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Abstract: With recent development of bioinformatics, the importance of understanding protein
function has been widely acknowledged. Most proteins perform their functions by interacting with
other proteins. Hence, it is urgent to explore the protein-protein interaction (PPI). At present, the
prediction of PPIs is still a tough problem. Despite the fact that a variety of computational methods
have been proposed to identify PPIs; unfortunately, most of them are complex and with low accuracy. Traditional
methods extract features following two steps: firstly, they extract features from two proteins of a PPI; secondly, they
regard two features as strings, and do concatenation operator. Concatenation is an outcome of an addition operation on
strings. The concatenation operator increases redundancy features with the result being associated with the order of
concatenation. Based on this, in this paper, we study the features fusion and features selection. The presented framework
consists of three stages: in the first stage, we get the negative data set from off-the-shelf database. The reliability of
negative data set of previous studies has not been of concern to us. While in the second stage, the n-gram frequency
method was used to preprocess the PPIs sequences. The third one was applied to splice the final feature, and then the
features were selected to find the optimal feature. Finally, an effective parameter for the Random Forest Classifier was
selected. Experiments carried out on real data set showed that our features fusion method outperformed traditional
methods in terms of protein-protein interaction prediction. The encouraging results can be helpful for future research in
protein
function.
The
web
server
of
protein-protein
interaction
prediction
is
accessible
at
http://datamining.xmu.edu.cn/~zjcdm/Home.html.
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1. INTRODUCTION
Protein-protein interactions play essential roles in
biological processes. For the purpose of better understanding
life, health and illness [1, 2], it is necessary for functional
genomics to identify functions of proteins. However, most of
the proteins usually implement their functions by interacting
with other proteins. Therefore, in order to understand protein
function and cellular behavior of a cell [3], an effective
strategy is to build a map of the protein-protein interactions.
PPI identification is an essential component of understanding
protein functions and further study of a series of biological
processes. However, initially, it is a common practice to use
biologic approaches [4, 5] in combination with the general
methods for proteins as isolated entities to analyze large
scale PPIs networks. These kinds of researches are
significantly important because many complex system
functions seem more closely dependent on their interactions,
rather than to isolate them from the whole system [6, 7].
In the recent years, many high-throughput experimental
methods have been proposed to identify protein-protein
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interactions. But unfortunately, the high throughput
experiments have two obvious drawbacks: one is their often
over-reliance on the high false positives and false negatives
[8] and the other is that they are time-consuming and are
expensive. Therefore, it is urgent to find reliable and
effective computational approaches to promote the
identification of PPIs. Due to a wide range of sequence
information sources, sequences are usually employed for the
computational methods [9]. Shen et al. [10] proposed a
method for PPIs prediction based on support vector machine
(SVM) using the features extracted from the protein
sequences. Another sequence-based method was developed
by Guo et al. [11] through a new feature extraction method
by auto covariance (AC) and SVM to predict PPIs. The study
of Liu et al. [12] on PPIs is based on pseudo amino acid
(PseAA) composition and a feature selection frame with knearest neighbors (KNNs) learning algorithm. Wang et al.
[13] encoded proteins both at the amino acid level and gene
level, and then implemented SVM to validate the
performance of their predictor. All these methods are based
on the information of amino acid sequences showing great
potential that PPIs only use sequence information, without
any structural, functional or genomic information. For all
these methods, one important step is features extraction.
Most of the methods obtain features from every pair of PPI
separately, and then do concatenation operator [10-13].
© 2016 Bentham Science Publishers
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Although this method is easy to implement, the concatenation
operator increases redundancy features with the result being
associated with the order of concatenation. Therefore, a
strategy called features fusion was proposed to avoid the
shortcomings of concatenation [14, 15]. Based on this, we
attempt to reduce dimension to delete redundancy features.
In this paper, we obtained a more reliable negative data
set from MIPS (http://mips.helmholtz-muenchen.de/proj/ppi/
negatome/). Based on n-gram frequency [16, 17] through
three formulae three features and their combination were
generated, signifying four kinds of features in total. As
Random Forest (RF) classifier performs well in the case of
high-dimensional data and runs with high efficiency [18, 19],
RF was employed to evaluate the effects of those features,
after selecting a suitable parameter which is the number of
