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ABSTRACT

Motivation: Transcription factor binding sites are known to co-occur

in the same gene owing to cooperativity of the transcription factors

(TFs) that bind to them. Genome-wide location data can help us under-

standhowan individual TF regulates its target gene.Nevertheless, how

TFs cooperate to regulate their target genes still needs further study.

In this study, genome-wide location data and expression profiles are

integrated to reveal how TFs cooperate to regulate their target

genes from the stochastic system perspective.

Results: Based on a stochastic dynamic model, a new measure-

ment of TF cooperativity is developed according to the regulatory

abilities of cooperative TF pairs and the number of their occurrences.

Ourmethod is employed to the yeast cell cycle and reveals successfully

many cooperative TF pairs confirmed by previous experiments, e.g.

Swi4-Swi6 in G1/S phase and Ndd1-Fkh2 in G2/M phase. Other TF

pairs with potential cooperativity mentioned in our results can provide

newdirections for future experiments. Finally, a cooperativeTFnetwork

of cell cycle is constructed from significant cooperative TF pairs.

Contact: bschen@ee.nthu.edu.tw

Supplementary information: http://www.ee.nthu.edu.tw/~bschen/
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1 INTRODUCTION

Precise transcriptional control is one of the major reasons for

different gene expression and regulation. Owing to advances in

DNA microarray technology and genome sequencing, measuring

gene expression levels on a genomic scale has become possible.

Measuring gene expression time profiles can help us understand

mechanisms of transcriptional regulation, including functional sig-

nificance of cell cycle regulation and response of environmental

changes (Spellman et al., 1998; Gasch et al., 2000). However, time

profiles alone are not enough to identify precisely the whole tran-

scriptional regulatory network. More precise method also needs the

binding information of transcription factors (TFs) to promoters in

DNA. Genes are always regulated by a number of upstream regu-

latory genes through binding of TFs to specific sites in the DNA

promoter region. To construct a gene regulatory network, it is

important to understand the binding relationship between target

genes and TFs. In recent studies, the genome-wide location

(ChIP-chip) analysis is employed to obtain the binding information

of TFs to promoters in DNA (Iyer et al., 2001; Simon et al., 2001;
Lee et al., 2002; Harbison et al., 2004; Chang et al., 2005; Lin et al.,
2005). However, these studies did not shed light on the interactions

or cooperativity between TFs.

With advances in experimental approaches and abundant data

sources, functional genomics has begun to investigate the more

complex, cooperative TF interactions to regulate properly gene

expression. In order to find cooperative TF interactions, a statistical

technique was employed to identify significant homotypic or

heterotypic TF binding site clusters (Wagner, 1999). Moreover,

the correlation of genome-wide expression profiles was employed

to uncover functional motif combinations in the promoters (Pilpel

et al., 2001). Furthermore, genome-wide location data (ChIP-chip)

and gene expression profiles were integrated to assess TF coopera-

tivity rigorously (Banerjee and Zhang, 2003; Kato et al., 2004; Tsai
et al., 2005). However, these studies only use expression correlation
score in the view of statistics to determine TF cooperativity. We are

not aware of the previous attempts to construct an overall trans-

criptional regulatory system to uncover TF cooperativity from the

dynamic system perspective. In this study, we assess TF coopera-

tivity not only in dynamic system perspective, but also in statistics.

We could get more insight into the regulatory mechanism by con-

structing its dynamic system model and could also make more

precise prediction of TF cooperativity.

A dynamic model is often employed to describe a complex and

kinetic system in many fields. Systems biology and computational

biology methods have recently been widely employed to describe

the biological functions from the dynamic system point of view

(Hasty et al., 2002; Davidson et al., 2003; Hood, 2003; Tegner et al.,
2003; Chen et al., 2004). In this article, we exploit genome-wide

location data (Harbison et al., 2004) and gene expression profiles

(Spellman et al., 1998) to construct a dynamic regulatory model for

the genes of interest. The dynamic regulatory model is developed

to describe how the upstream regulatory genes control a target gene

to produce the output mRNA expression through its regulatory

network. In order to reduce computational complexity, we estimate

TF cooperativities one gene by one gene. In the dynamic regulatory

model, there are two groups of input regulations affecting expres-

sion profiles of the target gene. The first group is due to individual

TF regulation, and the other is due to TF cooperativity regulation.

