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The discovery of regulation relationship of protein interactions is crucial for the mechanism research in
signaling network. Bioinformatics methods can be used to accelerate the discovery of regulation relation-
ship between protein interactions, to distinguish the activation relations from inhibition relations. In this
paper, we describe a novel method to predict the regulation relations of protein interactions in the sig-
naling network. We detected 4,417 domain pairs that were significantly enriched in the activation or
inhibition dataset. Three machine learning methods, logistic regression, support vector machines(SVMs),
and naïve bayes, were explored in the classifier models. The prediction power of three different models
was evaluated by 5-fold cross-validation and the independent test dataset. The area under the receiver
operating characteristic curve for logistic regression, SVM, and naïve bayes models was 0.946, 0.905
and 0.809, respectively. Finally, the logistic regression classifier was applied to the human proteome-
wide interaction dataset, and 2,591 interactions were predicted with their regulation relations, with
2,048 in activation and 543 in inhibition. This model based on domains can be used to identify the reg-
ulation relations between protein interactions and furthermore reconstruct signaling pathways.

� 2013 Elsevier Inc. All rights reserved.
1. Introduction

With the development of high-throughput technologies, large-
scale protein–protein interaction (PPI) data for multiple species
has been produced, which provided the basis for the investigation
of protein function and dynamics [1–6]. An important investigation
area is discovering the potential signaling pathways from protein
interactions to understand their roles in signal transduction, gene
regulation and disease. The typical experimental method to infer
the regulation relations between pathway components is perturb-
ing the cells with molecular interventions [7,8]. It needs many
experiments to determine their molecular mechanism and regula-
tion relationships, which is expensive, time-consuming and error-
prone.

Several groups have made efforts to develop bioinformatics
methods to infer signaling pathways [9–14]. For example, Stef-
fen, et al. developed a computational approach to generate static
models of signal transduction networks from large-scale two-hy-
brid screens and expression profiles [9]. Silverbush et al. [10]
and Gitter et al. [11] presented several algorithms to discover
high-confidence pathways. Shlomi et al. presented a comprehen-
sive framework, Qpath, using homologous pathway queries to
identify biologically significant pathways and their functions
[12]. We have also proposed two methods to predict the direc-
tionality in pairwise proteins, based on the domains and func-
tional annotations [13,14]. These methods can achieve good
performance in a part of protein interaction datasets. However,
it was still difficult to determine the regulation relationship of
protein interactions in the signaling pathways. Giving a pair of
interacting proteins, we can predict the direction of signal flow
through it using the methods proposed in [13,14], but we cannot
distinguish whether its regulation relation is activation or inhibi-
tion. Therefore, it is necessary to develop new bioinformatics
methods to predict the regulation relations between protein
interactions.

In this paper, we introduced a novel method to predict the reg-
ulation relationship between protein interactions in the signaling
network according to their constituent domains. Firstly, we pro-
posed a measure, Enrichment_ratio, to identify the domain pairs
significantly enriched in the activation/inhibition dataset. Then,
we trained the classifiers based on three machine learning meth-
ods (logistic regression, SVM and naïve bayes) with the activation
dataset and the inhibition dataset. Furthermore, we evaluated
these methods based on 5-fold cross-validation and the indepen-
dent test dataset. Finally, we applied the logistic regression method
to predict the regulation relations in the human proteome-wide
interactions.
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2. Materials and methods

2.1. Extraction of signaling networks in multiple species

As a classical and well-known pathway database, KEGG (Kyo-
to Encyclopedia of Genes and Genomes) contains manually
annotated pathways based on biochemical evidence from the lit-
erature, including a large amount of signaling and metabolic
pathways [15]. All the signaling networks of human, mouse,
rat, fly and yeast were downloaded from KEGG. From these sig-
naling networks, 1,893 protein interactions are extracted with
their regulation relationship, including 1,554 in the category of
activation and 339 in the inhibition, which are used as the gold-
en standard positive set. In human, rat, mouse, fly and yeast,
76.40% proteins have one or more Pfam domains. Interaction be-
tween two proteins typically involves binding between specific
domains.
2.2. Transforming human signaling pathways to protein interactions

By transforming protein interactions in signaling pathways into
binary model, we transformed the pathways in 7 databases, includ-
ing PID, BioCarta, Reactome, NetPath, INOH, SPIKE and KEGG and
established the human protein interaction dataset with known
regulation relations. This dataset include 6,791 protein interactions
(Additional file 1), with 5,261 in activation and 1,530 in inhibition.
Abandoning the interactions recorded in the golden standard posi-
tive set, the rest can be used as the independent test dataset to
evaluate the performance of our classifier.
2.3. The computation of Enrichment_ratio and P-value of domain pairs

