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Advances in high-throughput technologies, such as ChIP-chip, and the completion of human and mouse genomic
sequences now allow analysis of the mechanisms of gene regulation on a systems level. In this study, we have
developed a computational genomics approach (termed ChIPModules), which begins with experimentally determined
binding sites and integrates positional weight matrices constructed from transcription factor binding sites, a
comparative genomics approach, and statistical learning methods to identify transcriptional regulatory modules. We
began with E2Fl1 binding site information obtained from ChIP-chip analyses of ENCODE regions, from both Hela
and MCF7 cells. Our approach not only distinguished targets from nontargets with a high specificity, but it also
identified five regulatory modules for E2FI. One of the identified modules predicted a colocalization of E2FI and
AP-2a on a set of target promoters with an intersite distance of <270 bp. We tested this prediction using ChIP-chip
assays with arrays containing ~14,000 human promoters. We found that both E2Fl1 and AP-2a bind within the
predicted distance to a large number of human promoters, demonstrating the strength of our sequence-based,
unbiased, and universal protocol. Finally, we have used our ChIPModules approach to develop a database that
includes thousands of computationally identified and/or experimentally verified E2FI target promoters.

[Supplemental material is available online at www.genome.org. The E2Fl and AP-2a ChIP-chip data are deposited in

GEO (GEO series # GSE5I75, which includes GPL3930 and GSMI16738-GSMI116742)].

The completion of human and mouse genome sequences and the
increasing availability of gene annotations have made it possible
for bioinformaticians to develop new approaches to analyze im-
portant biological problems. One such problem is the attempt to
catalog the complete set of target genes for each of the ~2000
transcription factors in the human genome. Numerous compu-
tational tools have been developed to facilitate the identification
of transcription factor binding sites (TFBSs). One such current
strategy is the application of ab initio motif discovery algorithms
that search for recurring patterns in a given set of related se-
quences. Examples of this type of strategy include MEME (Bailey
and Gribskov 1997), AlignACE (Roth et al. 1998), and Gibbs Mo-
tifs Sampler (Thompson et al. 2003). Another approach is to
search for known binding sites based on a precompiled library of
all previously characterized motifs or positional weight matrices
(PWMs). MATCH (Kel et al. 2003) using the TRANSFAC database
(Wingender et al. 2000) and MSCAN (Alkema et al. 2004) using
JASPAR (Sandelin et al. 2004a) are two broadly used approaches.
Unfortunately, using a strictly bioinformatics-based approach
to identify target genes of transcription factors is still extremely
challenging because most TFBSs are degenerate sequences that
occur quite frequently in the mammalian genome.

Recently, computational strategies have been used in com-
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bination with data generated from high-throughput techniques
such as gene expression and ChIP-chip. Although computational
tools such as MDScan (Liu et al. 2002) and MarsMotifs (Smith et
al. 2005) have aided experimental biologists in the discovery of
regulatory information, a large false-positive prediction rate is
still a major problem. One reason for the high false-positive rate
is that some strategies fail to take into consideration other factors
that might contribute to functional regulatory networks. Re-
cently, several improvements have been designed to reduce spu-
rious predictions (see Elnitski et al. 2006 for a review of several
different computational approaches for identifying TFBS). One
improvement applies a comparative genomics approach (phylo-
genetic footprinting) and is based on the assumption that or-
thologous genes will be subject to the same regulatory mecha-
nisms in different species. The other improvement expands the
analysis beyond the search for a single motif to the identification
of cis-regulatory modules (CRMs) and is based on the concept
that the biochemical specificity of transcription is generated
by combinatorial interactions between transcription factors. To
aid in identifying cis-regulatory modules for coexpressed genes,
several bioinformatics tools, such as ModuleSearcher and
ModuleScanner (Aerts et al. 2003), CREME (Sharan et al. 2003),
oPOSSUM (Ho-Sui et al. 2005), CONFAC (Karanam and Moreno
2004), and ROVER (Haverty et al. 2004), have been developed.
Also, researchers such as Jin et al. (2004) and Cheng et al. (2006)
have combined phylogenetic footprinting and prior knowledge
of interacting transcription factor partners to identify Estrogen
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Receptor alpha target genes from ChIP-chip experimental
data and to generate predictions of substantially better speci-
ficity than analysis of isolated binding sites in promoter se-
quences.

In this study, we have developed a computational genomics
approach called ChIPModules (summarized in Figure 1 and
Supplemental Figure S5) to identify cis-regulatory modules for
human transcription factors. Of critical importance, we began
with a set of experimentally identified binding sites for the factor
of interest, which in this study was composed of E2F1 binding
sites identified by ChIP-chip in 30 Mb of the human genome. We
employed PWMs and evolutionary conservation to refine the set
of E2F1 sites and then searched for sites for other factors that
occur within a short distance of these E2F1 sites. The predicted
ChIPModules were then confirmed experimentally using ChIP-
chip assays and arrays that contained tens of thousands of hu-
man promoters. Finally, we compiled a database that includes
both experimentally and computationally identified E2F1 target
promoters. The strength of our approach is that it is sequenced-
based and unbiased, and can be applied to any set of ChIP-chip
experimental data.

Identify TF exp regulatory
regions by ChiP-chip

i

Identify the conserved
mouse counterpart regions

HomoloGene Info
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R etrieve promoter sequences for T Fexp
regulatory regions and mouse counterpart
regions from OMGProm
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Figure 1. Flow chart showing the ChIPModules approach. Shown is a
schematic indicating the steps needed to develop a database of target
promoters for a particular site-specific human transcription factor. The
approach begins with a set of experimentally defined binding sites
(TFexp), refines the set to include only those sites conserved in the or-
thologous mouse promoters, searches for nearby binding sites for other
factors, builds a CART model to generate a high confidence set of co-
occurring binding sites, validates the colocalization of the factors using
additional ChIP-chip assays, and then searches for the validated
ChIPModules in a large promoter database. A detailed description of each
step can be found in Supplemental Figure S5.

Results

Collection of the data sets

An outline of our combined experimental and computational
ChIPModules approach is shown in Figure 1, and a detailed de-
scription of each step is provided in Supplemental Figure S5. As
described below, we have applied this approach to analyze E2F1
data sets derived from ChIP-chip experiments performed with
two cancer cell lines, HeLa and MCF7 (Bieda et al. 2006). These
previous ChlIP-chip experiments employed high-density oligo-
nucleotide arrays (termed ENCODE arrays) on which 44 regions
of the human genome (The ENCODE Project Consortium 2004)
were tiled at a density of one 50-mer every 38 bp. Each region
spanned from 500 kb to 1.9 Mb, but repeat regions were not tiled
on the array, leading to a total of ~380,000 probes on the array,
which represent the nonrepetitive portion of ~30 Mb (1%) of the
human genome.

