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Abstract. Theprotein-protein interactions (PPIs) are generally assumed
to be mediated by domain-domain interactions (DDIs). Many computa-
tional methods have been proposed based on this assumption to predict
DDIs from available data of PPIs. However, most of the existing methods
are generative methods that consider only PPI datawithout taking into ac-
count non-PPIs. In this paper, we propose a novel discriminative method
for predictingDDIs from bothPPIs and non-PPIs, which improves the pre-
diction reliability. In particular, the DDI identification is formalized as a
feature selection problem, which is equivalent to the parsimonious prin-
ciple and is able to predict both DDIs and PPIs in a systematic and ac-
curate manner. The numerical results on benchmark dataset demonstrate
that formulating DDI prediction as a feature selection problem can predict
DDIs from PPIs in a reliable way, which in turn is able to verify and further
predict PPIs based on inferred DDIs.

Keywords: Discriminative approach, domain-domain interaction, fea-
ture selection, protein-protein interaction.

1 Introduction

Proteins exert their functions by interactingwith each other [1].Generally, one pro-
tein interacts with its partner by binding one of its domains to the domain(s) in its
target protein. In other words, proteins interact with each other through domain-
domain interactions (DDIs) [2] [3]. Recently, many computational methods have
been proposed to identify domain interactions from protein interactions. For ex-
ample, Sprinzak and Margalit [4] proposed the Association method for predicting
domain interactions based on the frequency of observed protein interactions that
contain the pair of domains. Deng et al. [5] presented a maximum likelihood esti-
mation (MLE) method as well as an Expectation-Maximization (EM) algorithm
to infer underlying domain interactions from protein interactions. Liu et al. [6]
combined protein interactions from multiple species to identify interacting domain
pairs. Riley et al. [7] developed a new method, namely Domain Pair Exclusion
Analysis (DPEA), to predict domain interactions based on all of the protein in-
teractions from Database of Interacting Proteins (DIP) [8], where a new score,
i.e. E-value, is developed to assess the contribution of each possible domain pair
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to the likelihood of a set of observed protein interactions. It is shown that the
DPEA method outperforms both MLE [5] and Association method [4]. Recently,
Guimaräes et al. [9] developed a linear programming model, namely Parsimonious
Explanation (PE), to predict domain interactions based on the parsimonious prin-
ciple with the assumption that a given set of protein-protein interactions are ac-
complished through the minimal set of domain interactions. The PE method is
shown to outperform DPEA [7], Association [4] and MLE [5] based on numeri-
cal simulations. Moreover, Lee et al. [10] developed a Bayesian approach to pre-
dict high confidence domain interactions based on the integration of multiple data
sources from multiple species, where the integration of multiple data sources sig-
nificantly improves the prediction accuracy comparedwith single data source anal-
ysis.

The methods described above assume that protein interactions are mediated
by domain-domain interactions, and they try to identify the DDIs underlying the
PPIs. Despite the success on specific datasets, most of the existing computational
methods are generative methods, where a model is constructed based on the
protein-protein interaction data with the assumption that proteins interact with
each other through domain-domain interactions. However, the existing methods
use only available data of PPIs without the consideration of the non-PPIs, which
may result in imbalance problem of information [11] [12]. Since the proteins are
assumed to interact through domain interactions, domain pairs occurring in the
non-PPIs are more likely false DDIs [7]. Therefore, the non-PPI data can provide
insight into the domain interaction.

In this paper, we proposed a novel discriminative approach, namely domain
interaction prediction in a discriminative way (DIDD), to predict domain in-
teractions based on protein interactions. Different from the existing methods,
both PPIs and non-PPIs are considered in DIDD, thereby not only alleviating
the imbalance problem of information but also improving prediction accuracy.
In particular, DDI prediction is formulated as a feature selection problem in ma-
chine learning, which is in consistent with parsimonious principle that protein
interactions are accomplished through the minimum set of domain interactions.
In feature selection, the possible domain pairs are assessed according to their
contributions to the discrimination between PPIs and non-PPIs. The proposed
method is able to predict DDIs based on PPIs, which in turn can predict and
verify PPIs based on the inferred DDIs, i.e. selected features in this case. The
numerical results on benchmark datasets demonstrate the effectiveness and effi-
ciency of the proposed method.