After estimating the regulatory abilities of these two groups, we can

get all TF abilities for regulating the transcriptional process of the

target gene. It is more possible to have TF cooperativity if binding
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sites for specific pairs of regulators co-occur more frequently within

the same promoter regions of target genes (Harbison et al., 2004).
Therefore, according to the estimated cooperative TF abilities and

the number of TF pairs co-binding to the target genes, a statistical

measurement method is specified to assess TF cooperativity rigor-

ously. The statistical measurement method is proposed to reduce

the possible estimation error owing to few data points. The new

measurement of TF cooperativity is the multiplicative cooperative

p-value, which can be obtained by multiplying all individual

p-values of different target genes to estimate efficiently the coop-

erativity of any cooperative TF pairs on a genomic scale. Further,

we use the shuffling method to avoid overfitting to confirm the

reliability of the proposed method.

Our results show that many cooperative TF pairs that were

previously characterized through experiments indeed have a high

cooperativity in our analysis, thus validating the method we pro-

posed as a TF cooperativity predictor and providing valuable

information for further analysis. A cooperative network is also

constructed with significant cooperative TF pairs for the yeast

cell cycle. Finally, the results reveal several novel possible coop-

erative TF pairs not found in previous studies, thus providing new

directions for future experiments.

2 METHODS

2.1 Selecting and processing experimental data

We used the genome-wide yeast microarray hybridization data of Spellman

et al. (1998) as our mRNA expression profiles. They proposed many experi-

mental methods for resetting the yeast cell cycle to measure mRNA expres-

sion profiles for the whole genome comprehensively. Here, we used the

768 cell cycle-related genes selected by Simon et al. (2001) from ‘a factor’

experimental cell cycle data as the target genes. ‘a factor’ is one experi-

mental technique to synchronize cell cycle. The genome-wide location data

are taken from Harbison et al. (2004), in which the genomic occupancy of

203 DNA-binding TFs is determined in yeast. We selected the significant

binding set using a binding p-value p < 0.0015 as the inputs in the dynamic

gene transcriptional regulatory model.

In genome-wide expression profiles of Spellman et al. (1998), there are

many missing data. We used the cubic spline interpolation method (Faires

and Burden, 1998), which employs piecewise third-order polynomials to fit

data points, for compensating these missing values in the profiles. Further-

more, in order to avoid the overfitting estimation of the profiles, we also use

the cubic spline method to interpolate the data points when there are more

than six TFs binding to the target gene, which implies that the number of

parameters to be estimated is 23. Only 5% of the target genes are bound by

more than six TFs (SupplementaryMaterial). In order to fit the gene dynamic

model in the linear scale, the microarray data are returned from the log2 scale

to the linear scale.

2.2 Dynamic model of gene regulatory networks

First, we consider a gene regulatory network as a system block with several

regulatory genes as inputs and a target gene as output. Owing to random

noise and fluctuation at the molecular level, the transcriptional behavior of

the gene regulatory network is described by a stochastic discrete dynamic

equation, and the general form of transcriptional regulation for a target gene

is written as follows:

y½tþ 1� ¼ a · y½t� þ
XN
i¼1

bi · xi½t� þ G½t� þ k þ «½t�‚ ð1Þ

where y[t] represents mRNA expression level of the target gene at time point

t, and the parameter a indicates the effect of the present state value y[t] to the

next state value y[t + 1]. xi[t] i 2 {1, 2, . . . ,N} represent the regulation

functions of N TFs binding to the target gene and bi indicates the regulatory

ability of the i-th TF. G[t] is the possible regulatory function of cooperative

TFs. k represents the basal level from other factors, and «[t] denotes a

stochastic noise owing to model uncertainty and fluctuation of mRNA

microarray data in the target gene.

For system identification of gene regulatory network, it is more practical

to consider the biochemical reaction between the TF regulation functions

xi[t] at the motif binding sites and their relevant mRNA expression profiles

yi[t] of the upstream regulatory gene (Goldbeter and Koshland, 1981; Mestl

et al., 1995). For this purpose, we describe the binding regulation function

xi[t] of the TF as the following sigmoid function

xi½t� ¼ f iðyi½t�Þ ¼
1

1þ exp ½� rðyi½t� � MiÞ�
‚ ð2Þ

where r denotes the transition rate of the sigmoid function and Mi denotes

the mean of mRNA expression level of the regulatory gene i. yi[t] and xi[t]
represent the mRNA expression profiles of the i-th regulatory gene and

the binding regulation function of the corresponding TF, respectively.

The sigmoid function can also be considered as a method for normalizing

the expression profiles of regulatory genes between 0 and 1, which has been

successfully employed to describe the binding of regulatory genes (Chen

et al., 2004).

The regulatory function G[t] is combined by all possible TF cooperat-

ivities of the target gene. We describe the regulatory function G[t] in

Equation (1) as the following:

G½t� ¼
XN�1

i¼1

XN
j¼iþ1

ci · j · xi · j½t�‚ ð3Þ

where xi·j[t] � fi·j(yi[t]·yj[t]) is a sigmoid function of product yi[t] · yj[t] to

denote the binding function of cooperative TFs i and j, and ci·j denotes

the regulatory ability (or kinetic activity) of the cooperative TFs i and

j. N denotes the number of TFs binding to the target gene.