To identify transcriptional regulatory modules, we first de-
fined a training data set (termed ENCODE HeLa) that includes a
set of E2F1 binding sites and a set of non-E2F1 target promoters.
The E2F1 binding sites were identified by ChIP-chip assays on
ENCODE arrays using HeLa cells and were the L1 set, defined as
being present in the top 2% of the array data and having a P-
value < 0.0001 (Bieda et al. 2006). Using these 205 sites, we iden-
tified 134 regulatory regions that were conserved between the
human and mouse genomes. As a set of non-E2F1-bound pro-
moters, we selected 98 regions from the ENCODE arrays that did
not show enrichment in the E2F1 ChIP-chip assays but were
conserved between the human and mouse genomes. Each nega-
tive control region was between 500 bp and 1 kb (the approxi-
mate length of the E2F1 positive regulatory regions identified by
ChIP-chip) and corresponded to a sequence that fell within 5 kb
upstream to 2 kb downstream of the start site of a gene. There-
fore, for the following analyses, we began with a set of 134 E2F1
target promoter sequences and a set of 98 non-E2F1 target pro-
moter sequences for the initial training data set (Table 1, Source
of Data column). As a second training data set (ENCODE MCEF7),
we used 148 positive regulatory regions identified in E2F1 ChIP-
chip experiments using the MCF7 cell line (which were refined to
103 conserved human/mouse regions). We also used a set of
14,102 promoters from the OMGProm database (Palaniswamy et
al. 2005) to examine the specificity of the model built from the
approaches described in this study.

Refinement of the data sets

A site bound by a transcription factor is usually modeled by ei-
ther a consensus sequence or a PWM. To determine the percent-
age of experimentally determined E2F1 target promoters that
contain an E2F consensus site, we searched for the sequence
TTTSSCGC within or near the peaks identified using ENCODE
arrays. We found that only 34 of the 134 (~25%) experimentally
identified E2F1 target promoters from HeLa cells and only 24 of
the 103 (24%) experimentally identified E2F1 target promoters
from MCF7 cells contained E2F consensus sites (Table 1, Consen-
sus column). Because it is clear from many lines of experimental
evidence that factors such as E2F1 can bind to sequences diver-
gent from the consensus (Tao et al. 1997; Wells et al. 2002; Lavz-
rar and Farnham 2004), we also used a PWM to identify binding
motifs. For the analysis shown here, we used the PWM E2F1_Q3
from the TRANSFAC database (Wingender et al. 2000), which was
compiled from 13 experimentally verified human E2F1 binding
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Table 1. Statistical summary for different data sets of E2F1 targets predicted from different approaches

Number of E2F1 targets identified via

ChIPModules® (%)

Consensus® E2F1_PWM< Conserved
Source of data? (%) (%) E2F19 (%) Total Module 1 Module 2 Module 3 Module 4 Module 5
ENCODE Hela (134) 34 (25%) 132 (99%) 128 (96%) 118 (88%) 74 (55%) 18 (13%) 13 (10%) 8 (6%) 5 (4%)
ENCODE MCF7 (103) 24 (24%) 102 (99%) 98 (95%) 84 (82%) 52 (50%) 9 (9%) 9 (9%) 7 (7%) 7 (7%)

OMGProm (14,102) 2381 (17%) 10,966 (78%) 5085 (36%) 3990 (28%) 3394 (24%) 143 (1.0%) 147 (1.0%) 143 (1.0%) 163 (1.1%)

2Shown in parentheses is the number of evolutionary conserved promoter regions in each data set.

Shown is the number and percentage of promoters in each set that contain the consensus E2F site TTTSSCGC. For the experimentally determined sets,
the consensus was allowed to be within 1 kb of the identified binding region. However, 76% of the consensus sites in the Hela set and 88% of the
consensus sites in the MCF7 set were within 250 bp of the array-identified regions. For the OMGProm data set, the consensus site was allowed to be
within 1 kb upstream to 500 bp downstream of the transcription site.

“Shown is the number and percentage of promoters in each set that contain E2F1_PWM from the TRANSFAC database (with cut-off thresholds of core
score 0.95 and PWM score 0.90). For the experimentally determined sets, the PWM was allowed to be within 1 kb of the identified binding region.
However, 89% of the PWMs in the Hela set and 88% of the PWMs in the MCF7 set were within 250 bp of the array-identified regions. For the OMGProm
data set, the PWM was allowed to be within 1 kb upstream to 500 bp downstream of the transcription start site.

9Shown is the number and percentage of promoters in each set that contain a conserved PWM in both the human and mouse promoter. To identify
the E2F1 PWM in the orthologous mouse promoter, a sliding-window method was used (see Methods). In these evolutionarily refined sets of
experimentally determined target promoter, 91% of the PWMs in the MCF7 set were within 250 bp of the array-identified regions. For the evolutionarily
refined OMGProm data set, the PWM was allowed to be within 1 kb upstream to 500 bp downstream of the transcription start site.

¢Shown in the Total column is the number and percentage of promoters in each set that contain one of the coregulatory modules identified in the study.
The number and percentage of promoters in each set that contain the individual modules is also shown; Module 1 is E2F1 + AP-2a, Module 2 is

E2F1 + NFAT, Module 3 is E2F1 + LBP1, Module 4 is E2F1 + ELK1, and Module 5 is E2F1 + EGR.

sites; however, similar results were obtained using alternative
E2F1 PWMs from TRANSFAC (data not shown, see Supplemental
Figure S3). To define optimal cut-off values for matches in the
human promoters to the core of the consensus E2F1 site (S, ;)
and to the E2F1 PWM (S, ;,), we used several combinations of S,
(from 0.8 to 1.0) and S, , (0.7-0.9) (Fig. 2A). As expected, as the
cut-off values increase (i.e., become more stringent), the number
of predicted E2F1 target promoters decreases in both the HeLa
E2F1 target and the nontarget data sets, with the least predicted
number of identified promoters at S. , = 1.0 and S, , = 0.9. Cut-
off values were chosen to be 0.95 for S, and 0.90 for S, ,, be-
cause 99% of the experimentally defined E2F1 target promoters,
but only 50% of the negative control set, was positive using these
values. Applying these cut-off values to the HeLa and MCF7 data
sets, we found that ~99% of the experimentally identified E2F1
binding sites (in both the HeLa and MCF7 data sets) contained a
good match to the E2F1 PWM (Table 1; E2F1 PWM column).
However, 78% of the promoters in the OMGProm also contained
an E2F1 site using these same parameters. Clearly, additional
refinement of the analyses used to predict E2F1 target promoters
is needed.