The rest of the paper is organized as follows: Section 2 describes the meth-
ods that are proposed for identifying DDIs from PPIs; Section 3 presents the
numerical results on benchmark dataset; The conclusions are drawn finally.

2 Methods

The idea behind DDI identification in PPIs is that PPIs are mediated by DDIs.
Therefore, the domain pairs that best discriminate PPIs and non-PPIs are more
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likely the true DDIs. The PE [9] method assumes that the given protein interac-
tions can be approximately accomplished by the minimum set of domain-domain
interactions, which is in consistent with the idea behind feature selection that
tries to find out as few informative features (e.g. DDIs) as possible for classifica-
tion (e.g. discrimination between PPIs and non-PPIs). However, feature selection
works in a discriminative way that take into account non-PPIs. Therefore, higher
prediction accuracy is expected.

2.1 Feature Vector Construction

The discrimination between PPIs and non-PPIs is actually a binary classification
problem. To utilize the discriminative methods, the positive samples (i.e. PPIs)
and negative samples (i.e. non-PPIs) should be represented as feature vectors. In
this work, each sample is a protein pair (either interacting pair or non-interacting
pair) and is represented as a vector. The positive samples are PPIs from protein
interaction database, whereas the negative samples are protein pairs that are ran-
domly generated except the known PPIs. The rationality behind the method gen-
erating negative samples is that only one out of six hundred randomly generated
protein pairs is possibly the true PPI, and this method has also been employed
widely in the literature [13] [14]. For the PPIs, all the possible combinations of
two domains are found and kept in order, where each domain pair exists in at
least one interacting protein pair. After getting all the domain pairs, each sample
is represented as a feature vector, where the feature value is 1 if the corresponding
domain pair occurs in the sample and otherwise 0.

2.2 Classifier

After constructing the feature vectors, we need to design classifier to discrimi-
nate the PPIs from non-PPIs. It can be seen that the vectors generated above
have following properties: 1) sparse content, i.e. most of the feature values are
0; 2) high dimension due to the large number of possible combinations among
domains; 3) few positive samples but large number of negative smaples. There-
fore, the conventional classifiers such as Support Vector Machines and Nearest
neighbor classifier cannot be used here.

In this paper, we designed a simple classifier to discriminate PPIs from non-
PPIs based on the specific data structure and the assumption that DDIs mediate
PPIs. For a given protein pair vector xi, the class label yi corresponding to it
can be defined as:

yi =

{
1, if

∑
j xij ≥ 1,

−1, otherwise,
(1)

where xij is the value of the jth feature in the ith sample. The idea behind the
classifier is that if the domain combination corresponding to xij is the true DDI
and the protein pair xi contains the domain combination (i.e. xij = 1 in this
case), then the protein pair xi is an interacting pair and yi = 1 accordingly.
Since the classifier does not involve any model training procedure, there is not
any problem of overfitting.
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2.3 Feature Selection

Given a set of PPIs and non-PPIs, we want to find out which domain combina-
tions mediate the PPIs, i.e. the putative DDIs. With the constructed vectors and
the assumption that PPIs are mediated by DDIs, we can formulate DDI predic-
tion as a feature selection problem. In feature selection, the purpose is to find
out as few informative features as possible to build a reliable and accurate learn-
ing model. In this case, feature selection aims to find out the domain pairs that
discriminate PPIs from non-PPIs. It can be seen that the idea behind feature
selection is equivelant to the parsimonious principle that the domain-domain
interactions are well approximated by the minimum set of DDIs mediating the
given set of PPIs [9]. However, non-PPIs are also taken into account in this work.
The domain pairs kept in feature selection are assumed to be the putative DDIs.