Substituting Equation (3) into Equation (1), we get the following dynamic

transcriptional regulatory equation:

y½tþ 1� ¼ a · y½t� þ
XN
i¼1

bi · xi½t� þ
XN�1

i¼1

XN
j¼iþ1

ci · j · xi · j½t� þ k þ «½t�: ð4Þ

In Figure 1, there are examples of constructing the discrete dynamic models

for target genes. After describing the general stochastic dynamic model of

Fig. 1. Examples of dynamic transcriptional regulatory models of target

genes CLB5 and HO. The candidates of regulatory TFs of target gene were

obtained from the genome-wide location data of Harbison et al. (2004) when

p-value was chosen as p < 0.0015. In the examples, the regulatory TFs of

CLB5 areMbp1 and Swi6, and the regulatory TFs of HO areMbp1, Swi6 and

Swi4. The regulations of individual TF are represented by solid lines and the

regulations of possible TF cooperativities are represented by dotted lines.
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transcriptional regulation, we could identify the models of gene expression

from the available microarray data.

2.3 Identifying gene regulatory networks

After constructing the discrete stochastic dynamic model, we use the method

of maximum likelihood to estimate the parameters. The details are shown in

Supplementary Material.

After identifying the parameters, the transcriptional regulatory network of

target genes could be expressed as the following dynamic equation:

y½tþ 1� ¼ âa · y½t� þ
XN
i¼1

b̂bi · xi½t� þ
XN�1

i¼1

XN
j¼iþ1

ĉci · j · xi · j½t� þ k̂k‚ ð5Þ

where âa, b̂bi, ĉci · j, k̂k are the estimated parameters of a, bi, ci·j, k, respectively.
Therefore, the TF cooperativity at each target gene could be evaluated by

ĉci · j, the regulatory ability of the cooperative TF pair, in Equation (5).

However, ĉci · j in (5) is only from one target gene point of view. A statistical

method should be developed to measure the cooperativity of TFs to combine

all ĉci · j of the TF i and j for all target genes (i.e. on a genomic scale). It would

be discussed in the following section.

2.4 Measurement of TF cooperativity

In order to measure the possible TF cooperativity, we define a new mea-

surement, the multiplicative cooperative p-value PC, according to the statis-

tics of regulatory abilities ĉci · j of all target genes in the dynamic model of

Equation (5) and the number of TF pairs appearing in all target genes. For

any TF pair, if the binding sites of specific TF pairs co-occur more frequently

in the target genes, then it is more likely to have cooperativity between

these two TFs (Harbison et al., 2004). In addition, the magnitude of the

regulatory ability ĉci · j of TF cooperation in our dynamic model can be also

useful to help us determine the significant TF cooperativity because the

magnitude represents its importance in the transcriptional regulation of

the target gene.

To define the multiplicative cooperative p-value PC on a genomic scale,

we first calculate the individual p-value for each regulatory ability of a

cooperative TF pair. The p-value is defined as (PB)m when a cooperative

TF pair binds to the m-th target gene. For the m-th target gene bound by the

cooperative TF pair i and j, we rewrote its regulatory ability ĉci · j as ĉc
m
i · j. After

constructing 1000 random permutations of xi·j[t] (Supplementary Material)

in Equation (4) for the m-th target gene bound by TFs pair i and j, we used
these random permutations to estimate 1000 different ĉcmi · j rewritten as ~ccmi · j
and then computed a probability density pj~ccmi · j jðxÞ of all absolute values j~cc

m
i · jj

according to their magnitudes by normalization. The probability density

distribution p j ~ccmi · j j ðxÞ of cooperativity is shown in Figure 2. Then, using

p j ~ccmi · j j ðxÞ, we calculated the individual p-value (PB)m of TFs i and j at the

m-th target gene by

ðPBÞm ¼
Z 1

jĉcmi · j j
pj~ccmi · j jðxÞdx‚ ð6Þ

where jĉcmi · jj denotes the regulatory ability of the cooperative TF pair i and j
at the m-th target gene without random permutation.