To investigate the enrichment extent of a domain pair appear-
ing in the activation dataset or inhibition dataset, compared to
the whole protein interaction dataset, we proposed a novel mea-
sure Enrichment_ratio. It is defined as:

Enrichment ratio ¼
m
M
n
N

ð1Þ

where N is the number of protein interactions in the whole stan-
dard dataset, M is the number of protein interactions in the activa-
tion/inhibition dataset. For a specific pair of domains, n is defined as
the number of protein interactions containing this pair in the whole
standard dataset, and m is the number of protein interactions con-
taining this pair in the activation/inhibition dataset. For a given pair
of domains, we can calculate two Enrichment_ratio values, one of
which represents the enrichment extent in the activation dataset
and the other represents the enrichment extent in the inhibition
dataset. If the Enrichment_ratio in the activation dataset is larger
than a certain cutoff, such as 1, then this pair is relatively enriched
in this dataset. If the Enrichment_ratio is smaller than 1, it is rela-
tively lacked. The enriched domain pairs in the inhibition dataset
can be extracted by the similar method.

Furthermore, to investigate whether two domains always ap-
pear in pairs to introduce protein interaction or they only appear
accidentally, we made a hypothesis testing. We used the hypergeo-
metric cumulative distribution to analyze the enrichment signifi-
cance of domain pairs appearing in the activation/inhibition
dataset. For a specific pair of domains, its P-value is defined as:
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Through setting the cutoff the P-value, for instance 0.05, we can
discover the domain pairs significantly enriched in the activation/
inhibition dataset. If the Enrichment_ratio > 1 and P-value < 0.05,
this pair of domains is regarded as significantly enriched in the
activation/inhibition dataset.

2.4. Machine learning

Three machine-learning algorithms were investigated: logistic
regression, and support vector machine (SVM) based on PolyKer-
nel, and naïve bayes, all of which have been widely used for pattern
classification and regression problems. For a specific domain pair
selected by the enrichment analysis, if it appears in the protein
interactions of the training dataset, the corresponding feature is
set as its Enrichment_ratio, otherwise this feature is set as zero.
The WEKA package [16] was used to build classifiers that could dis-
tinguish the activation relations from inhibition, using selected
features.

We can evaluate the performance of three classifiers using 5-
fold cross-validation. During the test process, 20% of the interac-
tions in the positive and negative datasets were singled out in turn
to become the test sample, and the remaining interactions were
used as the training set to predict the class of the interactions in
the test sample. The performance was measured by the analysis
of receiver operating characteristic (ROC) curves. A ROC curve
can show the efficacy of one test by presenting both sensitivity
and specificity for different cutoff points [17]. Sensitivity and spec-
ificity can measure the ability of a test to identify true positive and
false positives in a data set. These two indexes can be calculated as
Sensitivity = TP/T and Specificity = 1 � (FP/F) where TP and FP are
the number of identified true and false positives, respectively,
whereas T and F are the total number of positives and negatives
in a test. The area under the ROC curve (AUC) provided the metric
for the overall performance of the classifier. The closer the AUC of a
test was to 1.0, the higher the overall efficacy of the test.

3. Results

3.1. Extraction of domain pairs enriched in activation/inhibition
dataset

Domains are elements of proteins in a sense of structure and
function. Most proteins interact with each other through their do-
mains. Therefore, it is crucial and useful to understand PPIs based
on the domains [18]. In Fig. 1, we gave an example to demonstrate
the domain pairs contained in the protein interactions. Protein A
contains three domains D1, D2 and D3, and Protein B contains
two domains E1 and E2. In principle, the domains contained in Pro-
tein A and the domains contained in Protein B can compose 6 do-
main pairs. In fact, only few domain pairs will be significantly
enriched in protein interactions of the activation or inhibition
dataset. These domain pairs significantly enriched in the activation
or inhibition dataset may suggest the regulation relations between
protein interactions, and can be used as the valid features to build
classifiers in order to distinguish the activation relations from the
inhibition relations.

