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Abstract. Recent genome wide studies in yeast have started to un-
ravel the complex, combinatorial nature of transcriptional regulation in
eukaryotic cells, including the concerted regulation of proteins involved
in complex formation. In this work, we use a Bayesian evidence inte-
gration framework to assemble an integrated network, including both
protein-DNA and protein-protein interactions, in a specific cellular con-
text(human B cells). We then use it to study common interaction motifs
between protein complexes and regulatory programs, using an enrich-
ment analysis approach. Specifically, we compare the frequency of mixed
interaction motifs in the real network against random networks of equiv-
alent connectivity. These motifs include sets of target genes regulated by
multiple interacting transcription factors, and gene sets encoding same
complex proteins regulated by different transcription factors.

Keywords: combinatorial regulation / evidence integration / human B
cells / näıve Bayes / network motifs.

1 Introduction

Dissecting transcriptional regulation pathways in mammalian cells is an impor-
tant step towards the elucidation of normal and disease-related cellular processes.
Due to its simpler organization, yeast has so far provided an excellent model or-
ganism for the study of eukaryotic cellular networks, offering an initial basis to
understand their dynamic complexity. Recently, motifs analyses in yeast net-
works combining Protein-DNA (P-D) and Protein-Protein (P-P) interactions
revealed a trend towards co-regulation and complex formation in lower eu-
karyotes [1,2], showing that the integration of different interaction types helps
elucidate the interface between transcriptional regulation and protein complex
formation.
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Similar models have not yet become available for higher eukaryotes, including
Homo sapiens, where transcriptional regulation, complex-formation, and tran-
sient protein-protein interactions networks have been studied in isolation and
without cell context specificity, for instance by yeast two-hybrids [3,4]. Here, we
propose a Bayesian evidence integration framework for network inference, which
integrates a variety of generic and context specific experimental clues about P-P
and P-D interactions - such as a large collection of B cell expression profiles -
with inferences from different reverse engineering algorithms, such as GeneWays
[5] and ARACNE [6]. This type of Bayesian learning was previously successful
in inferring P-P interactions in yeast [7] and in human [8]. The resulting network
is then used as a model to study the interface between regulatory programs and
protein complexes.

We first analyzed the enrichment of simple three gene motifs involving both
P-P and P-D interactions in our network and then combined them into larger
composite motifs to identify combinatorial regulation mechanisms.

2 Material and Methods

2.1 Näıve Bayesian Evidence Integration

The Bayesian evidence integration model applies the Bayes theorem to compute
the posterior odds that a specific interaction exists (Opost) as the product of the
prior odds (Oprior) and of a likelihood ratio (LR) [7]:

Opost = LR · Oprior (1)

The prior odds are defined as the average odds that two random gene products
are involved in an interaction and can be calculated as:

Oprior =
P (I)
P (Ī)

=
P (I)

1 − P (I)
(2)

where P (I) is the probability that two random gene products are involved in
an interaction and P (Ī) is the probability that they are not. The posterior odds
of a specific interaction are defined as the ratio of the probabilities that two
specific gene products, gx and gy, are respectively involved or not involved in an
interaction, conditional to the presence of N different clues, c1...cN :

Opost =
P (Ixy|c1 · · · cN )
P (Īxy|c1 · · · cN )

(3)

Such clues could include, for instance, the correlation of the two genes’ ex-
pression profiles, the results of specific experimental assays, the functional cate-
gorization of the gene pair, etc. Similarly, the LR is defined as:

LR(c1 · · · cN ) =
P (c1 · · · cN |Ixy)
P (c1 · · · cN |Īxy)

(4)
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In the Näıve Bayes Classifier (NBC) model, the clues are assumed to be statis-
tically independent. Then, the LR can be computed as the product of individual
LR from the respective datasets:

LR(c1 · · · cN ) =
i=N∏

i=1

LR(ci) =
i=N∏

i=1

P (ci|Ixy)
P (ci|Īxy)

(5)

A useful property of the NBC model is that performance does not significantly
deteriorate if weak dependencies among the clues exist. Under this assumption,
the posterior odds of a specific interaction can be calculated as:

Opost =
i=N∏

i=1

P (ci|Ixy)
P (ci|Īxy)

· Oprior (6)

Oprior can be estimated from prior knowledge on the number of expected
P-P interactions or P-D interactions in a cellular context, while the LRs are
estimated by counting how many times a specific clue is observed in a positive
and negative gold standard set. A positive gold standard set should include only
gene product pairs that are known to interact, while a negative gold standard
set should include only gene product pairs that are known not to interact. Opost,
computed as the product of these two values, is related to the probability of an
interaction to be true as Ppost = Opost/(Opost + 1), then achieving a posterior
probability of at least 50% is equivalent to achieve Opost ≥ 1 or LR ≥ 1/Oprior.