When calculating individual p-value for each regulatory ability (PB)m, we

use 1000 random permutations to infer the probability density function

p j ~ccmi · j j ðxÞ. Theoretically, the continuous probability density function is

obtained when the number of shuffling is infinite, which is not applicable

in practice. Thus, we use the discrete normalized histogram to approximate

the probability density function instead. In Figure 2, (PB)m should be the area

under the smooth curve (pdf), but as we can calculate only the approximation

of the pdf, (PB)mwould be in fact the numbers of j~ccmi · jj, which are greater than
jĉcmi · jj normalized by the number of shuffling, i.e. the sum of heights

of corresponding bars. In reality, the minimal value of (PB)m is equal to

the inverse number of shuffling, i.e. 0.001 in the case of 1000 shuffling. Thus,

taking a greater number of shuffling would make quite a different (PB)m
value. However, choosing the number of shuffling would not affect the final

significant cooperative TF pairs, as long as the number is large enough. So in

order to reduce the computation complexity, we choose the number of

shuffling to be 1000.

A TF pair may co-occur to bind many target genes, so we could obtain

many individual p-values (PB)m, m 2 {1, 2, . . . , L}, where L is the number of

the target genes bound by the possible cooperative TF pair i and j. In
Figure 1, for example, TFs Mbp1 and Swi6 both bind to HO and CLB5.

Therefore, the gene HO has its cMbp1·Swi6 and the corresponding (PB)HO, and

so does CLB5 with its cMbp1·Swi6 and the corresponding (PB)CLB5. After

computing all the individual p-value (PB)m for the TF pair i and j for all
target genes, i.e. (PB)m for m 2 {1, 2, . . . , L}, we define the multiplicative

cooperative p-value PC for the TF pair i and j by multiplying all of its (PB)m
as follows:

PC ¼
YL
m¼1

ðPBÞm ð7Þ

where L is the number of target genes bound by the possible cooperative TF

pair i and j, and (PB)m denotes the individual p-value of the cooperative TF

pair i and j binding to the m-th target gene.

In Equations (6) and (7), the more likely the TF cooperativity is, the

smaller PC of the TF pair is. Therefore, there are two situations that

make PC smaller. One is the larger number L of the TF pairs co-occurring

in all target genes, i.e. with a larger number of individual p-values for the

TF pair. This situation is the same with the result that the TF pair has

a greater possibility of cooperation if binding sites of specific TF pairs

co-occur more frequently in target genes (Harbison et al., 2004). Another

situation is that the regulatory ability j ĉci · j j of the TF pair i and j is so

significant at some target genes that the individual p-value (PB)m of the TF

pair is small at the target genes. In this way, the multiplicative cooperative

p-value PC also becomes small. Therefore, it is reasonable to use the mul-

tiplicative cooperative p-value PC to evaluate the TF cooperativity.

2.5 Determination of significant cooperative TF pairs

After calculation of the multiplicative cooperative p-value PC, we have

a list of cooperative TF pairs. The list has
N
2

� �
pairs with their PC values,

Fig. 2. Probability density function p j ~ccmi · j j ðxÞ and normalized histogram for

j ~ccmi · j j . The pdf p j ~ccmi · j j ðxÞ of all j ~cc
m
i · j j is obtained according to the number of

j ~ccmi · j j occurrence estimated by random permuting xi · j½t� for the m-th target

gene bound by TF pair i and j. The individual p-value ðPBÞm of them-th target

gene is the sum of heights of corresponding bars in practice.
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respectively, where N represents the total number of TFs. Sorted by the

PC values (the smaller PC means the more likely cooperative TF pair), it can

be presented as a list in which we can find the most possible cooperative TF

pairs to the least possible ones. However, which TF pairs are considered as

significant cooperative TF pairs should be determined.

Because the measurement of TF cooperativity depends on the individual

p-values PB and the number of the target genes bound by the possible

cooperative TF pair L, we determine the threshold of significant cooperative

pairs by PB and L as well. The idea is that we determine the threshold of PB

and L, respectively, and then calculate the significance threshold as

PC‚ Threshold ¼ PLThreshold
B‚ Threshold ð8Þ

PC,Threshold is defined as PB,Threshold to the power of LThreshold, where

PB,Threshold and LThreshold denote the threshold of PB and L, respectively.

How to determine PB,Threshold and LThreshold is as follows. We first construct

PB distribution and L distribution according to all PB values and all L values.

Then at the significance level 0.05 of PB distribution and L distribution, we

can determine the significance thresholds of PB and L, respectively. Because
a smaller PB means that the PB is more significant, so PB,Threshold is

determined as the fifth percentile of the PB distribution. For LThreshold, a

larger Lmeans that the L is more significant, so LThreshold is determined as the

95th percentile of the L distribution. By PB,Threshold, LThreshold and (8), we

can calculate the significance threshold PC,Threshold and determine the sig-

nificant cooperative TF pairs, which PC are smaller than PC,Threshold. Once

the significance threshold PC,Threshold is determined, whether or not PC is

significant at that level is binary.