The next step in our ChIPModules approach was to deter-
mine which of the orthologous mouse promoters also contained
E2F1 PWMs. For this, we employed a sliding window of various
sizes to measure the conservation of the predicted E2F1 sites for
each pair of orthologous human and mouse promoter sequences
in both the E2F1 sets (HeLa and MCF7) and in the control non-
E2F1 set. There are two variables in this experiment: (1) a window
size that defines the distance of the E2F1 site identified in the
mouse promoter from the exact position it would be predicted to
be based on the alignment of the mouse and human promoter
regions and (2) the mouse score cut-off values for the match to
the consensus E2F site and the E2F1 PWM (S, and S, ,,). We
first determined an optimal window size using fixed mouse cut-
off values; then we determined optimal cut-off values for mouse
scores using the optimized window size. We tested a window size
varying from 0 to 200 bp (Fig. 2B) and found that the target set

showed a significantly higher prediction of E2F1 binding in the
mouse promoters than did the nontarget set, using cut-off values
of S, ,, at 0.8 and S, ,,, at 0.7. We chose a window size of 100 bp
for our next set of analyses; smaller window sizes would have
begun reducing the number of promoters in the nontarget train-
ing set to a size that would be too small for further analyses. To
determine the optimized mouse score cut-off values, we next
examined various combinations of human (S, , from 0.8 to 1.0;
S, from 0.7 to 0.9) and mouse (S, from 0.8 to 0.9; S, ,,, from
0.7 to 0.9) cut-off values using a window size of 100 bp (Fig. 2C).
We found that at the cut-off values of S , 0f0.95, S, , 0f0.9, S,
of 0.8, and S, ,,, of 0.7, 128 of 134 E2F1 target promoters in the
HeLa set and 98 of the 103 E2F1 target promoters in the MCF7 set
are conserved. The use of these parameters has retained >95% of
the experimentally identified target promoters but has reduced
the number of predicted E2F1 target promoters in the OMGProm
database from 78% to only 36% (Table 1, Conserved E2F1 col-
umn).

Identifying transcriptional regulatory modules

Having refined our set of target promoters, we next searched for
binding sites of other transcription factors that were near the
identified E2F1 sites in both the human and mouse orthologous
promoter pairs. We began with the refined HeLa data set of 128
target promoters and 49 nontarget promoters (having predicted
pseudo-E2F1 binding sites). When searching for other transcrip-
tion factor binding sites, a conservation score of 0.6 was used
because several studies (Suzuki et al. 2004; Jin et al. 2006) have
shown at least 60% identity for human-mouse orthologous pairs
within 2 kb of transcription start sites; a biologically relevant
binding site should be conserved at least as well as the surround-
ing sequence. A set of ~300 TFBS (i.e., ~300 different PWMs) from
the TRANSFAC database was queried to find those colocalizing
near the E2F1 sites using a range of Delta (A) values from 220 to
500 bps with an interval of 50 bps. For each A value, we first
identified a set of PWMs that were found at a higher frequency
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Figure 2. (A) A histogram graphical representation of the prediction
rate (R) that a promoter contains an E2F1 binding site vs. several com-
binations of the match to the core S_,) or E2F1 PWM §,, ) in the pro-
moter. The values of 0.95 for S_, and 0.9 for S, , were chosen for the
further analyses. (B) A histogram graphical representation of the predic-
tion rate (R) that a human promoter contains an E2F1 binding site vs. a
window size (e) for identifying an E2F1 site in the orthologous mouse
promoter, using an S, of 0.8 and an §, ,, of 0.7. (C) A histogram
graphical representation of the prediction rate (R) that a human pro-
moter contains an E2F1 binding site vs. several combinations of the
match to the core sequences (S. ,and S ) and to the PWMs (S, ,, S, )
for both human and mouse promoters, using a window size of 100 bp.
The values of 0.95 for S ,, 0.9 for S, ,, 0.8 for S, and 0.7 for S, ,, were
chosen for the further analyses.

near the E2F1 PWMs in the E2F1 target promoter set than near
the E2F1 PWMs in the nontarget set, using a P-value < 0.0S.
These PWMs were then used as predictor variables to construct a
classification and regression tree (CART) model. For each A value,
we constructed an optimized model based on the prediction rates
on learning samples and testing samples (90% of the training
data was used to build the model and 10% was left out of the
training set for testing the model; a 10-fold cross-validation was
used, see Methods). By evaluating the performance from CART
models, the best A value (i.e., the optimal value when perfor-
mance in all four categories is considered) was determined to be
270 bps (Fig. 3). At a A value of 270 bps, 24 PWMs were found to

be present at a significantly higher frequency (P < 0.05) near the
E2F1 binding sites in the E2F1 target promoters than near the
predicted pseudo-E2F1 sites in the nontarget promoters and were
thus considered to be overrepresented motifs. Of these 24 motifs
used for constructing the CART model, the CART model was able
to infer 5 transcriptional regulatory modules (E2F1 + AP-2q,
E2F1 + NFAT, E2F1 + LBP1, E2F1 + ELK1, and E2F1 + EGR), using
a 10-fold cross validation and the “Gini” splitting tree method
(see Supplemental Fig. S4 and Supplemental Tables S2A and
S2B).

To evaluate the performance of our ChIPModules approach,
we used a receiver operating characteristic (ROC) curve, which is
a representation of the trade-offs between sensitivity (S,,, the true
positive rate; vertical coordinate) and specificity (1 — the false
negative rate of S;; the horizontal coordinate). A ROC curve of a
good classifier model will be as close as possible to the upper-left
corner of the chart, indicating a high number of true positives
and at the same time a small number of false positives. We plot-
ted a ROC curve for the E2F1IENCODE HelLa data set using three-
different approaches: the presence of an E2F1_PWM in a human
promoter (Single), the conservation of E2F1 PWMs in ortholo-
gous mouse/human promoters (Conserved), and our ChIPModules
approach (Fig. 4). The results clearly show that ChIPModules
performed the best among all three approaches with a true posi-
tive rate (S,) of 0.9 and a false positive rate (1 — S;) of only 0.1.