2.2 Gold-Standard Sets for P-P Interactions

To generate a positive gold standard set (GSP) for P-P interactions, we extracted
25,642 human P-P interactions from HPRD [9], 7,862 from IntAct [10], 4,812
from BIND [11], and 868 from DIP [12], originating from low-throughput, high
quality experiments. This resulted in a GSP set of 34,842 unique P-P interactions
involving 7,323 genes (28,542 interactions for 6,953 genes after homodimers re-
moval). Based on an estimate for the total number of P-P interactions of 300,000
in a human cell, among 22,000 proteins [3], the prior odds for an interaction is
approximately 1 in 800 (300, 000/(22, 0002/2 − 300, 000)). This implies that any
protein pair with a LR ≥ 800 has at least a 50% probability of being involved
in an interaction. Generating a negative gold standard set (GSN) is somewhat
more complicated because negative interaction examples are not easily identi-
fied from the literature. Thus, based on a previous analysis [13], we classified
the Gene Ontology (GO) terms into four subcellular compartments (cell periph-
ery and exocytic pathway, cytoplasm, mitochondria and nucleus), and mapped
human genes into those compartments. Then, for each compartment pair, we
computed the enrichment of protein pairs known to interact (from the GSP)
using a Fisher exact test (FET). This revealed compartment pairs that are more
likely to host proteins involved in a P-P interaction. Obviously, all pairs where
the two compartments were identical (e.g., nucleus-nucleus) showed enrichment.
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However, interestingly, the pair cytoplasm-mitochondrion also showed enrich-
ment. The GSN was then defined by using all proteins from non-enriched cell
compartment pairs. Note that we also excluded nucleus-mitochondrion protein
pairs in the GSN, as the FET was borderline. This resulted in a GSN with
18,359,948 candidate non interacting gene pairs. As could be expected, the GSN
had a small overlap with the GSP (1,890 pairs) reflecting the heuristic nature
of the approach used to identify negative interactions. However, the overlap is
much smaller than expected by chance thus validating that the method provides
a relatively good first order approximation of non interacting protein pairs GSN.
For our subsequent analysis, we removed from the GSN all the pairs that were
also present in the GSP.

2.3 Gold-Standard Sets for P-D Interactions

Defining a realistic GSP for P-D interactions is much more difficult, as the
amount of biochemically validated data is orders of magnitude smaller. We thus
decided to focus on a very well-studied transcription factor (TF), MYC for which
extensive binding data was collected. The GSP was thus defined as a set of 1,041
B cell specific MYC target genes collected from the MYC database [14] and the
GSN as its genomic complement. This allowed us to estimate the prior odds for a
MYC P-D interaction to be 1 in 21. This causes two problems: First this is likely
an underestimate of the total number of MYC targets in a B cell, thus resulting
in a corresponding underestimate of the LR for MYC interactions. Second, this
LR should not be used for other TFs that may have a smaller or larger number
of targets. However, since this data is not available, we used this value as a
first order approximation from all TFs. The LR can be iteratively corrected
on a TF by TF basis either by estimating the number of actual targets (e.g.
by using general properties of the network connectivity [2,15]) or as additional
biochemical evidence emerges, such as from ChIP-Chip data.