3 RESULTS

3.1 Analysis of TF cooperativity

We integrated the expression profiles of the yeast cell cycle taken

from Spellman et al. (1998) and genome-wide location data of

Harbison et al. (2004) to identify the cooperativity of all possible

TF interaction pairs among 203 TFs. After constructing and

identifying parameters of gene transcriptional regulatory networks

of yeast, we calculated the multiplicative cooperative p-value PC of

each possible TF interaction pair. Sorted by PC values, all possible

TF cooperative pairs are ranked according to their cooperative

possibilities. We then calculate the significance threshold

PC,Threshold and determine the significant cooperative TF pairs. In

this study, the significance threshold PC,Threshold ¼10�21 and we

identified 55 significant cooperative TF pairs, which are shown in

Table 1. According to these results, the cooperative network of

significant cooperative TF pairs is given in Figure 3. Of the results

listed, 72.73% are confirmed by evidence in many studies. Most of

these TF cooperative pairs confirmed are related to the cell cycle of

yeast. It may be because our source data are the yeast cell cycle

expression profiles so that most of these TF cooperative pairs found

in the list are related to cell cycle. Moreover, the TF cooperative

pairs that have not yet been proved but are found by the method we

proposed can provide a direction for future experiments. The details

of the TF cooperativities we found are discussed below.

3.2 Cell cycle

3.2.1 G1/S Phase (Swi4-Swi6, Mbp1-Swi6, Mbp1-Swi4,
Stb1-Swi6) The G1 to S phase transition of the eukaryotic cell

cycle is a critical point for the coordination of cell cycle progression

with cellular growth. SBF and MBF are sequence-specific TFs that

activate gene expression to mediate the G1/S transition of the cell

cycle in yeast (Iyer et al., 2001). SBF is a protein complex of Swi4

and Swi6, and MBF is a protein complex of Mbp1 and Swi6 (Koch

et al., 1993). The related Swi4 and Mbp1 proteins are the DNA-

binding components of the respective factors, and Swi6 may have a

regulatory function (Dirick et al., 1992; Primig et al., 1992). The
cooperativity between Swi4 and Swi6 is included in our results, and

so is the cooperativity between Mbp1 and Swi6. In addition, Mbp1

and Swi4 sharing 50% identity in their DNA binding domains are

found with the probable cooperativity in our results (Koch et al.,
1993).

In the late G1 phase, Stb1 is an important regulator controlling

the timing of start transcription that is revealed in the absence of

the G1 regulator Cln3 and binds to Swi6 in vivo (Ho et al., 1999).
The interaction of Stb1 and Swi6 confirmed by Ho et al. (1999) and
Costanzo et al. (2003) is also found in our results.

3.2.2 G2/M Phase (Ndd1-Fkh1, Ndd1-Fkh2, Fkh1-Fkh2,
Mcm1-Fkh2, Ndd1-Mcm1) In the G2/M phase, the important regu-

lator is SFF, which is a larger transcription factor containing Ndd1,

Fkh1 and Fkh2 (Koranda et al., 2000; Kumar et al., 2000; Pic et al.,
2000; Futcher, 2002). Our results strongly indicate the cooperativity

between Ndd1 and Fkh2, which are components of SFF. Another

cooperativity between Ndd1 and Fkh1, which are also components

of SFF, is found in our results, too. In addition, Fkh1 and Fkh2 are

found with cooperativity in our results. Fkh1 and Fkh2 share 72%

identical DNA binding domain, and the double mutant of Fkh1 and

Fkh2 displays obvious morphological change (Kumar et al., 2000).
SFF is thought to regulate a program of mitotic transcription in

conjunction with the transcription factor Mcm1. Moreover, Fkh2,

a component of SFF, assembles into a ternary complex with Mcm1

on both the SWI5 and CLB2 cell cycle genes (Koranda et al., 2000;
Kumar et al., 2000). The fact that Fkh2 shows cooperativity with

Mcm1 is also listed in our result. In addition to Ndd1 and Fkh2,

Mcm1 and Fkh2, another cooperative TF pair in the G2/M phase,

Ndd1 and Mcm1, is found in our results. For the above cooperative

TF pairs found in the G2/M phase, it is not surprising to find

experimentally that Mcm1, Fkh2 and Ndd1 also form a complex

to regulate the CLB2 gene and other genes (Kumar et al., 2000; Zhu
et al., 2000).

