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Abstract A novel method is proposed for predicting
protein—protein interactions (PPIs) based on the meta
approach, which predicts PPIs using support vector
machine that combines results by six independent state-of-
the-art predictors. Significant improvement in prediction
performance is observed, when performed on Saccharo-
myces cerevisiae and Helicobacter pylori datasets. In
addition, we used the final prediction model trained on
the PPIs dataset of S. cerevisiae to predict interactions in
other species. The results reveal that our meta model is
also capable of performing cross-species predictions. The
source code and the datasets are available at http://home.
ustc.edu.cn/ ~ jfxia/Meta_PPLhtml.
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Introduction

Protein—protein interactions (PPIs) play important roles in
most cellular processes, such as transcription regulation,
signal transduction (Zhao et al. 2008a), and recognition of
foreign molecules. Knowledge of PPIs can provide insight
into protein functions (Zhao et al. 2008b, c), lead to a better
understanding of disease mechanisms and suggest novel
methods for designing drugs that modulate specific disease
pathways. Although high-throughput technologies have
opened new prospects to systematically identify PPIs, the
interaction networks currently detected are far from com-
plete. In addition, these approaches suffer from both false
negatives and false positives, therefore, there is a strong
motivation to develop computational approaches to com-
plement experimental methods.

Methods for inferring PPIs (Pitre et al. 2008) using
a variety of data sources such as the genomic context
(Enright et al. 1999), protein domains (Chen and Liu 2005;
Xia et al. 2007), and protein structures (Lu et al. 2002) have
been explored. There are also approaches that integrate
different types of data such as Bayesian method (Jansen
et al. 2003) and kernel based method (Ben-Hur and Noble
2005). However, these methods are not universal, because
they depend on the prior information of the protein pairs.
Recently, a unique category of prediction methods that use
protein sequence information alone to infer PPIs has been
put forward, and the results have demonstrated their fea-
sibility (Bock and Gough 2003; Chou and Cai 2006; Guo
et al. 2008; Martin et al. 2005; Shen et al. 2007; Shi et al.
2010; Xia et al. 2010; Yang et al. 2010). Nevertheless,
most of these methods are not robust and reliable in some
cases because they just use one single classification system
(Chou and Shen 2007a, b; Nanni 2005; Nanni and Lumini
2006; Shen and Chou 2007; Liu et al. 2008). On the other
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hand, with the number of prediction methods available
increasing rapidly, the meta method has been proved to be
more effective compared to individual classifiers in many
fields (Bujnicki et al. 2001; Ishida and Kinoshita 2008;
Saini and Fischer 2005).

Here, we report a meta method for improving the quality
of PPI prediction. Our method predicts PPIs by integrating
the results of six excellent sequence-based methods.
Empirical studies have shown that our method yields better
prediction accuracy than those individual methods used in
the meta predictors when performed on Saccharomyces
cerevisiae datasets. We also evaluated the final prediction
model by preparing the cross-species data as the test set,
which further demonstrates the effectiveness of our method.

Materials and methods

We evaluated the performance of the proposed approach
using the data (please see supplementary material) as
investigated in Guo et al. (2008).

To adopt meta method, six single sequence-based clas-
sifiers are constructed by combining different feature rep-
resentation methods and support vector machine (SVM).
Here we used auto covariance (AC) (Guo et al. 2008),
conjoint triad (CT) (Shen et al. 2007), local descriptor (LD)
(Yang et al. 2010), Geary autocorrelation (GA) (Sokal and
Thomson 2006), Moran autocorrelation (MA) (Xia et al.
2010), and Normalized Moreau-Broto autocorrelation (NA)
(Feng and Zhang 2000) as feature representation methods.
These feature representation methods (see supplementary
material) were selected according to their prediction
accuracy in previous studies.

Construction of single classifier

After different types of features for describing amino acids
have been built to represent each protein pair, six predic-
tion models are constructed based on SVM. They
are termed AC-SVM, CT-SVM, LD-SVM, GA-SVM,
MA-SVM and NA-SVM, respectively. The LIBSVM
package (Chang and Lin 2001) was employed in this work
to implement each individual predictor. The Gaussian
Radial Basis Function kernel was exclusively used in the
computations based on previous studies.