After establishing these parameters for the HeLa ENCODE
data, we repeated the process for the MCF7 ENCODE data. The
classification results of the CART model using both the HeLa and
MCEF7 ENCODE ChIP-chip data are listed in Table 2. Both S, and
S, from 10-fold cross-validation testing samples are >80%. Fur-
thermore, the model predicted ~90% of E2F1 targets to have at
least one of these five modules (S, of 0.92 in ENCODE HeLa and
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Figure 3. A graphical representation of the prediction rate (R) vs. A
values (obtained from the CART results) for different groups of data.
(Solid “*” line) Data for E2F1 on training data; (solid “x” line) data for
non-E2F1 on training data; (broken “*” line) data for E2F1 on testing data
after 10-fold cross validation; (broken “x” line) data for non-E2F1 on
testing data after 10-fold cross validation. At a A of 270 bp, the prediction
rates for E2F1 and non-E2F1 targets on both training and testing samples
perform the best.
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Figure 4. ROC curves show that the ChIPModules approach, which has
a true positive S, value of 0.9 and a false positive 1 — S value of 0.1,
performs better than using only the presence of an E2F1 PWM in a
human promoter (Single) or the presence of a conserved E2F1 PWM in
both human and mouse promoters (Conserved).

S, of 0.86 in ENCODE MCEF7 data sets) and ~90% of non-E2F1
targets to lack any of these modules (S, of 0.90 in HeLa and S, of
0.94 in MCF7 data sets).

The performance of our model was further assessed by using
it to identify E2F1 target promoters in the OMGProm database, in
comparison to classification of a promoter as an E2F1 target
based on the presence of a consensus sequence (TTTSSCGC), or
the presence of a conserved E2F1_PWM. Results of these com-
parisons can be found in Table 1. In all three data sets, the
E2F1_PWM predicted the highest rate of putative E2F1 binding
sites. Although the 99% PWM predictions for the experimentally
determined HelLa and MCEF7 sites are perhaps reasonable, this
model predicted that as high as 78% of all promoters are E2F1
targets when the PWM is applied to the OMGProm data set.
Thus, the E2F1_PWM appears to suffer from an unacceptably
high false-positive rate. Although inclusion of the conservation
information did enhance the difference in the percentage of tar-
gets identified in the experimentally determined sets versus the
complete OMGProm set, the ChIPModules approach not only
captured 88% of the E2F1 targets from ENCODE HeLa and 82%
for ENCODE MCEF7 data sets, it also substantially reduced the
(assumed) false positive rate for the OMGProm data set.

Experimental validation of the ChIPModules approach

Using our ChIPModules approach, we estimate that 28% of all
promoters in the OMGProm database will be possibly bound by
E2F1 plus one of the other 5 identified factors (Table 1). By far the
highest percentage combination was E2F1 + AP-2a; our ChIP-
Modules approach suggests that ~24% of the set of OMGProm
would be bound by both E2F1 and AP-2«. This prediction can be
tested using antibodies to E2F1 and AP-2a in ChIP-chip experi-
ments. Unfortunately, a microarray that exactly corresponds to
the set of conserved human and mouse promoters from the
OMGProm is not available. However, we did have available a
microarray that contains ~14,000 human promoter regions, each
5 kb in length and represented by 50 oligomers spaced on average
110 bp apart. Although many of these ~14,000 regions represent
the promoter sequences of known genes, some are simply the

region surrounding the 5’-most end of a cloned transcript and
might not correspond to the actual promoter of that gene. Also,
many promoters will be in silenced chromatin in any particular
cell type and therefore will not be available for binding by E2F1
and AP-2a. Nevertheless, we would expect that, if our predictions
concerning the colocalization of E2F1 and AP-2a are correct,
then a large percentage of the experimentally determined E2F1
target promoters should also be bound by AP-2a.

We performed ChIP assays with an antibody that recognizes
E2F1 and an antibody that recognizes AP-2a, prepared amplicons
from the ChIP samples and a portion of the input chromatin, and
applied labeled amplicons to the promoter microarray. After hy-
bridization and scanning, the experimental antibody hybridiza-
tion signals were divided by the signal from the total input to
provide a fold enrichment value for each oligomer on the array.
One method to identify target promoters would be to use the
median or mean values of the set of 50 oligomers for each pro-
moter to rank all 14,000 promoters. Because a binding region
identified by ChIP—chip is only ~500-1500 bp in length and the
promoter regions on the array are 5 kb, it is possible that a pro-
moter could show very high enrichment for both E2F1 and AP-
2a, but the sites could be several kb apart. Our ChIP-
Modules approach predicts that the E2F1 and AP-2« binding sites
should be within 270 bp of each other. To test our predictions
concerning the colocalization of E2F1 and AP-2« on target pro-
moters accurately, it is critical to know the position of the E2F1
and AP-2a sites within the 5 kb regions. Therefore, we developed
a computational peak finding program (peaksPicking, see Supple-
mental Methods and Supplemental Fig. S2) to identify E2F1 and
AP-2a binding regions. Using this peak finding program (which
requires at least 5 consecutive probes for a region to be called a
peak), we first identified the peaks on three E2F1 ChIP-chip ar-
rays and three AP-2a ChIP-chip arrays (Table 3). We then iden-
tified the peaks that were called in at least two of three E2F1
arrays (resulting in 2267 E2F1 binding sites) and peaks that were
called in at least two of the three AP-2a arrays (resulting in 2624
AP-2a binding sites); a list of these promoters can be found in
Supplemental Table S1. Finally, we compared the list of E2F1
peaks and AP-2a peaks and found that of the 2267 promoters
bound by E2F1, 925 of them (41%) were also bound by AP-2q,
with <270 bp between the two binding sites. Interestingly, the
percentage of overlap between the sets of E2F1 and AP-2a pro-
moters does not greatly increase when the distance between the
two binding regions is allowed to increase from 270 to 1000 bp
(Table 3). This percentage of the overlap promoters is quite sig-
nificant (P < 10~ °), when compared with the <5% overlap called
by chance alone when the binding regions are allowed to be up
to 1000 bp apart. Thus, experimental ChIP-chip analyses support
the identification of ChIPModule 1. To confirm the array data,
we randomly chose a set of 10 promoters identified by the arrays

Table 2. Classification estimate rates of S,, and S, for E2F1 of
ENCODE HeLa and ENCODE MCF-7 at delta (A) 270 bp

Learning Testing
No. genes sample sample
Positive Negative

Data set data data Sa Sp S, Sp
ENCODE 177 0.92 0.90 0.80 0.88
Hela 128 49
ENCODE 147 0.86 0.94 0.85 0.86
MCF7 98 49
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Table 3. Promoters bound by both E2F1 and AP-2«

No. promoters

E2F1 AP-2a 270 bp? 500 bp? 1000 bp?