3.2.3 M/G1 Phase (Ace2-Swi5) In the M/G1 phase, we found

that the TF pair, Ace2 and Swi5, is cooperative. Ace2 and Swi5

is a pair of TFs of yeast that regulates the expression of many cell

cycle-specific genes (Doolin et al., 2001). In recent studies, Ace2

and Swi5 cooperate to induce the expressions of a subset of genes,

but the antagonistic interaction between Ace2 and Swi5 has been

found (Doolin et al., 2001). With 82% identical DNA binding

domains, Ace2 and Swi5 bind to the same DNA sequence (McBride

et al., 1999), and it is possible that proteins compete for access to

these promoters, but only one activates transcription (Doolin et al.,
2001). Therefore, one partner of Swi5 and Ace2 sometimes can

have a stronger contribution towards regulation, and the finding

of antagonistic interaction of Ace2 and Swi5 is not surprising.

3.3 Mating (Ste12–Dig1)

The TF Ste12 is responsible for activating genes in response to

MAP kinase cascades controlling mating and filamentous growth.

Two inhibitors Dig1 and Dig2 regulate Ste12 negatively (Olson

et al., 2000). It was found that Dig1 and Dig2 do not function

through redundant mechanisms, but rather inhibit pheromone-

responsive transcription through interactions with separate regions

Identification of TF cooperativity
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Table 1. Significant cooperative TF pairs of cell cycle target genes

Ranking TF1 TF2 PC* Literature evidences

1 Swi4 Swi6 2.68E�162 Kumar et al. (2000); Koch et al. (1993); Manke et al. (2003); Banerjee and Zhang (2003);

Tsai et al. (2005)a

2 Mbp1 Swi6 7.32E�125 Koch et al. (1993); Manke et al. (2003); Banerjee and Zhang (2003); Tsai et al. (2005)a

3 Fkh2 Ndd1 1.55E�88 Koranda et al. (2000); Manke et al. (2003); Banerjee and Zhang (2003); Tsai et al. (2005)a

4 Mbp1 Swi4 4.07E�83 Koch et al. (1993); Manke et al. (2003)

5 Gat3 Yap5 1.40E�76 Manke et al. (2003)

6 Fkh2 Swi6 7.30E�59 Tsai et al. (2005)a

7 Fkh1 Fkh2 7.25E�58 Kumar et al. (2000); Zhu et al. (2000); Pic et al. (2000); Manke et al. (2003);

Banerjee and Zhang (2003)

