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Abstract

We describe a computational approach to predict 

transcription factors that interact  with a given

transcription factor, or a given family of

transcription factors. We first collect a set of

upstream sequences, to which a particular

transcription factor or a family of transcription

factors may bind. This set of upstream sequences is 

regarded as our training set. We collect a set of a 

large number of randomly chosen upstream

sequences as the control set. We define a random 

variable to represent the clustering information of 

any putative transcription factor binding sites

(TFBSs) in the control set. We calibrate the

observed clusters of TFBSs in the training set to the 

distribution of the random variable representing the 

clustering information in the control set. We select 

the significant clusters from the training set and 

report the putative transcription factors that can bind 

to the TFBSs in these clusters. These reported 

transcription factors are candidates of interactive 

partners of the transcription factor (family) we

started from. We applied this approach to discover 

transcription factors that may cooperate with E2F 

family proteins. We have identified 15 candidate

interactive partners of E2F. Among them, 5 have 

been suggested or verified by previous biological

studies.

1 Introduction

At sequences level, eukaryotic gene expressions are 

usually controlled by regulatory modules rather than 

isolated single transcription factor biding sites

(TFBS) [1]. Berman et al [2] introduced an approach 

to utilize TFBS clustering information to discover 

cis-regulatory modules in Drosophila genome.

However, according to our knowledge, there are few 

successful mammalian module discovery exercises 

being described. This is mainly due to the large 

number of mammalian transcription factors and the 

high false positive rates of TFBS prediction

algorithms. In this pap er we show that by starting 

from a promoter set of pre-collected responsive

genes of a given TF, it is possible to computationally 
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predict its interacting partners with high sensitivity 

and specificity.

The E2F family of transcription factors are essential 

for the timely activation of genes involved in DNA 

replication and cell cycle control, exerting both 

positive and negative effects on gene expression [3].

However, it has been shown that the presence of an 

E2F site is not sufficient for G1/S phase

transcriptional regulation. Some transcription factors 

can interact with E2F and activate promoters in a 

synergistic manner. Such interactions stabilize DNA 

binding and contribute to promoter-specificity [4,5].

In this paper we use E2F as an example to

demonstrate a computational approach in identifying 

transcription factors that can interact with a given 

transcription factor to either activate or repress gene 

expres sion. Our algorithm reported 15 such

transcription factors. In the predicted transcription 

factors, there is strong evidence for TFE3, YY1, 

“ccaat” binding protein, and RAR to interactively

work with E2F on promoter sequences  [4,6,7,8].

Besides, P53 has been shown to be able to interact 

with E2F physically [9].

2 Method

2.1 Preparing training set and control set

We collected 155 human and 41 mouse candidate 

E2F responsive genes from microarray experiments 

(microarray data not shown here). We identified

their orthologous genes in the other species by 

reciprocal BLAST [10], and pooled these

orthologous genes together with the original E2F 

responsive genes in our analyses. The upstream 

regions of these genes were extracted from Human

Genome assembly in UCSC [11] and Celera’s

mouse genome database [12]. We used 1000

nucleotide (nt) upstream from transcription start site 

(TSS) and 50 nt downstream to TSS as the upstream 

region. We were able to get 332 such upstream 

regions. They were used as the training set. 

2000 randomly selected upstream regions,

covering1000 nt upstream and 50 nt downstream to 

TSS, were used as the control set. We used Repeat 

Masker [13] to mask out simple repeats and ALUs 

in both the training set and the control set. 

2.2 Position specific s core matrix (PSSM ) calls

We downloaded all (342) vertebrate position

specific score matrices (PSSM) from Transfac [14].

We applied the Match [14] program to scan every 

upstream sequence for PSSM calls. Every PSSM 

call was a potential TFBS. The cut off was set to 

minimize the sum of false positive calls and false 

negative calls. Match gave the position of every 

PSSM call. 

The noise to signal ratio for  the Match program ’s

PSSM calls is usually very high. Huang et al[15]

reported the overall noise to signal ratio to be 8.9, 

i.e., on average, for every PSSM call being a real 

binding site, 9 false calls are reported at the same 

time.

2.3 Clusters of PSSM calls

To reduce false positive reports, we looked into

clusters of PSSM calls. For a given PSSM, a cluster

was defined by a significant grouping of its calls on 

any training upstream sequence. The significance of 

the grouping was addressed by comparing to all 

possible groupings of calls of the same PSSM on all 

the control sequences.