Considering the specific data structure and imbalance between positive and
negative samples, the unbalanced correlation score proposed in [15] is utilized to
rank the features, which is defined as:

sj =
∑
yi=1

xij − λ
∑

yi=−1

xij (2)

where sj is the score for the jth feature, yi is the label for sample xi, xij is the
value for the jth feature in vector xi, and λ is a penalty parameter to punish the
occurrance of the feature in negative samples. Generally, a large value is adopted
for λ, e.g. λ = 5 in this work. The higher the score sj is, the higher feature j
is ranked. The idea behind the method is that the more frequently the feature
occurs in positive samples and less in negative samples, the more informative it
is, thereby more likely true DDIs.

2.4 Performance Evaluation

To see the performance of the classifier, the following measures are adopted in
this work, including precision, recall, F1-measure:

precision =
TP

TP + FP
(3)

recall =
TP

TP + FN
(4)

F1 =
2 ∗ precision ∗ recall

precision + recall
(5)

where TP means the number of positive samples that are predicted correctly, FN
means the number of positive samples that are predicted as negative samples,
FP means the number of negative samples that are predicted as positive samples,
and FP means the number of negative samples that are predicted correctly.
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3 Results and Discussion

To test the performance of the proposed method, the DIDD method was applied
to predict DDIs based on a set of protein-protein interactions from 69 organisms,
which was constructed by Riley and colleagues [7]. This dataset is denoted as
“Riley test set” here, and was also used by the PE method [9]. The Riley test set
contains all the protein interactions from DIP database [8], and domains were
assigned to proteins by employing the Pfam hidden markov model profiles [16].
Note that only Pfam-A domains were assigned to the proteins here. Table 1 lists
the datasets used in this work, where PPI denotes protein-protein interactions,
DDI denotes domain-domain interactions, proteins are proteins involved in PPIs,
and number represents the number of PPIs, non-PPIs, proteins and potential
DDIs used in this work.

Table 1. The datasets used in this work

PPIs non-PPIs Proteins Potential DDIs

Number 26,032 11,651,400 11,403 27,617

The DIDD method was first applied to predict the DIP protein interactions
by selecting informative features (i.e. domain pairs), where the unbalanced cor-
relation score [15] was employed in feature selection. This procedure continues
until the prediction accuracy does not improve any more. Consequently, the do-
main pairs corresponding to the selected features were seen as putative DDIs.
With the iPfam dataset as the gold standard, we compared DIDD with previous
methods, i.e. DPEA and PE methods, with respect to precision and recall, where
the results by PE are those predicted with PPI reliability of 50% and pw-score
≤ 0.01, and the top 3005 predictions by DPEA are seen as its predictions. For
fair comparison, only the predictions by PE and DPEA that involve Pfam-A
domains are considered. In particular, we investigated the number of difficult
predictions by different methods as described in [9] and [7], where the necessity
of assessing predictions with respect to the difficulty has been justified in [7]. In
this work, the definition of difficult prediction described in [9] was adopted to
validate the proposed method, and a DDI is assumed to be difficult to predict if
the domain pair is not contained in any single-domain interacting protein pair.
Table 2 summarizes the prediction results by different methods on this dataset.
From the results, we can see that the DIDD method outperforms the other two
methods. Especially, DIDD can predict more difficult tasks compared with other
two methods. The results clearly demonstrate the prediction power of the pro-
posed method especially on difficult gold standard pairs, and thereby is a good
complement to existing methods. Furthermore, the results also demonstrate that
the non-PPIs can really help to improve the prediction accuracy.

In addition, to test the performance of DIDD, the datasets from DOMINE [17]
database were employed to test how much of our predictions can be validated by
at least one other existing computational method. DOMINE is a database that
contains known and predicted domain interactions, including DDIs from 3DID
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Table 2. Comparison of different methods on DDI prediction based on Riley test set

method precision recall difficult predictions

DPEA 10.21% 23.63% 5
PE 12.21% 29.63% 75
DIDD 20.80% 29.76% 157

Table 3. Comparison of various methods on Riley test set, where percentage means the
percentage of predictions that can be validated by at least one other existing method.