8 Pdr1 Yap5 2.69E�49 Manke et al. (2003)

9 Fkh2 Swi4 1.00E�48 Manke et al. (2003); Tsai et al. (2005)a

10 Mcm1 Ndd1 2.46E�46 Kumar et al. (2000); Koranda et al. (2000); Manke et al. (2003); Banerjee and Zhang (2003);

Tsai et al. (2005)a

11 Fkh2 Mbp1 8.94E�46 Manke et al. (2003); Tsai et al. (2005)b

12 Fkh1 Swi6 4.00E�45

13 Gat3 Pdr1 3.42E�44 Manke et al. (2003); Banerjee and Zhang (2003); Tsai et al. (2005)b

14 Fkh1 Ndd1 8.97E�43 Koranda et al. (2000); Banerjee and Zhang (2003); Tsai et al. (2005)a

15 Ndd1 Swi6 1.00E�42

16 Msn4 Yap5 1.76E�41 Banerjee and Zhang (2003); Tsai et al. (2005)b

17 Gat3 Msn4 1.00E�39 Banerjee and Zhang (2003); Tsai et al. (2005)b

18 Fkh2 Mcm1 1.41E�39 Kumar et al. (2000); Pic et al. (2000); Manke et al. (2003); Banerjee and Zhang (2003);

Tsai et al. (2005)b

19 Stb1 Swi6 1.58E�38 Ho et al.; Costanzo et al. (2003)

20 Cin5 Yap6 2.21E�37 Manke et al. (2003); Banerjee and Zhang (2003)

21 Ndd1 Swi4 7.19E�37 Manke et al. (2003); Tsai et al. (2005)a

22 Gat3 Hap4 1.00E�36

23 Hap4 Yap5 1.00E�36 Tsai et al. (2005)b

24 Fkh1 Mbp1 1.95E�36 Tsai et al. (2005)a

25 Stb1 Swi4 4.80E�35 Costanzo et al. (2003); Manke et al. (2003); Banerjee and Zhang (2003); Tsai et al. (2005)b

26 Ste12 Swi6 1.54E�34

27 Ste12 Swi4 3.06E�34

28 Gat3 Rap1 2.27E�33

29 Msn4 Pdr1 6.00E�33 Tsai et al. (2005)b

30 Rap1 Yap5 6.34E�33

31 Dig1 Ste12 2.28E�32 Olson et al. (2000); Manke et al. (2003); Tsai et al. (2005)b

32 Mbp1 Ndd1 4.90E�32 Manke et al. (2003)

33 Dat1 Yap5 1.85E�31

34 Ace2 Swi5 7.77E�31 Doolin et al. (2001); Manke et al. (2003); Banerjee and Zhang (2003)

35 Skn7 Swi6 1.61E�29

36 Dat1 Gat3 1.00E�27

37 Dat1 Hap1 1.00E�27 Tsai et al. (2005)a

38 Dat1 Hap4 1.00E�27

39 Rlm1 Swi4 1.00E�27

40 Rlm1 Swi6 1.00E�27

41 Mcm1 Swi6 1.94E�27

42 Fkh1 Mcm1 6.80E�26 Kumar et al. (2000); Tsai et al. (2005)b

43 Mbp1 Stb1 9.80E�26 Costanzo et al. (2003)

44 Skn7 Swi4 1.99E�25 Manke et al. (2003)

45 Gat3 Rgm1 1.00E�24 Manke et al. (2003)

46 Pdr1 Rgm1 1.00E�24 Manke et al. (2003)

47 Hap1 Msn4 2.00E�24 Tsai et al. (2005)b

48 Hap4 Pdr1 3.00E�24 Tsai et al. (2005)b

49 Pdr1 Smp1 3.00E�24 Manke et al. (2003); Banerjee and Zhang (2003)

50 Dat1 Msn4 4.00E�24 Tsai et al. (2005)b

51 Hap1 Rap1 9.50E�23 Tsai et al. (2005)a

52 Hap1 Yap5 2.40E�22 Tsai et al. (2005)b

53 Rgm1 Yap5 3.41E�22 Manke et al. (2003)

54 Swi5 Yap5 3.60E�22 Tsai et al. (2005)b

55 Hap1 Hap4 5.66E�22

The TF pairs are sorted by PC value.

*List of the results with PC smaller than PC,Threshold ¼ 10�21.
aConfident synergistic TF pairs as stated in Tsai et al.’s study (2005).
bPlausible or doubtful synergistic TF pairs as stated in Tsai et al.’s study (2005).
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of Ste12 (Olson et al., 2000). In our results, we indeed found that

Ste12 cooperates with Dig1. However, in the location data of

Harbison et al., Dig2 is not listed in the 203 TF. That is why another
protein Dig2 was not found to show cooperativity with Ste12 in our

results. If the genome-wide location data are comprehensive for

more TFs, we believe that our method can predict more cooperative

TF pairs, like Dig2 and Ste12.

3.4 Comparison with results of other methods

Pilpel et al. (2001) uncover functional motif combinations in the

promoters of Saccharomyces cerevsiae using microarray data. They

uncover not only cell cycle-related motifs, but also sporulation and

various stress responses. Focusing on cell cycle, they identified only

10 motif pairs. Comparing our results with the cell cycle results

from Pilpel et al. (2001), there are only three TF pairs in common

(Supplementary Material). This may be because they only use

microarray data but not use ChIP-chip data to infer combinatorial

motifs.

Banerjee and Zhang (2003) integrated genome-wide location

data from Lee et al. (2002) and gene expression data from Cho

et al. (1998) to infer cooperativity among transcription factors by

expression correlation. Comparing the TF cooperativities we found

with Banerjee and Zhang’s results show that many cooperative TF

pairs confirmed by literature evidences are found in both results

even though their study based on different dataset (Supplementary

Material). Furthermore, our results indicate more cooperative TF

pairs confirmed by literature evidences but not found by Banerjee

and Zhang’s methods. However, there are still four pairs, namely

Arg80–Arg81, Ace2–Hsf1, Hsf1–Skn7 and Hir1–Hir2, found in

Banerjee and Zhang’s results but not in our results. The details

can be seen in Supplementary Material.

Tsai et al. (2005) use statistical methods (ANOVA) to identify

synergistic pairs of yeast cell cycle TFs. They combined ChIP-chip

data from Harbison et al. (2004) and microarray data from Spellman

et al. (1998) as we did. Comparing our results with Tsai et al.’s
results (confident synergistic TF pairs as stated in their study), we

find that many cooperative TF pairs confirmed by literature evi-

dences are found in both results. Once more, our method finds more

real cooperative TF pairs than Tsai et al.’s method. The overlap of

our results, Tsai et al.’s results and cooperative TF pairs supported

by literature evidences is shown in Figure 4. In addition, there are

four pairs, Fkh2-Swi6, Fkh1-Mbp1, Dat1-Hap1 and Hap1-Rap1,

which are still not confirmed by literature evidences, are also

found by both results. These TF pairs provide directions for future

experiments. From Figure 4, we also find that there are three pairs,

Hir1–Hir2, Hir1–Hir3 and Hir2–Hir3, found in Tsai et al.’s results
but not in ours. These three TF pairs could be considered as false