2.4 Gene Expression Profiles

A collection of 254 gene expression profiles was used, representing 27 distinct
cellular phenotypes derived from populations of normal and neoplastic human B
lymphocytes [16]. Gene expression profiles were collected using the Affymetrix
HG-U95A GeneChip R©System (approximately 12,600 probe sets). Expression
measurements were normalized using MAS5.0, and probe sets with absolute
expression mean < 50 and coefficient of variation < 0.3, were considered non-
informative and were excluded a-priori from the analysis, leaving 7,476 probe
sets [15]. We computed the mutual information (MI) between the 7,896 probes
(6,083 genes) passing this threshold. Mutual Information [6] is an optimal mea-
sure of statistical dependence in a non linear setting. After applying a threshold
(MI ≥ 0.069), corresponding to a p-value of 10−7, we identified 4,711,682 statis-
tically significant MIs between the 6,083 genes. The highest MI among all the
probe-set pairs corresponding to a gene pair was used when multiple probes were
present in the set.
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2.5 Information Content

As previously described [17], we computed the information content of a Gene
Ontology (GO) term [18] as follow:

I(gon) = log2
k(gon)⋃m
i=1 k(goi)

(7)

where gon represent a GO term, k(gon) the gene set annotated by gon and m
the number of annotations in the biological process ontology.

2.6 Transcription Factor Classification

To identify human transcription factors, we selected the human genes annotated
as ”transcription factor activity” in Gene Ontology and the list of transcription
factors (TFs) from Transfac Professional [19]. From this list, we removed general
TFs (e.g. stable complexes like polymerases or TATA-box-binding proteins), and
added some TFs not annotated by GO, producing a final list of 1,722 TFs, from
which 632 were on the filtered microarray gene set.

2.7 GeneWays

GeneWays is a computer system designed for automatic analysis of literature
data to extract knowledge about molecular interactions [5]. It provides a list of
gene pairs associated with a keyword (action), defining the interaction type, and
a score between -1 and 1.

2.8 ARACNE

ARACNE is an information-theoretic method for identifying transcriptional in-
teractions between gene products using microarray expression profile data [6].
ARACNE has proven effective in identifying transcriptional targets in complex
mammalian networks [15]. We used the bootstrapping version of ARACNE with
a list of 632 transcription factors.

2.9 Motifs Enrichment

The combined P-D/P-P interaction network is represented as two independent
graphs where the nodes are genes products and a directed or undirected edge
represents respectively a P-D or a P-P interaction. Directed edges point from
a transcription factor to its target. Randomized networks were built to have
the same connectivity properties as the real network. Specifically, the random-
ized networks have identical distribution for the following properties: (a) P-P
interaction degree (number of P-P interactions) per node, (b) P-D interaction
in-degree (number of edges pointing to the node) and (c) P-D interaction out-
degree (number of edges originating at the node). Randomized networks with
this connectivity constraint were built with the igraph library of the statistical
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software R. Statistical significance of motif enrichment in the real network was
obtained by computing the zscore:

zscore =
Nreal − mean(Nrandom)

sd(Nrandom)
(8)

where Nreal is the number of motifs in the real network, and mean(Nrandom)
and sd(Nrandom) are the mean and the standard deviation of the number of
motifs in 1,000 randomized networks.

3 Results and Discussion

We used separate Näıve Bayes classifiers to predict P-P and P-D interactions.
This requires positive and negative Gold Standard datasets (GSP and GSN) for
both P-P and P-D interactions to evaluate the likelihood ratio (LR) of each evi-
dence source. Construction of these datasets is described in the previous section.
Note that, as for similar approaches [7,8], we consider fixed P-P and P-D priors
in this paper. This is only a first order approximation and it will need to be ad-
justed in a Protein and TF-specific way, as additional evidence is collected, since
cellular network connectivity appears to be approximated by a power-law [2,15].

3.1 P-P Interactions

To infer P-P interactions, we integrated the following P-P interaction evidence:
(a) non human interactions for four eukaryotic organisms, (b) two yeast two-
hybrid (Y2H) datasets, (c) the GeneWays literature datamining algorithm [5],
(d) the Gene Ontology biological process annotations [18], and (e) gene co-
expression data from a large collection of 254 B cell expression profiles [15].
Each evidence source was represented as categorical data (continuous values
were binned as necessary) and used to compute a LR based on the GSP and
GSN data as further described (Table 1). Note that we only considered LR
greater than 1 for the different evidences.