Top 10% level 2267 2624

925 (41%) 937 (41%) 944 (42%)
Random® 590 590 — —

20 (4%)

*Allowed gap distance between two binding regions of E2F1 and AP-2a.
PRandom sampling of the data points from the E2F1 and AP-2« arrays
was used to generate 1000 random data sets, then 590 peaks were
identified at the top 10% level. The overlap targets were then determined
using 6the peaks from the random data sets (a P-value was estimated to be
<107°).

as being E2F1 and AP-2a target genes and performed PCR reac-
tions using amplicons prepared from E2F1 and AP-2a ChIP
samples; a region of chromosome 21 was used as a negative con-
trol. All ten of the promoters showed a higher enrichment of
E2F1 than did the negative control; nine of the 10 promoters
showed a higher enrichment of AP-2a than did the negative con-
trol (Fig. 5).

We also used the DAVID program (Dennis et al. 2003) to
categorize functionally the E2F1 target genes. We compared the
set of genes bound by both E2F1 and AP-2a to the set of genes
bound by E2F1 but not AP-2a.. Of 925 genes bound by both E2F1
and AP-2a, 509 (55%) had gene ontology information in the
DAVID database and were used in our analysis, and of 1342 genes
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Figure 5. PCR confirmations of E2F1 (A) and AP-2a (B) binding to a set
of 10 randomly selected promoters identified in the ChIP—chip assays. A
region of chromosome 21 is used as a negative control. All fold enrich-
ments were compared with the enrichment of the total input and nor-
malized to the negative control. The signals were within the linear range
of the assay, providing a semiquantitative analysis. The error bars were
calculated based on the standard deviation from two samples of confir-
mation.

bound by E2F1 but not AP-2a, 759 (57%) had gene ontology
information in the DAVID database and were used in our analy-
sis. In the E2F1 plus AP-2a as well as the E2F1 without AP-2«
classes, there are 6 categories that compose the majority of the
genes; the % of each category and the P-value is shown in Supple-
mental Table S4. We also randomized the ~14,000 promoters on
the array and chose three sets of 1000 for a similar DAVID analy-
sis. We found that only two categories of genes were enriched in
the E2F1 targets, as compared with the randomized sets; these are
nucleic acid binding proteins and nuclear proteins. Although the
specific genes regulated by E2F1 alone versus E2F1 plus AP-2« are
different, the two classes of target genes are both enriched in
transcription factors. These results suggest that the major role of
E2F1 in the cell is to regulate other transcription factors. Inter-
estingly, although E2F1 was first identified as a factor critical for
transcription of cell cycle-regulated genes (Dimova and Dyson
2005 and references therein), the category of cell cycle-regulated
genes was only 4% (E2F1 + AP-2a) or 5% (E2F1 — AP-2a) of all
E2F1 target genes, suggesting that regulation of the cell cycle is
only one of the many functions of E2F1.

Experimental validation of computationally predicted
ChIPModule 1 promoters

We began our studies by experimentally identifying E2F1 target
promoters using ChIP-chip analysis of the ENCODE regions,
which contain ~400 genes. Using this small data set, we identi-
fied 5 ChIPModules and experimentally tested one of these pre-
dicted modules (ChIPModule 1; E2F + AP-2a) using an array that
contained 14,000 promoters. From these validation ChIP-chip
results, we selected a high confidence (the top 10% peaks level)
set of experimentally identified E2F1 and AP-2a promoters and
found that a large number of these promoters were in fact bound
by both factors, with all sites being within 270 bp of each other.
To determine whether our ChIPModules approach would have
predicted the experimentally identified promoters, we examined
the set of 925 commonly bound promoters identified in Table 3
as both E2F1 and AP-2a target promoters in the ChIP-chip data
sets. Of these 925 promoters, 587 have human and mouse or-
thologous pairs but only 502 have conserved E2F1 binding sites
and thus could be used for our ChIPModules approach. Of these
502 promoters, 359 (72%) would have been predicted to be in
ChIPModule 1 (i.e., bound by both E2F1 and AP-2«) by the ChlIP-
Modules approach (see Supplemental Table S2C).

On the basis of the success of our experimental confirma-
tions of the predicted association of E2F1 and AP-2« and the fact
that over 70% of the new set of experimentally identified E2F1
and AP-2a target promoters would have been predicted by our
ChIPModules approach, we felt confident that we could apply
the ChIPModules approach to a large promoter data set (see
Supplemental Table S3). Using this approach, we classified 3990
promoters from the OMGProm database for inclusion in the
E2F1 + AP-2a ChIPModule 1 (Table 1). A detailed annotation of
these 3990 regulatory regions, indicating the predicted binding
sites of E2F1 and AP-2a within each of the promoters, is provided
in Supplemental Table S2D. We then used the DAVID analysis
program to characterize the computationally predicted set of
E2F1 + AP-2a promoters. As shown in Table 4, we found that this
set of computationally identified E2F1 + AP-2a promoters was
very similar to that obtained using DAVID to analyze the experi-
mentally identified E2F1 + AP-2a promoters (see Supplemental
Table S4); six of the eight highest categories are found to consti-
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Table 4. DAVID analysis of E2F1 targets predicted from
OMGProm Database

% P-value
ChiIPModule1/0MGProm
Nuclear protein® 20% 9.E-22
Nucleic acid binding® 20% 3.E-23
Protein binding 14% 3.E-22
lon binding 12% 1.E-04
Hydrolase activity? 11% 8.E-05
Nucleotide binding 11% 2.E-21
Transcription 10% 9.E-11
Transferase activity 10% 4.E-11
3000 random set 1
lon binding 13% 1.22E-07
Protein binding 11% 3.11E-05
Transferase activity 9% 4.97E-05
Nucleotide binding 8% 1.05E-04
Transcription 5% 5.76E-04
3000 random set 2
lon binding 10% 4.82E-03
Protein binding 10% 6.61E-04
3000 random set 3
lon binding 11% 3.76E-03
Protein binding 11% 1.30E-04
Transferase activity 9% 5.10E-04
Nucleotide binding 8% 1.85E-04

“Categories enriched in ChIPModule/OMGProm genes but not in ran-
dom sets of genes.

tute the same percentages of promoters in both sets. It is possible
that the additional category (hydrolase activity) in the computa-
tionally identified ChIPModule 1 set from the OMGProm data-
base was not identified in the ChIP-chip assays because of dif-
ferences in the sets of promoters on the arrays versus in the
OMGProm database. To confirm that the computationally iden-
tified ChIPModule 1 promoters are in fact bound by E2F1 and
AP-2a, we randomly selected 10 predicted ChIPModule 1 pro-
moters (from the OMGProm database) and performed PCR analy-
sis of amplicons prepared from E2F1 and AP-2a ChIP samples.
Most of the promoters show higher E2F1 and AP-2a binding than
the negative control primer set (Fig. 6).