According to the constituent domains of interacting proteins,
we computed the Enrichment_ratios and P-values of domain pairs
in the activation/inhibition dataset (see Section 2). We extracted
7,805 pairs of domains significantly enriched with their Enrich-
ment_ratio > 1 and P-value < 0.05, in which 5,796 pairs are en-
riched in the activation dataset and 2,009 pairs enriched in the



Fig. 1. The domain pairs contained in protein interactions.
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inhibition dataset. Since some of them only appear in the activa-
tion/inhibition dataset once or two times, we can filter the domain
pairs according to their appearing number. When the number of
domain pairs appearing in the activation/inhibition dataset re-
stricted with larger than 2, we obtained 2,949 pairs of domains sig-
nificantly enriched, including 2,091 pairs in the activation dataset
and 858 pairs in the inhibition dataset (Additional file 2). These
pairs of domains can be used as features to distinguish the regula-
tion relationship between protein interactions. In Table 1, we gave
a partial list of domain pairs enriched in the activation/inhibition
dataset. The relations of some domain pairs well match known
knowledge about signal transduction. For example, the regulation
relationship between proteins containing domain RasGEF and Ras
are always activation, with the Enrichment_ratio = 1.218 and P-
value < 0.05.
3.2. Model evaluation based on 5-fold cross-validation and the
independent test dataset

Classifiers based on the three methods (logistic regression, SVM
and naïve bayes) were trained with the activation dataset and the
Table 1
The partial list of domain pairs enriched in the activation/inhibition dataset.

Regulation relationship Domain A Pfam name Do

Activation PF00048 IL8 PF0
Activation PF05296 TAS2R PF0
Activation PF01748 Serpentine_recp PF0
Activation PF00229 TNF PF0
Activation PF01461 7tm_4 PF0
Activation PF07654 C1-set PF0
Activation PF01030 Recep_L_domain PF0
Activation PF00001 7tm_1 PF0
Activation PF00503 G-alpha PF0
Activation PF00069 Pkinase PF0
Activation PF07714 Pkinase_Tyr PF0
Activation PF07654 C1-set PF0
Activation PF01030 Recep_L_domain PF0
Activation PF00617 RasGEF PF0
Activation PF00617 RasGEF PF0
Inhibition PF00051 Kringle PF0
Inhibition PF03761 DUF316 PF0
Inhibition PF00653 BIR PF0
Inhibition PF03029 ATP_bind_1 PF0
Inhibition PF00019 TGF_beta PF0
Inhibition PF00688 TGFb_propeptide PF0
Inhibition PF00688 TGFb_propeptide PF0
Inhibition PF00097 zf-C3HC4 PF0
Inhibition PF00056 Ldh_1_N PF0
Inhibition PF02262 Cbl_N PF0
Inhibition PF02761 Cbl_N2 PF0
Inhibition PF00024 PAN_1 PF0
Inhibition PF00056 Ldh_1_N PF0
Inhibition PF00056 Ldh_1_N PF0
Inhibition PF00018 SH3_1 PF0
inhibition dataset. When we restricted the number of pair appear-
ing in the activation/inhibition dataset larger than 2, the activation
Enrichment_ratio of domain pairs larger than 1.2 and the inhibi-
tion Enrichment_ratio of domain pairs larger than 1.5, the number
of features decreased to 817. These selected features were used as
input to the classifiers to distinguish between the activation and
inhibition relationship in the test datasets.

Based on 5-fold cross-validation, we evaluated the performance
of three machine learning classifiers. The ROCs for the cross-valida-
tion results were shown in Fig. 2. The AUC of the methods based on
logistic regression, SVM and naïve bayes is 0.946, 0.905 and 0.809,
respectively. The logistic regression model has the largest AUC,
suggesting that it has a relatively high ability to predict the regu-
lation relations of protein interactions in the signaling network.

Furthermore, we applied the model based on logistic regression
to the protein interactions distilled from the human signaling net-
works (see Section 2). As a result, our classifier can distinguish
most of the protein interactions between activation and inhibition,
with accuracy 73.24%. Our method also achieved good perfor-
mance in multiple signaling pathways of human (see Table 2). Con-
sequently, it shows that the model based on domains can achieve
satisfactory results in the complex signaling pathways of human.
This model based on domains can be used to identify the regula-
tion relations between protein interactions and furthermore recon-
struct signaling pathways.
3.3. Application to the human proteome-wide interaction dataset

We collected human protein interactions from HPRD, DIP,
MINT, BIND database and the previous resources [19,20]. After pro-
cessing, we obtained 45,238 non-redundant interactions which
have corresponding Entrez Gene ID and not reported in protein
complex. These interactions composed the human proteome-wide
interaction dataset, most of regulation relations of which were un-
known. As an application, we used the method based on logistic
regression to comprehensively predict the regulation relations of
main B Pfam name Enrichment_ratio P-value

