
a classical Gibbs motif sampler on the genes that are regulated by
a single TFBS rather than by a CRM. A major difference between
GibbsModule and other multispecies motif detection methods
(Wang and Stormo 2003; Liu et al. 2004; Sinha et al. 2004; Sid-
dharthan et al. 2005) is that GibbsModule uses not only the
conservation of the putative TFBSs themselves, but the conser-
vation of the neighboring sequences as well.

Third, GibbsModule does not require the CRMs to be shared
across coexpressed genes except for the core motif itself. This
assumption is very relaxed as compared with CisModule (Zhou
and Wong 2004) and EMCModule (Gupta and Liu 2005), which
require the module composition to be shared across coexpressed
genes. We believe GibbsModule’s assumption is more appropri-
ate for the analysis of coexpressed genes determined by microar-
ray data. Microarray data are often noisy, and only a finite num-
ber of samples are measured; coexpression of genes may not nec-
essarily imply a very strong co-regulatory mechanism as
exemplified by sharing whole CRMs. Another important distinc-
tion between GibbsModule and other attempts to identify CRMs
(Zhou and Wong 2004; Gupta and Liu 2005; Hallikas et al. 2006;
Sinha et al. 2006) is that GibbsModule models and traces only
one core motif in a CRM. Pinpointing the location of this core
motif in the genome is equivalent to pinpointing the location of
a CRM. We think the better performance of GibbsModule as
compared with the other algorithms can be primarily attributed
to its largely reduced model complexity. In sum, it seems that
modeling one rather than multiple motifs relies on a more flex-
ible assumption, reduces model and computation complexity,
and generates more accurate results.

For the comparative ChIP analysis, it should be noted that
the average length of chromatin DNA for our ChIP assay is S00
bp. Even primers for a nonfunctional POUSF1 site would inevi-
tably get some positive ChIP signal in our experiment, simply
because these primers are not too far away (typically 300 bp)
from the functional POUSF1 site. Nevertheless, our experimental
design appears to have worked, and the data appear to be infor-
mative. This result can be appreciated by considering the follow-
ing scenario. Suppose all precipitated DNA segments cover the
functional TFBS and some flanking regions with random lengths.
Almost all the precipitated segments could be covered by the
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positive primers, but only a fraction of them are possibly covered
by the primers for the nonfunctional site. Although the primers
for the predicted negatives are inevitably contaminated by some
flanking regions, the functional and nonfunctional sites still give
a quantitative difference in this comparative ChIP experiment.

A future direction for GibbsModule is to incorporate phylo-
genetic distance into its model. The use of phylogenetic distance
has led to quite a few successful applications (Margulies et al.
2003; Siddharthan et al. 2005); however, it has been difficult to
incorporate phylogenetic distance into models that simulta-
neously model all motifs in CRMs. GibbsModule opens this pos-
sibility because it models only the core motif, although it uses
the conservation of CRMs. We plan to incorporate phylogenetic
distance into the Module-Alignment step and utilize it to im-
prove the conservation score.
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