Discussion

In this study, we have developed a computational genomics ap-
proach, termed ChIPModules, to identify transcriptional regula-
tory modules from ChIP-chip data. ChIPModules integrates
PWMs constructed for specific transcription factors, comparative
genomics of conserved transcription factor binding sites between
the human and mouse orthologous gene pairs, and a robust sta-
tistical method termed CART. Importantly, this computational
approach begins with, and is then validated by, ChIP-chip ex-
perimental assays. Although intensive computational studies
have recently focused on ChIP-chip data (Liu et al. 2002; Martin
et al. 2004; Zhou and Wong 2004; Gupta and Liu 2005; Hong et
al. 2005; Smith et al. 2005; Wang et al. 2005), most of the ap-
proaches are limited to motif discovery or improving on existing
models and lack a focus on combinatorial regulation among tran-
scription factors. Although Wang et al. (2005) and Zhou and
Wong (2004) did focus on predicting combinatorial regulation
modules, they did not perform experimental validation of their
predictions. Our approach not only systematically infers the
combinatorial interaction between a specific transcription factor
and its partners from the ChIP-chip data but also incorporates a

follow-up ChIP-chip validation step to assess the accuracy of our
predictions. Importantly, using the ChIPModules approach we
have identified thousands of promoters that are predicted to be
cobound by E2F1 and one of five other factors.

E2F1 is a key regulator in cell cycle progression (Bell and
Ryan 2004), has been characterized as both an oncogene and a
tumor suppressor gene, and has been extensively studied in our
laboratory (Weinmann et al. 2002; Wells et al. 2003) and other
laboratories (Ren et al. 2002; Mundle and Saberwal 2003 and
references therein). In this study, we used a small set of E2F1
target promoters identified from ChIP-chip studies of the
ENCODE regions, discovered five regulatory modules that sug-
gested coregulation by E2F1 and another factor, and then experi-
mentally demonstrated that ChIPModules could successfully
classify E2F1 targets. We then used the OMGProm database to
determine a large set of predicted E2F1 target promoters. Among
these 3990 computationally predicted E2F1 target genes, 3394
were classified into Module 1 (E2F1 + AP-2a), 143 were classified
into Module 2 (E2F1 + NFAT), 147 were classified into Module 3
(E2F1 + LBP1), 143 were classified into Module 4 (E2F1 + ELK1),
and 163 were classified into Module 5 (E2F1 + EGR). Interest-
ingly, a previous study (Tabach et al. 2005) demonstrated that
the transcription factor ELK1, which we identified in Module 4,
co-occurs significantly and has synergistic effects with E2F in
transformation assays. The most prevalent regulatory module
that we identified links E2F1 with AP-2«, which has been char-
acterized as a tumor suppressor gene in breast cancer (Pellikainen
et al. 2002; Douglas et al. 2004). We experimentally validated this
predicted module using a ChIP-chip approach and identified at
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Figure 6. PCR confirmations of E2F1 (A) and AP-2« (B) binding to a set
of 10 randomly selected promoters predicted by our ChIPModules ap-
proach from the OMGProm data set. A region of chromosome 21 is used
as a negative control. All fold enrichments were compared to the enrich-
ment of the total input and normalized to the negative control. The
signals were within the linear range of the assay, providing a semiquan-
titative analysis. The error bars were calculated based on the standard
deviation from two samples of confirmation.
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least ~900 promoters that demonstrate binding of E2F1 and AP-
2a within 270 bp of each other. The fact that a significant por-
tion of the E2F1-bound promoters are also bound by AP-2a veri-
fies that our approach indeed has the potential to reveal a logic-
based regulatory network by modeling combinatorial
interactions. Although the specific genes bound by E2F1 alone
versus E2F1 plus one of the identified factors in the 5 modules are
different, transcription factors are E2F1 targets in all classes.
These results suggest that the major role of E2F1 in the cell is to
cooperate with and regulate other transcription factors (Fig. 7).

Although prior to our study there had not been a genome-
wide bioinformatics-based analysis of E2F1 target promoters, sev-
eral previous studies have identified other factors that may co-
regulate promoters along with E2F family members (Elkon et al.
2003; Cam et al. 2004; Das et al. 2006). For example, Cam et al.
(2004) used MDScan (Liu et al. 2002) to identify a motif for NRF1
in a set of experimentally determined E2F4 binding sites. Also,
using ChIP-chip data Elkon et al. (2003) predicted functional
links between E2F1 and NF-Y, CREB, and NRF-1. There are several
possible reasons why the previous studies identified a different
set of interacting factors than we identified: (1) the previous
ChIP-chip experiments were performed using different cell lines
and different promoter arrays; (2) the previous training data sets
included E2F4 targets, whereas we only used E2F1 binding site
data; (3) we applied a comparative genomics approach; and (4)
the different statistical methods applied in the previous ap-
proaches may result in different interacting partners being iden-
tified. The latter point may be the most critical difference. For
instance, we also analyzed our E2F1 target promoters using the
program oPOSSUM (Ho-Sui et al. 2005) and found that the ELK1
motif, but not the other ChIPModule motifs, was identified
(from a list of the top 15 motifs with P-values < 0.2). It is not clear
why AP-2a, NFAT, LBP1, and EGR were not identified using
oPOSSUM; however, a major difference is that we have used an
advanced classification model CART and only consider the tran-
scription factor motifs that fall within a short distance of the
E2F1 PWMSs. It is possible that the modules predicted by