Non human interactions for four eukaryotic organisms and human
Yeast two-hybrid (Y2H): We extracted putative P-P interactions clues from
IntAct and BIND for the three model organisms Caenorhabditis elegans, Droso-
phila melanogaster and Mus musculus and from IntAct, BIND and MIPS [20]
for Saccharomyces cerevisiae. We defined four different groups of predicted P-P
interactions, one for each organism, by mapping model organisms’ genes to hu-
man genes using the Inparanoid database that describes eukaryotic orthologous
clusters [21]. As these four sources contain redundant information, we chose to
combine them, together with human interactions extracted from the two Y2H
experiments, in one non-redundant source. In this final group, interactions were
classified according to the number of evidence sources supporting them (from
1 to 5) for computing a LR. As expected, the LR distribution shows that in-
teractions between genes that are supported by more than one data source are
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likely to predict P-P interactions between the corresponding orthologous genes
in Homo sapiens.

GeneWays literature datamining algorithm: By studying the action key-
word enrichment for 6,904 P-P interactions in the GSP (from the HPRD), which
were also reported by GeneWays, we identified 19 action keywords associated
with P-P interactions. These include the following: assemble, associate, bind,
coexpress, coimmunoprecipitate, colocalize, connect, coprecipitate, copurify, de-
phosphorylate, dissociate from, form, form a complex, immunoprecipitate, inter-
act, recruit, required for, synergize and ubiquitinate. Enrichment was computed
with a fisher exact test (p−value < 10−3). This list allowed us to extract 25,985
putative GeneWays P-P interactions among 5,797 genes. These were further clas-
sified in two groups according to their score (s ≤ 0 and s > 0, respectively). The
LR was computed independently for the two groups.

Gene Ontology biological process annotation: It was also observed that
interacting proteins tend to share the same biological process [22]. Thus, GO

Table 1. P-P and P-D interaction evidence and Likelihood Ratio (LR)

Evidence Bins LR
Protein-Protein Interactions 1 33

≥ 2 848
GeneWays ≤ 0 165

> 0 404
Gene Ontology < 6 13

6-7 29
7-8 39
8-9 95

9-10 174
P-P Interaction 10-11 203

Integration 11-12 321
> 12 496

Mutual Information 0.22-0.27 2
0.27-0.32 4
0.32-0.37 8
0.37-0.42 22
0.42-0.47 37
0.47-0.52 83
0.52-0.57 127
0.57-0.62 326

> 0.62 1713
Mouse Protein-DNA Interactions 42

GeneWays ≤ 0 3
P-D Interaction > 0 10

Integration ARACNE < 0.27 3
≥ 0.27 24
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annotations provide additional clues about a P-P interaction. We assembled a
list of 4,510,212 human gene pairs sharing a biological process annotation. They
were classified using the information content of each GO term, retaining the
highest value in case of multiple annotations. This information was binned in 8
groups to compute the LR. The LR distribution shows that GO categories with
higher information content, reflecting very precise functional similarity, are more
likely to support a P-P interaction than those with smaller values.

Gene co-expression data: It has been established that some interacting pro-
teins, especially those in stable complexes, tend to be co-expressed [23]. Thus co-
expression in a large expression profile dataset can provide clues about
P-P interactions. We computed mutual information (MI) between 6,083 human
genes using their mRNA expression levels measured by the Affymetrix chip HG-
U95Av2 in 254 normal, tumor related, and experimentally manipulated B cell
populations [15]. We binned the MI into 9 categories to classify the gene pairs.
As expected, the LR significantly increases with the MI, reflecting the fact that
interacting proteins tend to be co-expressed.

3.2 P-D Interactions

We combined information on P-D interactions from different sources includ-
ing (a) mouse data from Transfac Professional [19] and BIND and (b) human
P-D interactions inferred by the GeneWays and ARACNE algorithms. The data
from each clue was binned and tested against the GSP and GSN to compute
the LR, reflecting the ability of individual clues to predict MYC targets and, by
generalization, other transcriptional interactions (Table 1).

Mouse data from Transfac Professional: We extracted mouse P-D interac-
tions from the Transfac Professional and BIND databases and used the Inpara-
noid database to predict human P-D interactions, selecting the genes associated
to a cluster with a score of 1 only. We defined 551 potential interactions involving
431 genes.