We introduced a sliding window scheme to find the 

groupings of PSSM calls on all the control

sequences. The window size was set  to be 300 nt.

The window was shifted by 100 nt in each step of 

the scanning process. The initial window covered 

the first 300 nt on the first control upstream

sequence. For a given PSSM, if it had n1 calls, n1 = 

0, 1, 2 …, within the initial window, we would say a 

grouping of n1 calls was found. At the next step, the 

window was shifted to cover from 100 nt to 400 nt 

of the first control sequence. In the second window 

we would find a grouping of n2 calls (n2 = 0, 1, 

2, …). After finishing scanning the first control 
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sequence, the sliding window continued to cover the 

first 300 nt of the second control sequence. After the 

window slid through all control seque nces, we

added up the number of windows that covered the 

same number of PSSM calls.  Given the sequence set ,

the number of windows that covered n PSSM calls 

was a random variable with respect to n. We named 

this random variable as the grouping random

variable. By scanning the control sequences, we 

obtained a background distribution for the grouping 

random variable for one PSSM. Such a background

distribution was calculated for every PSSM. 

For every PSSM, setting the p value to be 0.0005, 

we calculated a critical value (CV) for its grouping 

random variable. The CV was so defined that less

than 0.0005 of the sliding windows contained equal 

to or more than CV calls of this PSSM, in all the 

control sequences . Table 1 gives the background 

distributions and the CVs of the grouping random 

variables for all E2F PSSMs. 

Table 1.The background distributions of the

grouping random variables of E2F PSSMs. The first 

column contains the names of the PSSMs; the 2
nd

column contains the numbers of windows that 

covers 0 PSSM call; the 3rd column contains the 

numbers of windows that contain 1 call; and so on. 

The last column contains critical values when p 

value is set as 0.0005. 

The CV attached to every PSSM can be regarded as 

a combined measure of two independent 

components. One is the biological meaning. The 

other is the specificity of a PSSM. When a PSSM 

has a very high CV, say, larger than 6, then this 

PSSM is likely to be non-specific, because a 

grouping of so many binding sites can hardly have 

satisfactory biological interpretation. For this reason 

we discarded 62 PSSMs with CV bigger than 6. The 

following analysis was performed with the 

remaining 280 PSSMs. 

We used the same sliding window system to scan 

the training sequences . Fixing a PSSM, if any 

sliding window contained more than or equal to CV 

calls, we would identify the calls within this window 

as a cluster of TFBSs. We identified all clusters for 

all PSSMs. Grouping together the PSSMs for the 

same transcription factor, we identified 40

transcription factors with 87 binding site clusters on 

63 upstream regions in the training set. These data 

are available at

http://biosun1.harvard.edu/~szhong/E2F/macluster.x

ls

2.4 Rating clusters

Simple criteria were applied to rate the clusters. 

Table 2 gives the ratings and the  criteria.

Rating Criterion # TF
#

cluster

0
Clusters of putative 

E2F biding sites
1 10

High

Showing up on more 

than one promoters, 

including at least one 

human promoter

15 40

Middle

Showing up on one 

promoter,

but locating within 

the core promoter 

region

3 3

Low Otherwise 21 24

Table 2. Criteria for rating clusters . The core 

promoter region is defined as within 150 nt of the 
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TSS.

3 Result

15 transcription factors with 40 clusters were rated 

“High”, 3 transcription factors with 3 clusters were 

rated “Middle”, 21 transcription factors with 24 

clusters were rated “Low”. The higher the rating of a 

cluster was, the more likely it corresponded to real a 

cluster of TFBSs. We reported the 15 high rating 

transcription factors as the transcription factors that 

were likely to interact with E2F family of

transcription factors. Our algorithm gave the cluster 

and its nearest putative E2F binding site as a module. 

Appendix 1 and 2 show the high and middle rating 

clusters, the genes on which the clusters were found,

and  the positions of putative binding sites.

4 Discussion

4.1 Checking the results

By searching literature, we found 6 transcription 

factors that were verified at various levels to interact

with E2F family factors. As discussed in the

introduction section, 5 of them showed up in our 15 

reported transcription factors. Only one transcription 

factor, DMP1 [16], was missed by our algorithm. 