(BIG
Module 3

Figure 7. E2F1 cooperates with and regulates other transcription fac-
tors. Shown is a schematic indicating the five different modules identified
in this study using E2F1 ChIP—chip data. DAVID analysis of the OMPG-
Prom database-identified promoters (Supplemental Table S3) revealed
that transcription factors are a predominant category of target genes in
all five E2F1 ChIPModules: Nucleic acid binding proteins constituted
~20% of ChIPModule 1, 26% of ChIPModule 2, 10% of ChIPModule 3,
26% of ChlPModule 4, and 22% ChIPModule 5.

oPOSSUM and by previous studies (Elkon et al. 2003; Das et al.
2006) are also correct; unfortunately experimental validation of
these predictions have not yet been performed. In addition to
experimentally verifying that E2F1 and AP-2« bind to the same
promoters using ChIP-chip assays, we have also performed two
additional specificity controls. First, we performed ChIP-chip ex-
periments with ENCODE arrays using an antibody to OCT4,
identified OCT4 binding sites, and then used the experimentally
identified OCT4 binding sites in a CART analysis to find colocal-
izing motifs. Although we did find several motifs that colocalize
with the OCT4 binding sites (V.X. Jin, H. O’Geen, and P.J. Farn-
ham, in prep.), AP-2a was not one of the identified motifs. This
demonstrates that AP-2a will not be identified as a partner for all
transcription factors, providing specificity to our computational
identification of E2F1 and AP-2a modules. Second, we performed
an additional ChIP-chip analysis using human promoter arrays
and an antibody to the transcription factor ZNF217. We found
that only 277 (12%) of the 2264 E2F1 were bound by ZNF217
(S.R. Krig, V.X. Jin, and P.J. Farnham, unpubl.). Thus, not all
transcription factors colocalize with E2F1, providing specificity
for our experimentally determined colocalization of E2F1 and
AP-2a. However, we realize that our experiments do not conclu-
sively demonstrate that E2F1 and AP-2a are both bound to a
given promoter at the same time. Studies examining co-
occupancy of promoters by these two factors will require future
experimental analyses such as SeqChIP (Geisberg and Struhl
2004).

The technique of ChIP-chip provides strong in vivo evi-
dence of the recruitment of a specific factor to DNA. However,
there are several different mechanisms by which a factor can be
recruited to the DNA and be identified in a ChIP-chip assay (Kato
et al. 2004). Three types of interactions between a transcription
factor and its binding site on DNA include: (1) direct binding of
a transcription factor to a high affinity consensus site; (2) piggy-
back binding, in which a transcription factor is recruited via pro-
tein—protein interactions with another factor that directly inter-
acts with the DNA at a specific motif, and (3) partner-binding, in
which a transcription factor directly binds to a low affinity bind-
ing site on DNA but specificity is achieved via interaction with
another nearby factor bound to a specific motif. A model built
based on the identification of a single transcription factor bind-
ing to its consensus site systematically eliminates identification
of the second and third class of binding sites. However, our ChIP-
Modules approach specifically identifies the third class of target
promoters. Previous experimental studies have shown that E2F
family members can regulate transcription via cooperation with
other DNA binding factors. For example, the studies of Gian-
grande et al. (2004) suggest that any promoter containing an E
box paired with an E2F element is a potential target of E2F3. Also,
Schlisio et al. (2002) showed that E2F2 and E2F3, but not E2F1,
could interact with YY1 to activate the Cdc6 promoter. Finally,
on the basis of our studies of promoters bound specifically by
E2F1 but not other E2Fs (Wells et al. 2002), we had previously
suggested that the ability of E2F1 to activate promoters that lack
an E2F consensus site requires both E2F1/DNA interactions and
protein-protein interactions between E2F1 and a factor that
binds adjacent to the nonconsensus E2F site (Lavrrar and Farn-
ham 2004). However, all of these previous studies focused on a
small set of promoters and did not address the global importance
of the identified cooperative interactions. Our current studies
suggest that perhaps 80% of all E2F1 target promoters in the
HeLa and MCF7 tumor cell lines are regulated by partner-
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binding, with half of these belonging to ChIPModule 1,
E2F1 + AP-2«. Further studies of E2F1 target genes using our
ChIPModules approach and data sets derived from ChIP-chip
assays of normal and tumor tissues are in progress.

Methods

Promoter sequence retrieval

Orthologous promoter sequences, corresponding attributes, and
annotation data were retrieved from an integrated information
resource [http://bioinformatics.med.ohio-state.edu/OMGProm)
(Palaniswamy et al. 2005)]. Briefly, the OMGProm data were ob-
tained via an efficient data-mining pipeline, which collects ex-
perimentally substantiated full-length mRNA/S'UTRs, first ex-
ons, and promoters from GenBank (Benson et al. 2003), DBTSS
(Suzuki et al. 2002), and EPD (Schmid et al. 2004). A 5’ flanking
region of 1 kb upstream to 1 kb downstream of each target gene
was designated as a promoter sequence because it is the most
extended promoter sequence for each target. Each promoter se-
quence was then aligned to a mouse orthologous promoter se-
quence of 10 kb upstream to 10 kb downstream of the transcrip-
tional start site for the orthologous mouse gene by the program
ClustalW (Thompson et al. 1994), where the aligned portion of
sequences was used to identify the conservation for the ortholo-
gous pairs.

Identification of transcription factor binding sites

TFBSs for other factors were identified by the MATCH (Kel et al.
2003) program, using the PWMs from the TRANSFAC database
(Wingender et al. 2000). For each pair of human and mouse
orthologous promoters, we searched for ~300 family transcrip-
tion factors (TFs) with ~500 PWMs corresponding to known hu-
man transcription factors using the “minFN_good83.prf” profile
(profile of cut-off values with minimum number of false-negative
predictions) of MATCH. Each predicted TFBS was determined by
4 parameters: (1) human core score (S, ;); (2) human PWM score
(Sp_n); (3) mouse core score (S, ,,); and (4) mouse PWM core score
(Sp_m)- The core and PWM scores, ranging from 0 (worst) to 1
(best), reflect the similarity of predicted sites to the core of the
consensus and to the full consensus sequence. We used a sliding-
window method similar to the method used by Sandelin et al.
(2004b) to measure the degree of conservation of a predicted
specific TFBS in a pair of orthologous sequences. A site (denoted
M) is considered to be conserved if there is at least one site for a
given factor in the orthologous sequences within a given window
size (denoted e) and the scores are greater than a threshold (T),
where T is a user defined parameter. The conservation of other
TFBSs is determined by the percentage of identical base-pairs
from the ClustalW aligned sequences.