0001 7tm_1 1.218 0
0048 IL8 1.218 0
0048 IL8 1.218 0
0020 TNFR_c6 1.218 0
0048 IL8 1.218 0
7686 V-set 1.218 0
0008 EGF 1.218 0
0025 Arf 1.218 0
0001 7tm_1 1.218 0
7974 EGF_2 1.218 0
7974 EGF_2 1.218 0
0047 ig 1.218 0
7974 EGF_2 1.218 0
0071 Ras 1.218 0
1926 MMR_HSR1 1.218 0
0079 Serpin 5.584 0
0079 Serpin 5.584 0
0656 Peptidase_C14 5.584 0
0616 RasGAP 5.584 0
0019 TGF_beta 5.584 0
0019 TGF_beta 5.584 0
0688 TGFb_propeptide 5.584 0
0017 SH2 5.584 0
0071 Ras 5.584 0
0017 SH2 5.584 0
0017 SH2 5.584 0
0079 Serpin 5.584 0
8477 Miro 5.584 0
0009 GTP_EFTU 5.584 0
0097 zf-C3HC4 5.584 0



Fig. 2. ROCs of the classifier based on logistic regression, SVM and naïve bayes.

Table 2
The prediction results of the method in human classical signaling pathways.

Signaling pathways Accuracy (%)

MAPK signaling pathway 100
GnRH signaling pathway 100
B cell receptor signaling pathway 100
mTOR signaling pathway 75
VEGF signaling pathway 100
Cell cycle 90
Jak-STAT signaling pathway 100
ErbB signaling pathway 100
Apoptosis 66.67
Wnt signaling pathway 96.97
Fc epsilon RI signaling pathway 100
Adipocytokine signaling pathway 100
Insulin signaling pathway 100
T cell receptor signaling pathway 100
TGF-beta signaling pathway 86.96
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protein interactions in this dataset. Totally, 2,591 protein interac-
tions are predicted with their regulation relations, with 2,048 in
activation and 543 in inhibition. Then we compared the predicted
Fig. 3. The human protein interaction network marked with predicted regulation relat
predicted regulation relations. According to the predicted regulation relations, the prot
activation relations are marked with red lines, interactions predicted with inhibition mark
marked with black. (B) One cluster with predicted relations and known relations. (C) An
results with known signaling pathway databases. 235 predicted
interactions were present in known signaling databases, with accu-
racy 76.17%. The rest of interactions were firstly predicted with
regulation relations, which should be valuable resources to unveil
potential signaling pathways (Additional file 3).

As a result, we established the first predicted human interaction
network marked with regulation relations, including 1,544 pro-
teins and 2,591 interactions (Fig. 3A). From it, many potential sig-
naling pathways can be distilled. For example, two typical clusters
were given in Fig. 3B and C. These inferred pathways expand the
size of known signaling pathways and suggest new biological
mechanisms that are not currently present in signaling networks.
4. Discussion and conclusions

Regulation relationship is one of the most important features of
the protein interactions in signaling networks. The determination
of the regulation relations of protein interactions is crucial to re-
veal potential signaling pathways and construct signaling network.
Reconstruction of signaling networks from protein interactions
might be applied to understanding signaling transduction process,
complex drug actions, and dysfunctional signaling in diseased cells
[21].

In this paper, we proposed three methods based on logistic
regression, SVM and naïve bayes to infer the regulation relations
through protein interactions based on their corresponding do-
mains. Through the evaluation based on 5-fold cross-validation
and independent test dataset, the method based on logistic regres-
sion was proved to have higher sensitivity and specificity. Finally,
this method was applied to predict regulation relations in human
proteome-wide interactions and provided a global regulation rela-
tion annotation of the protein interaction network. As a conclusion,
this method can provide the comprehensive understanding for the
signaling network, and suggest new biological mechanisms that
are not currently present in signaling networks.

The limit of this method lies in that it cannot be applied to the
interacting proteins, if they do not contain domains. With more
biological data sources and more types of evidences integrated into
the classifier, this method will achieve better performance and
reconstruct larger sale signaling network.
ions and its two typical clusters. (A) The whole interaction network marked with
ein interactions are marked with different colors. The interactions predicted with
ed with blue lines, and those with known regulation relations in signaling databases
other cluster whose relations were all predicted as inhibition.
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