trees involved in RF. Experimental results on real data sets
demonstrate the efficiency and effectiveness of the proposed
model.
2. METHOD
2.1. Data Set Construction
There are several protein interaction databases that are
available, including mammalian protein-protein interaction
database (MIPS) [20], the pathway interaction database
(PID) [21], the biological general repository for interaction
datasets (BioGRID) [22] and the search tool for the retrieval
of interacting genes (STRING) [23]. In addition, species
specific interaction networks, such as the human protein
reference database (HPRD) [24], drosophila interactions
database (DroID) [25], the database of interacting proteins
(DIP) [26] and the yeast protein database (YPD) [27], are
also available. In this paper, the positive set comes from DIP
database. The DIP database makes full use of information
from all kinds of sources to create a reliable database of
PPIs. It provides an integrated tools set, for viewing and
extracting PPIs networks information for the scientific
community. As we only obtain 3962 non PPIs as negative
data sets in order to balance the whole data set, we chose
3962 pairs of PPIs from the database of 76126 PPIs to be
positive data set. The selection method is random.
Before the non-interacting proteins are readily available,
there are three strategies to construct the negative data
set that is used to affect the performance of different training
data sets. The first strategy is to generate non-interacting
proteins from the positive data set randomly [28]. The
second is that we deem that proteins have no interaction if
they are in different subcellular localizations. As for the
subcellular localization, information of the proteins can be
obtained from Swiss-Prot database. The third strategy is that
we use a series of artificial protein sequences to create noninteracting pairs. The strategy works as it had been
demonstrated that, after a sequence of a PPI shuffled the two
proteins, it can be determined that they do not interact.
In certain conditions [28], although the above three
strategies can be used for test, we tried to use a negative data
set called MIPS [29] (Munich information center for protein
sequences), which is different from the one we have
mentioned in positive data set. What we used is the
Negatome Database 2.0. The Negatome is a database of
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pairs-one proteins which are impossible to interact by direct
physical. At present, the source of the database mainly
contains two ways: manually annotated literature data and
the feature of protein complexes from the PDB. Both of them
have support from experiments. Our negative data set was
obtained from the part of Manual and PDB, being 3962 in
total.
2.2. Feature Extraction
Protein sequences contain much crucial information. In
this paper, feature extraction is done with an n-gram
frequency method based on protein sequences. N-gram
frequency method is developed from n-gram. At first, ngram is usually used in the domain, such as natural language
processing, text retrieval and categorization. It was first
proposed by Wu et al. to deal with sequence encoding and
then it was widely used in the field of bioinformatics [30].
The term n-gram is defined as n consecutive symbols,
which can be characters or words. As for protein sequences,
the n-gram are the set of all possible n consecutive amino
acids. The 1-gram represents 20 kinds of amino acids, and
the 2-gram refers to the 400 dipeptides (-D) [31]. By parity
of reasoning, the n-gram is n-peptides whose amount is up to
20n-D. The dimension of feature increases exponentially
with n. It can be quite large when n is more than 3. Then an
n-gram frequency method calculates the frequencies of every
fragment as its attributes to generate a 20n dimensions
feature. For example, there is a protein sequence like this:
MAHAGRTGYDNREIVMKYIHYKLSQRGYEWDAGDV
GAHYK. The 1-gram is amino acids in the protein sequence
ranging from A to Y. Dividing the occurrence times of each
1-gram by sequence length, a 20-D feature is obtained: [0.1,
0, 0.075, 0.05, 0, 0.125, 0.075, 0.05, 0.075, 0.025, 0.05,
0.025, 0, 0.025, 0.075, 0.025, 0.025, 0.05, 0.025, 0.125], as
is shown in Table 1. The n-gram is the same as the kspectrum [32], and close to the signatures [33]. The only
difference among them is that signatures do not take into
consideration the order of the adjacent amino acids.
Our method at the outset through the n-gram frequency
method combines the 1-gram, 2-gram and 3-gram features
together, containing 8420 attributes in total. In this paper,
based on the third kinds of features making different
contributions to the result, we attempt to multiply three kinds
of features by different weights, according to their
dimensions, to compare the results. Fig. (1) shows the
flowchart of the process that we obtain for the weighted
8420-D feature.
Sequences are input and processed by counting numbers
of n-grams, calculating frequencies and combining them.
Finally, FV1-FV8420 is output as preprocess feature vectors.
We obtain the features of each PPI by the method
mentioned above, with both of them having 8420 attributes.
In previous studies, most of the features came from the
combination of two kinds of proteins. Sometimes, the
conclusion is changed by the order of combination. Based on
this, features fusion is proposed to avoid the orderpreference.
As given in Fig. (1), an n-gram frequency method is
calculated by multiplying each feature obtained from n-gram
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Table 1.