GeneWays: GeneWays interactions contained 250 interactions from Transfac
Professional, revealing enrichment for 12 actions: activate, depend on, include, in-
dependence, influence, mediate, regulate, repress, transactivate and up-regulate.
In the case where we found enrichment for an action in both P-D interaction
and P-P interaction groups (e.g. bind) we retained the action for the group that
showed the most significant enrichment for that action. This list allowed us to
extract 4,141 potential human P-D interactions, involving 1,754 genes, further
classified into two groups according to their score. The LR was computed for
the two groups.

ARACNE: ARACNE was successful in predicting MYC targets that were ex-
perimentally validated, allowing us to use these results to compute the reliability
of ARACNE predictions. We classified the predicted MYC targets according to
their MI for computing the LR, revealing that a MYC target with a MI greater
than 0.27 has a p > 50% probability to be a true interaction. We also assumed
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Fig. 1. 10-fold cross-validation: Precision (TP/TP+FP) vs. Recall (TP/TP+FN) curve
for the individual and integrated sets (GO = Gene Ontology, GW = GeneWays, MI =
Mutual Information, PPI = interactions in model organisms and human Y2H data).
TP (True Positive), FP (False Positive) and FN (False Negative) were calculated as
GSP and GSN interactions.

that this threshold would produce result similar to those for MYC for other TFs.
This was biochemically validated using the BCL6 transcription factor (data not
reported). Here, ARACNE predicted 76,251 P-D interactions in human B cells.
Note that the MI used for categorizing the LR was computed using the same
version as for the new bootstrapping version of ARACNE.

3.3 Bayesian Integration

The Näıve Bayes classifications allowed integrating different sources in a final set
of 15,278 P-P interactions (4,373 genes) and 16,640 P-D interactions (462 TFs
and 2,026 putative targets) with a posterior probability p > 50% of being true
interactions. We called this set a mixed interaction network. The P-P interac-
tion LR distribution (see Table 1) shows that each individual clue is not sufficient
to predict interactions, except for clues from strong gene co-expression and from
model organisms and Y2H. This last group was expected to be a good predictor
as it already intrinsically combines different information sources. Considering P-D
interactions, except for 551 interactions predicted from mouse data, only P-D in-
teractions that are ARACNE positive could achieve sufficient LR to exceed the
significance threshold (LR0 = 21) determined by the prior (see Table 1). Since
ARACNE inferences depend on expression profile data (which is cell-context spe-
cific), we claim that the transcriptional part of the network is B cell specific.

To evaluate the performance of the P-P interaction classifier, we computed
precision and recall for each evidence source and for the final integrated set,
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using a ten-fold cross-validation process (Figure 1). For an LR0 threshold of
800, our network achieves recall of up to 10% with precision always greater than
86%. These measures also illustrate that the interaction clues, when combined
together, are a much better predictor than each one taken independently.

In a previous Näıve Bayes classification of human P-P interactions [8], the au-
thors defined 38,379 P-P interactions involving 5,791 genes, using a LR threshold
of 381. With this threshold, we identify 40,161 putative P-P interactions among
7,603 genes. Of these, 3,995 are common to the two studies supporting 19,072 P-P
interactions in the Rhodes set and 19,226 in our set respectively. Of these, 3,201
were common to both studies, corresponding to 17% of each of the predicted
sets. This small, yet highly statistically significant overlap can be explained by
the use of our highly context-specific gene expression profile dataset, which is
likely to identify interactions that are specific to B cells. We thus consider our
P-P interaction interactome to be at least partially indicative of interactions
that are B cell specific. Similarly, since the most significant contribution to the
total LR comes from the ARACNE algorithm, we also consider P-D interactions
to be B cell specific.

3.4 Mixed Interaction Network and Motifs Analysis

To build the final mixed interaction network, we included all missing interac-
tions in the GSPs as well as transcriptional interactions for the TFs reported in
Transfac Professional and BIND (respectively 25,473 P-P and 2,798 P-D inter-
actions). The final network contains 40,751 P-P (7,888 genes) and 19,370 P-D
(3,768 genes) interactions. Respectively, 12,209 and 16,445 of these were new
(i.e., not previously in the GSP or Transfac and BIND). We searched this net-
work for three gene motifs that were highly statistically enriched with respect to
the null hypothesis (1,000 randomized networks of identical connectivity). We
were particularly interested in two highly enriched regulatory motifs (referred to
as R1 and R2) combining both interaction types (Table 2).