This was due to the lack of a PSSM for DMP1 in 

Transfac.

This result strongly argues that our algorithm can 

serve as a good guidance in looking for E2F’s

cooperative partners. It would be interesting if in 

vitro or in vivo experiments can be done to test the 

modules given by our algorithm. We also see that 

our approach is limited by the fact that not all 

transcription factors have a PSSM compiled for their 

binding sites. Future work could first apply motif 

finding software like Bioprospector [17] to harvest 

de novo PSSMs and combine those PSSMs with 

PSSMs provided by Transfac. Then feed all those 

PSSMs into our algorithm.

4.2 E2F’s clusters

The transcription factors that generated the largest 

number of clusters were the E2F family factors, 

which had 10 clusters on 10 different promoters. 

This was expected because the training set was 

selected to be promoters of E2F responsive genes.

10 by itself was not a large number, which indicates 

our selection criterion was very stringent. We may 

have missed some real binding sites or binding site 

clusters, but we would expect real binding sites to 

be significantly enriched in the putative clusters that

we identified. 

4.3 A cluster of two putative ATF6 binding sites on 

MCM2’s promoter

There is a cluster of two putative ATF6 binding sites 

on the MCM2 promoter (Figure 1). ATF6’s PSSM is 

a very specific one (CV=2), so that any two calls

happening within 300 nt would be identified as a 

cluster by our algorithm. The two putative biding 

sites on MCM2’s promoter are connected to each 

other and show a palindromic pattern. Such

properties make this cluster statistically extremely 

significant. Moreover, this cluster occupies the core 

promoter region, and not far from it there are two 

putative E2F binding sites. The evidence above 

leads us to two hypotheses. First, ATF6 or a

transcription factor that binds to ATF6 consensus 

binding site is important to activate or repress

MCM2’s promoter. Secondly, ATF6 may cooperate 

with E2F family transcription factors in activating or 

repressing MCM2’s promoter.

Figure 1. Putative E2F binding site and ATF6 

binding sites on the MCM2 promoter. 

4.4 A cluster of putative P53 binding sites on the 

promoter of Apoptotic Protease Activating Factor 1 

(Apaf1)
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Our algorithm identified two putative p53 binding 

sites on the Apaf1 promoter. Hereafter we call the 

site closer to TSS BS1 and the site further to TSS 

BS2. The PSSM that generated this cluster is called

P53_02, which describes half of p53’s tretramer 

binding site. It has 5 calls (2 at the same position: 

-603, on different strands) within the -800 nt to -500

nt region. Our algorithm did not require these calls 

to be very close to each other. However, a real p53 

binding site usually has its two half-tetramer sites 

within 15 nt from each other. Interestingly, the 

putative half binding sites grouped by themselves 

into two pairs, and the distances within any pairs ar e

both smaller than 15 nt. Figure 2 shows this cluster. 

Figure 2. Putative E2F binding site and P53 binding 

sites on Apaf1 promoter. 

Recently the P53MH algorithm, an algorithm 

specific to identify p53 binding sites, has been 

introduced [18]. P53MH was supposed to have high 

sensitivity and specificity in identifying p53 binding 

sites, for the reason that it was specifically designed 

for p53 only, and quite a few p53 specific properties 

were tuned into the algorithm. P53MH reported 10 

putative p53 binding sites on the Apaf1 gene and its 

10kb flanking regions on both sides. This region 

was larger than what we used in the training set. 

One of the 10 reported binding sites was BS1, but 

BS2 was not reported. To compare with P53MH, we 

applied our algorithm on  the whole Apaf1 gene and 

its 10kb flankings. No other putative clusters were 

identified except for the BS1_BS2 cluster. 

Fortin et al [19] and Moroni et al [20] reported

Apaf1 as a transcriptional target for p53 in the 

regulation of neuronal cell death. They

demonstrated from electrophoretic mobility shift 

assays (EMSAs) that neuronal extracts exhibit ed

p53-DNA binding activity at both BS1 and BS2. 

These results suggest that in the case of Apaf1, our 

algorithm for general binding site discovery beats an 

algorithm specific to one transcription factor. 

We have also found a putative E2F binding site 

between these two p53 binding sites. It should be 

interesting to interrogate the interaction between 

p53 and E2F on Apaf1’s promoter. 
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