An example for the 1-gram frequency method.
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Fig. (1). Process of the n-gram frequency method.
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by the sum of features, which is the total of the occurrence of
each feature. Following the rest of the flow chart, through
the n-gram frequency method we obtain the 1-gram, 2-gram
and 3-gram features. In this paper, based on the three kinds
of features making different contribution to the result, we
attempt to multiply the three kinds of features by different
weights. For different n in n-gram, the weight is calculated
20 n
. The final feature is 8420-D vector.
as
8420
In order to make full use of the sequence information, we
come up with some methods to synthesize the features of the
pair of proteins. The concrete steps are shown in Fig. (2).

Fig. (2). Process of the feature extraction method.
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The output Feature 1 from Fig. (1) as input data of Fig.
(2). Calculating by three kinds formals and make combine as
final feature.
Assuming there is an interaction between protein A and
protein B, reaching the result by the n-gram frequency
method, which are feature A and feature B. Ai (1<= i <=
8420) and Bi (1<= i <= 8420) are instead attributes from
feature A and feature B separately. Ci (1<= i <= 8420) is
regarded as the attribute feature C resulting from the
formulas (1), (2) and (3), and we called them Average, 2norm and Relevance:
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Average: Ci =

Ai + Bi
2

(1)

2-norm: Ci =

Ai 2 + Bi 2

(2)

( Ai + Bi )
Relevance: Ci =

2
Ai 2 + Bi 2

(3)

If the number of Ai and Bi is both equal to 0, we
stipulate the value of formula (3) as 0.
2.3. Feature Selection
Inspired by Dong et al. [34], features coming from the
three formulas were combined into one feature. This new
feature is 25260-D. The dimension is so large that it contains
a lot of redundancy information, which will cost the
classifier more extra time to analyze. Therefore, it is
necessary to reduce its dimensions [34, 35]. The method
called mRMR was introduced by Ding et al. [36] and Peng et
al. [37]. The mRMR is defined as the minimal-redundancymaximal-relevance criterion to select features. It contains
two components: Minimal redundancy means to select a new
feature from rest set which can reduce the redundancy of
feature subset, while the maximal relevance means to select
features which have the closest relevance with target class.
In our contribution, each dimension was regarded as a 1-D
feature, thus each protein has been encoded as a 25260-D
vector in this study. The dimension is so high that we
doubled some features’ contribution for prediction that were
already covered by other features, i.e., there were some
redundant features in the feature set. Through the mRMR we
can obtain top k features in the 25260-D vector in the light of
the mRMR criterion scores. The mRMR program we used in
this paper is accessible at http://penglab.janelia.org/proj/
mRMR/.
The cost of time is worth noting if the features are
selected after combination. Time consuming caused by high
dimension cannot be ignored, so a compromising strategy
was adopted. Three features were combined after reducing
the dimensions separately. This method can not only
improve the efficiency dimension reduction but also fully
guarantee a fair combination of information coming from the
three formulas, and will not cause an imbalance of information
integration.
The feature selection method mRMR has two ways:
mutual information difference (MID) and mutual information
quotient (MIQ). In this paper, we try to reduce the dimension
of feature in different levels by using MID in order to find
out the optimal features set; the data and results will be
described later.
2.4. Classifier
In this paper, a classifier called random forest (RF) was
utilized, which is a classifier containing multiple decision
trees, and the category of its output is determined by the
majority of categories of output by its decision-trees.

On a macro level, RF is a combination of some decision
trees, so that for each tree in RF, predicting system just relies
on the examples being sampled independently from the
training set; however, for all trees, they are in the same
distribution [38]. Different to the algorithm of AdaBoost,
Random Forests use a fixed probability distribution instead
of a flexible one to generate random vectors. RF adopting
decision tree is a special case, in which we gain n samples in
n times which are replaced from all available training sets. In
our research, we use a data mining tool which is called
WEKA (Waikato Environment for Knowledge Analysis)
[39, 40], which is an ensemble package of machine learning
algorithms including Random Forests to implement our
classifier algorithm.
3. RESULTS AND DISCUSSION
As described in the part “Feature Extraction Method”, we
get the features from the Average, the 2-norm and the
relevance based on `n-gram frequency method. In order to
make full use of the information from protein sequences and
to avoid the order of the combination, features fusion
technology was utilized to gain feature. RF was chosen as
classifier and the WEKA was used with 10-fold cross
validation tests to evaluate the effects of our feature.
We employed RF classifier with parameter t containing
20 trees to test the Average, the 2-norm, the Relevance and
their combination by two ways. The accuracy of different
dimensions is shown in Table 2. From the last line of Table
3, we can see that before reducing features, the prediction
accuracy of combination is higher than separate prediction.
The result can prove the effectiveness of our strategy which
combines the Average, the 2-norm and the Relevance. As
shown in Table 2, the prediction accuracy of every
dimension of the 2-norm is higher than the Average and the
Relevance. This suggests that the 2-norm contributes
significantly to the synthesis of feature, followed by the
Average, with the Relevance being the least.
Fig. (3) describes the trend of the accurate rate of
variation with different dimensions. As can be seen from this
cure graph, the prediction accuracy has risen a bit in 8000-D,
and then although there are ups and downs between 8000-D
and 400-D, as a whole it is declining. The reason for increase
in 8000-D is after feature selection to delete redundant
features, thereby improving the accuracy and efficiency of
classification. On the contrary, continuing with feature
selection deletes many valuable features, whereas decreasing
the feature contributes to classification and reduces accuracy.
The statistics lead us to the conclusion that the number of
dimension being 8000-D is the best to improve accuracy.
Although at 8000-D there is highest accuracy, though it
would be worthless for a large data set. As can be seen from
Fig. (3), with the decrease in the number of feature, the
lowest accuracy is still more than 93%, facilitating to find a
suitable dimension for large scale data prediction. As the
result shows from Fig. (4), despite the accuracy continuing to
drop with the decrease in dimension, the lowest accuracy at
50-D remains more than 91%, which is an acceptable result
for large scale data prediction.
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Table 2.
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Prediction accuracy of different dimension of different feature.