Methods DIDD DPEA+PE RCDP Bayesian

Percentage 50.71% 23.80% 39.60% 41.50%

Table 4. Performance of various methods in predicting PPIs based on inferred DDIs
for the Riley test set

Methods precision recall F1

DIDD 100.00% 6.07% 11.44%
DPEA 3.30% 16.24% 5.48%
PE 3.68% 19.19% 6.17%

[18], iPfam [19] and those predicted by different computational approaches. In
this example, the DIDD method was compared against DPEA [7], PE [9], RCDP
[20] and Bayesian approach [10]. Table 3 shows the comparison of various meth-
ods on how much of their prediction can be validated by at least one other
existing computational method, where the statistics of the other methods are
from the DOMINE database [17]. From the results, we can see that most of our
predictions have been validated by at least one other computational method and
has higher prediction accuracy compared with other methods, which confirms
the efficiency and effectiveness of DIDD. In the DOMINE [17] database, each
predicted or known DDI is associated with a confidence score. To see the perfor-
mance of DIDD, we further investigated how much of the our predictions have
high confidence scores. Figure 1 shows the distribution of confidence scores for
the predictions by DIDD, where we can see that a relatively small number of our
predictions have low confidence scores, which clearly demonstrate the prediction
power of DIDD.

In addition, to validate the predicted DDIs by the proposed method, we pre-
dicted PPIs based on the inferred DDIs. In addition, DIDD was compared against
PE and DPEA in predicting PPIs based on the inferred DDIs to test the predicted
DDIs. In this work, the classifier and samples (i.e PPIs and non-PPIs) used by
DIDD were employed to test the predicted DDIs by PE [9] and DPEA [7], where
the inferred DDIs were treated as the selected features as described in Methods.
Table 4 shows the comparison of performance of various methods in predicting
PPIs based on inferred DDIs. From Table 4, it can be seen that the proposed DIDD
method outperforms other existing methods in discriminating the PPIs and non-
PPIs based on inferred DDIs. The DIDD method got high precision means that
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High Confidence

Medium Confidence

Low Confidence

Prediction results validated in DOMINE

Fig. 1. Distribution of confidence scores for the predictions by DIDD on Riley test set

most of its predictions are true DDIs, while a low recall means that DIDD only pre-
dict a small number of domain pairs as domain interactions. The results demon-
strate that the DDIs predicted by DIDD are more possibly the true DDIs that
mediate PPIs compared against other existing methods, which confirms the effec-
tiveness and efficiency of DIDD in predicting DDIs from PPIs. Furthermore, the
DIDD can also validate and predict PPIs based on the inferred DDIs.

4 Conclusions

Understanding PPIs at domain level can provide insight into protein function
and evolutionary history of PPIs. In this paper, a novel method, namely domain
interaction prediction in a discriminative way (DIDD), is presented for predicting
DDIs from data of available PPIs. Unlike existing methods, DIDD considers both
PPIs and non-PPIs. Since PPIs are typically assumed to be mediated by DDIs,
the domain combinations occurring in the non-PPIs are more possibly false DDIs.
Therefore, higher prediction accuracy is expected for DIDD by taking non-PPIs
into account. In particular, in this work, DDI prediction is formalized as feature
selection, which is in consistent with parsimonious principle that DDIs can be
approximated by the minimum set of DDIs that mediate the given PPIs [9].
By selecting the informative features, DIDD can predict those DDIs that really
mediate the given PPIs, and in turn help to verify and predict PPIs based on
the inferred DDIs. The results on benchmark data prove the predictive power
of our method. In addition, the overlap between the predictions by DIDD and
published results demonstrate the effectiveness and efficiency of the proposed
method.
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