Identifying combinatorial interactions of transcription factors

The set of experimentally defined TF,,, identified by ChIP-chip
(in this case, E2F1-bound regions) is denoted as C1, which speci-
fies a set of promoter sequences of n regions, CI = pro. After we
identified the mostly like E2F1 binding site (as described above)
for each member of set CI, we focused on searching for other
neighborhood TFs within a defined distance A on either side of
the E2F1 binding site, with A ranging from 220 bp to 500 bp. We
also did the same procedure for the negative control set C2
(C2={C2,;, C2, ..., C2,}) of m nonspecific TFregulated pro-
moter sequences (described above). A Fisher’s exact test (two-
tailed) was used to calculate the P-value to evaluate the signifi-
cance of each motif overrepresented in C1 as compared with C2.

AsetS (§={TF, TF,, ..., TF}) of the k candidate motifs with a
P-value less than a threshold p, (a user defined parameter) was
selected to use in the CART model (described below).

CART

CART (Breiman et al. 1984) analysis was employed to develop a
classification model for separating the specific TF., set CI from
the nonspecific TF set C2. The approach is an advanced data-
mining tool and it partitions data into discrete classes using user-
defined feature variables as predictor variables. To build our
CART model, we used the set S of M candidate TFs selected by the
above method to produce a binary matrix D for the data sets C1
and C2, where each binding site was considered as a binary vari-
able, such that it was either 1 or 0, depending on its presence
within a —A bp to +A bp region of a specific TF., (formula 1):

D ={y; X1, Xigeo Xing) (@8]

where D is a binary matrix of TFs, y; is the class label for CI (=0)
and C2 (=1), x; is the binary value of TF, that represents presence
(=1) or absence (=0) of its binding site within the neighborhood
of TF «, N is the number of promoters, M is the number of TFs.
The “Gini” method was selected as the splitting method for
growing the tree (formula 2):

GINI(H =1 -, G(j/t)? )
j

where G(j/t) is the relative part of class j at node .

Our analysis was performed on the commercially available
CART software (Salford Systems, San Diego, CA). We used 10-fold
cross-validation to estimate the balance of the tree structure pro-
duced by CART. The total number of samples are divided into 10
subsamples Z,, Z,, . . ., Z;, of almost equal sizes of Ny, N,, .. .,
Ny A tree is computed 10 times, each time leaving out one of the
subsamples from the computations and using that subsample as
a test sample for cross-validation, so that each subsample is used
(10 - 1) times in the learning sample and just once as the test
sample. This estimate is computed as in formula 3:

R(d(loy) _ NL 2

10 (x,j,)eZ10

X(d"(x,)#j,) 3)

where R is the prediction rate, X is the indicator function: X =1
if the statement X(d'?(x,)#j,) is true, X = 0 if the statement
X(dO(x,)#],) is false, and d'”(x) is the classifier computed from
the sub sample Z — Z,,.

ROC curve

A ROC curve, which graphically depicts the performance of a
classification method for different costs, was employed in evalu-
ating the classifications in our approach. In the curve, the verti-
cal coordinate is a true positive rate termed as sensitivity (S,,), and
the horizontal coordinate is a false positive rate termed as
1 — specificity (I - S,).
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where both TP (a true positive) and TN (a true negative) are
correct classifications; both FP (a false positive) and FN (a false
negative) are incorrectly classifications.
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ChIP-chip assays

MCEF?7 cells were grown at 37°C in a humidified 5% CO, incuba-
tor in Dulbecco’s Modified Eagle Medium supplemented with 2
mM glutamine, 1% Penicillin/Streptomycin, and 10% fetal bo-
vine serum. ChIP assays were performed as previously described
with minor modifications (Weinmann and Farnham 2002). A
complete protocol can be found on our Web site at http://
genomics.ucdavis.edu/farnham/ and in Oberley and Farnham
(2003). Antibodies used in this study include E2F1 (KH20/KH95)
(Upstate Biotechnology, cat# 05-379), AP-2a (c-18)x (Santa Cruz
Biotechnology cat# sc-184X), and rabbit IgG (Alpha Diagnostic,
cat# 210-561-9515). The secondary rabbit anti-mouse I1gG (cat#
55436) was purchased from MP Biomedicals. For analysis of the
ChIP samples prior to amplicon generation and to confirm target
promoters identified by ChIP-chip or ChIPModules, immuno-
precipitates were dissolved in 50 pl of water. Standard PCR reac-
tions using 2 pl of the immunoprecipitated DNA were performed.
PCR products were separated by electrophoresis through 1.5%
agarose gels and visualized by ethidium bromide intercalation.
For details concerning the generation of amplicons from ChIP
samples, see http://genomics.ucdavis.edu/farnham/ and Bieda et
al. (2006). Amplicons were then sent to NimbleGen Systems, Inc.
(Madison, WI), where they were hybridized to the 5-kb human
promoter array created there. The 5-kb human promoter array
design is a two-array set, containing 5.0 kb of each promoter
region. Where individual 5.0 kb regions overlap, they are merged
into a single larger region, preventing redundancy of coverage.
The promoter regions thus range in size from 5.0 kb to 50 kb.
These regions are tiled at a 110-bp interval, using variable length
probes with a target Tm of 76°C. Only promoter array 2, repre-
senting promoter regions on chromosome 11 through chromo-
some 23, was used for hybridization and the data were extracted
according to standard operating procedures by NimbleGen Sys-
tems Inc.

DAVID analysis

Functional annotations were performed using the program
Database for Annotation, Visualization, and Integrated
Discovery (DAVID) 2.1 (Dennis et al. 2003; see also http://
appsl.niaid.nih.gov/david/). DAVID is a Web-based, client/
server application that allows users to access a relational database
of functional annotation. Functional annotations are derived pri-
marily from LocusLink at the National Center for Biotechnology
Information (NCBI). DAVID uses LocusLink accession numbers
to link gene accessioning systems like GenBank, UniGene, and
Affymetrix identifiers to biological annotations including gene
names and aliases, functional summaries, Gene Ontologies, pro-
tein domains, and biochemical and signal transduction path-
ways. The same parameters were used for all analyses presented
in this study. These parameters were Gene Ontology Molecular
Function term, level 2; Interpro name in the Protein Domains
section; and SP_PIR_Keywords in the Functional Categories sec-
tion. After performing the analysis, all categories that repre-
sented <5% of the total number of genes were eliminated. In
addition, redundant terms (e.g., transcriptional regulation and
transcription factor activity) and noninformative terms (e.g.,
multigene family) were also eliminated.
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