Table 2. Regulatory motifs involving P-D and P-P interactions

Motif #motifs
Name Representation Real Network Random Network (mean ± SD) Z-score

R1 23,056 3,496 ± 109 179

R2 3,735 801 ± 153 19
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R1 motifs (z-score ZR1 = 179) describe the regulation of two proteins in a
complex by the same TF, suggesting that genes encoding proteins that inter-
act in a complex tend to have a common regulatory program. Among the 6,107
P-P interactions in R1 motifs, 2,037 are jointly regulated by more than one
TF (see Supplementary Table S1). These combinatorial regulation events were
highly statistically significant in the real network compared to the null hypoth-
esis, highlighting regulation of protein complexes of higher complexity such as
for example the ribosome or the collagen. As an illustration, we reported the
common targets of CEBPD and MAF that regulate 48 genes encoding proteins
organized in complexes (Fig. 2a).

Table 3. Enriched motifs with at least 30% new interactions. P-value was computed
with a fisher exact test and reported non-corrected and corrected for multiple testing
(bonferroni correction).

common targets z-score Gene Ontology
TF1 TF2 #targets %new BP Annotation P-value (corrected)

CEBPB CEBPG 3 67 9 – –
ELK1 ELK3 2 50 14 – –
IRF8 IRF1 2 50 8 – –
IRF1 SPI1 3 50 7 antimicrobial humoral

response GO:0019735
9.10−4 (3.10−1)

SMAD4 TFE3 2 50 11 – –
RB1 RBL1 2 50 13 – –
SRF YY1 4 50 3 muscle development

GO:0007517
2.10−4 (7.10−2)

CEBPB SPI1 4 38 6 antimicrobial humoral
response GO:0019735

2.10−3 (6.10−1)

FOS SRF 4 38 6 positive regulation
of cell proliferation
GO:0008284

2.10−3 (8.10−1)

IRF1 NFKB1 4 38 7 natural killer cell activa-
tion GO:0030101

1.10−4 (4.10−2)

FOS NFKB1 6 33 9 natural killer cell activa-
tion GO:0030101

3.10−4 (1.10−1)

GATA1 GATA2 3 33 9 – –

R2 motifs (z-score ZR2 = 19), on the other hand, show that TFs in a com-
plex tend to regulate the same target genes. Only 597 TF pairs are represented
in the 3,735 R2 motifs, indicating that many TF pairs regulate more than one
gene. Specifically, 66 TF pairs - with statistically independent expression profiles -
were found to regulate two or more common targets (see Supplementary Table S2).
We report 12 motifs containing at least 30% new interactions (Table 3). This
list shows several TF complexes involving proteins from the same family, such
as CEBPB and CEBPG (Fig. 2b), as well as non-related proteins, such as YY1
and SRF, known to bind to the same DNA sites (CArG boxes) on target gene
promoters (Fig. 2c). Additionally, some TF complexes included proteins known
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(a)

(b) (c)

Fig. 2. Examples of enriched regulatory motifs. Undirected and directed edges repre-
sent P-P and P-D interactions respectively colored in blue and red if new and in grey if
in the GSP. (a) Protein complex regulated by CEBPD and MAF. (b) CEBPB-CEBPG
motif. (c) SRF-YY1 motif.

to bind to distinct binding sites. For example, SMAD4 and TFE3 bind respec-
tively to a 4 base pair Smad element and to an E-box. These sites were found to
be adjacent in the promoter of known target genes [24]. These differences may
help distinguish among different cooperative regulation modes: two modes are
associated with either a TF complex binding to a single binding site or two adja-
cent sites in the promoter of the target genes, while the third mode is associated
with two TFs independently binding to different sites on the promoter.

4 Conclusions

The proposed framework constitutes the first example of a mammalian mixed
interaction network. Transcriptional cell context specificity was achieved by con-
straining the inferred P-D interactions on clues dependent on expression profile
data. P-P interactions are more likely affected by protein availability than by
changes in P-P affinity in different cell types.
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5 Supplementary Materials

Supplementary materials are available at:
http://wiki.c2b2.columbia.edu/califanolab/index.php/Publications
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