Dimension (Combination Should *3)

Average

2-Norm

Relevance

Combination

400

94.1696%

94.7627%

93.2484%

94.4599%

800

94.6365%

95.0656%

93.9677%

94.4977%

1200

94.8763%

95.1413%

94.2958%

95.3433%

1600

95.0404%

95.5452%

94.7249%

95.0025%

2000

95.0909%

95.6588%

94.6492%

95.0151%

2400

95.2423%

95.6714%

95.0025%

95.6461%

2800

95.6209%

95.8228%

94.8763%

95.3685%

3200

95.7597%

95.9364%

95.1035%

95.4316%

3600

95.5073%

95.8733%

95.1035%

95.8985%

4000

95.5578%

96.1509%

95.0909%

95.6840%

4400

95.6840%

95.9995%

95.0025%

96.1131%

4800

95.8354%

96.1257%

95.4821%

95.9490%

5200

95.8607%

96.0752%

95.1035%

95.9112%

5600

95.9112%

96.1131%

95.4695%

96.1257%

6000

96.3276%

96.1762%

95.2928%

96.0247%

6400

95.8607%

96.1005%

95.5073%

95.7976%

6800

95.8102%

96.0500%

95.4568%

96.2140%

7200

96.1762%

96.2519%

95.4568%

96.1131%

7600

96.0374%

96.1762%

95.1035%

95.9112%

8000

96.2014%

96.4791%

95.5452%

95.8985%

8420

96.0752%

95.9490%

95.4316%

96.2898%

Fig. (3). The trend of the accurate rate of variation with different dimension.
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Fig. (4). The trend of the accurate rate between 100-D and 400-D.

Previous research has explained that the performance of
the RF classifier is highly dependent on the number of
decision trees used [38]. To find out the best parameter, we
tested some numbers between 20 and 260. The evaluation
results are still measured with a 10-fold cross validation test
and we chose 8000-D features. With the increase in the
number, the trend can be seen in Fig. (5).
Although the RF classifier has its advantage of being
stable, slight deviations caused by vectors selected randomly
always exists. From Fig. (5), we can see clearly that the
numbers between 20 and 40 present rising trend, and the
maximum appears at number 140, where the combination
can reach 97.24%. Over the numbers from 140 to 160, the
accuracy almost remains steady, because the relevance even

Fig. (5). The performance of RF with different trees.

appeares to decline. Although in number 240, accuracy of
the combination reaches the highest, being 97.32%, out of
consideration of the time of classification, we draw the
conclusion that 140 is the selected parameter for RF
classifier to obtain better accuracy.
CONCLUSION
Prediction of PPIs has been a basic independent subject
and many people tried hard to make it more accurate in order
to facilitate more in-depth research. In this paper, we
improve the prediction result by three aspects: the reliable
data set, a novel features fusion method and efficient features
selection. The advantage of our method is that at the stage of
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features fusion, the redundancy of features is reduced. But
too much time is required for features selection if the data is
of large scale.
In this work, a negative data set was utilized which is
more reliable than that built by artificial methods. Then, ngram frequency method was employed to encode proteins,
and four kinds of features by three formulas and their
combination were generated. To evaluate the effects of those
features, we adopted the Random Forest classifier to gain
accuracy of prediction. We optimized the RF classifier by
selecting a suitable parameter which was the number of trees
involved in RF. Finally, our classification accuracy obtained
an acceptable result. In conclusion, our current work has
evidently improved the prediction accuracy of PPIs, which
will contribute to other similar works in this field.
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