negative TF pairs of our method. After checking these three coop-

erative TF pairs in detail, we find that Hir1 and Hir2 co-occurred

to bind only six target genes of the 768 cell cycle genes from the

location data of Harbison et al. (2004) at p-value p < 0.0015. For this

cooperative TF pair, the number L in Equation (7) is only 6, and that

is why its PC is not small enough to be considered significant. The

situations of Hir1–Hir3 and Hir2–Hir3 are the same, thus these three

pairs are considered as false negatives in our results. Finally, we

calculated the confirmed rates, which are the rates of both results

compared with literature evidences, of the TF pairs listed in our

findings and Tsai et al.’s results (confident synergistic TF pairs as

stated in their study). The confirmed rate of our method, 52.73%, is

higher than that of Tsai et al.’s, 28.89%.

4 DISCUSSION

In this study, we successfully identified cooperative TF pairs

by integrating genome-wide location data and expression profiles.

Our method is based on transcriptional regulatory mechanisms of

TFs and their cooperativities at binding sites from dynamic system

perspective. Unlike others’ studies using statistical correlation

(Pilpel et al., 2001; Banerjee and Zhang, 2003; Tsai et al.,
2005), our method provides the view of dynamic regulatory systems

to mimic the transcriptional procedure. The measure of TF coop-

erativity of TFs is developed by a multiplicative cooperative p-value
according to the statistics of estimated regulatory ability of coop-

erative genes in the dynamic regulatory model. We developed a

method to determine significant cooperative TF pairs among all

possible TF cooperativities as well. Our results showed that

many cooperative TF pairs identified by our method are confirmed

by literature evidences. We also indicated several possible TF pairs

with cooperativity that are listed in our results but not confirmed yet.

Fig. 3. The significant cooperative TF network of cell cycle target genes. The

cooperative TF pairs confirmed by literature evidences are shown in solid

lines, and those still to be confirmed are expressed in dotted lines.

Fig. 4. Overlap of our results, Tsai et al.’s (2005) results, and cooperative TF

pairs supported by literature evidences. There are total 45 and 55 cooperative

pairs in Tsai et al.’s results (confident synergistic TF pairs as stated in their

study) and in our results, respectively. By comparing both results, we can

easily find that the confirmed rate of our method is higher than that obtained

by Tsai et al.’s method.
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These provide new directions for future experiments. Moreover, it

was shown that the confirmed rate of our method is higher than other

methods using statistical correlation (Pilpel et al., 2001; Banerjee
and Zhang, 2003; Tsai et al., 2005).
From the cooperative network of significant TF cooperative pairs

shown in Figure 3, we can find that the interaction links among

several TFs (Swi4, Swi6, Fkh1, Fkh2, Ndd1 and Mbp1) are more

compact than others (compactness means that there are more inter-

action links with the TFs). All of these TFs have important roles in

the yeast cell cycle, so it is likely that there exist TF cooperativities

among these TFs. However, some of these TFs may co-bind to many

target genes because of their importance for the yeast cell cycle but

nevertheless they show no cooperativity among them. In our anal-

ysis, this situation will lead to a false positive (the false positive

pairs are listed in the Supplementary Material). It may be another

possible reason why the interaction links among these important

TFs are more compact. We also list the TF cooperative pairs that are

confirmed by literature evidences but not shown up in our results,

i.e., the false negatives. The false negative rate is 27.27% (Supple-

mentary Material).

In order to confirm the reliability of the proposed method, the

shuffling method was used to test the overfitting. In the expression

data shuffling case, only 60% of TF cooperativities are found,

which may be due to the correct ChIP-chip data and the uncertainty

reduction by p-value detection method. In the location data shuf-

fling, no cooperativities of TFs are found due to the same signifi-

cance threshold PC,Threshold as the original result without shuffling,

i.e. 10�21. When comparing the results, we found that there is no

overfitting by the proposed method (Supplementary Material).

With the microarray data of the yeast cell cycle of Spellman et al.
(1998) and the ChIP-chip data of Harbison et al. (2004), it is shown
that our method can successfully predict the cooperative TF pairs of

the yeast cell cycle. If the gene expression profiles and genome-wide

location data of other process for yeast or other species, such as the

heat shock stress, are available, our method could be employed to

identify the cooperative TF pairs of different stress conditions or

other species (Supplementary Material). Furthermore, our method

can be extended to identify the cooperativities among more than two

TFs by adding extra terms generated by multiplications of their

expression profiles through the sigmoid function. Moreover, we

can integrate protein-protein interaction data to determine interac-

tions not only among TFs but also among TFs and other proteins in

our model (Supplementary Material). That is, by modifying the

method we proposed, we can construct an integrated cellular net-

work of transcription regulation and protein–protein interaction.
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