Meta prediction

Meta approach aims to improve the performance by pool-
ing the predictions made by many individual predictors.
The basic architecture of the proposed meta predictor is
shown in Supplementary Fig. S1. Our meta prediction is
built on the basis of six individual predictors and comprises

@ Springer

two main steps. Firstly, the input amino acid sequences of a
protein pair are submitted to each component predictor,
and the prediction decision values of SVMs from all pre-
dictors are collected. In this study, we used the above six
individual predictors. Because SVM is a binary classifier,
the SVM outputs two-state prediction results. However, the
decision values of the SVM can be used as the prediction
results for those component predictors. In fact, the decision
value is the distance between each input vector and the
decision plane. In general, a higher decision value indicates
a more reliable prediction (Vapnik 1999). So it can be used
to evaluate the reliability of the prediction. As a result,
each predictor will perform its own prediction for each
protein pair, and then the decision values of the SVMs for
these predictors are obtained as the input vector of meta
predictor. In the second step, the decision values of each
protein pair from different predictors are collected and
converted to an input vector for the meta predictor. Thus,
the dimension of the input vector for the meta predictor
corresponds to the number of individual predictors. Since a
simple meta approach such as using a consensus or aver-
aging the results of component predictors would be insuf-
ficient in this work, we still adopted SVM as the meta
predictor in this study and employed the LIBSVM package
to implement the meta predictor.

Results and discussion
Assessment of prediction capability

In order to achieve good experimental results, the capacity
parameter C and the kernel parameter y of the SVMs in the
six component predictors and the meta predictor were tried
using a grid search method in the range of C =272
2_1,..., 28 and Y = 2_6, 2_1,..., 22, respectively. Consid-
ering the numerous samples used in this work, five fold
cross-validation was used to investigate the training set,
which can minimize the overfitting of the prediction model.
The detailed values of C and y of the six component pre-
dictors and meta predictor can be seen in the Supplemen-
tary material. Using the optimal parameters of C and 7, the
PPI meta prediction model was built using the training set,
and the performance of this model was evaluated by the
test set. In order to test the robustness of the method, this
process has been repeated five times using five training set
and five test set as described in supplementary material.
Table 1 illustrates the average prediction performance
of the meta predictor and other individual predictors across
five runs. The meta method yields a PPI prediction model
with the average sensitivity, precision and accuracy of
90.81, 94.38 and 92.70%, respectively. The average
sensitivity, precision and accuracy of the individual
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Table 1 The average prediction results of the test sets by the meta
predictor and other six individual predictors across five runs

Methods SN (%) PE (%) ACC (%) MCC (%) AUC (%)
AC-SVM 8679 9045  88.81 77.69 95.45
CT-SVM 8895  92.18  90.70 81.45 96.43
LD-SVM 8737  89.50  88.56 77.15 95.07
GA-SVM 8382 8684  85.55 71.15 92.49
MA-SVM 8682  90.61  88.90 77.88 95.35
NA-SVM 8671  89.98  88.52 77.10 94.98
Meta 90.81 9438  92.70 85.47 97.71

component predictors were also calculated. It can be found
that among the methods based on autocorrelation, the
performance of MA-SVM method is better than the other
two methods (i.e. NA-SVM and GA-SVM methods),
which leads to the same conclusion as our previous study
(Xia et al. 2010). Compared to other five individual mod-
els, the CT-SVM model achieves the best performance.
The average prediction sensitivity, precision and accuracy
are 88.95, 92.18 and 90.70%, respectively, which indicate
that this model is indeed successful in predicting interac-
tions using the conjoint triad method to describe the
information of PPIs. However, the performance of meta
predictor is better than the most accurate component pre-
dictor. The sensitivity, precision and accuracy values
obtained from the meta classifier are 1.86, 2.2 and 2%
higher than the CT-SVM model, respectively. This result
shows the superiority of our meta model compared to any
individual predictor. To better investigate whether or not
the meta classifier can improve the performance of PPI
prediction compared with the individual classifiers in the
meta system, we drew the ROC curves of the test set for the
meta method and the six individual methods (Supplemen-
tary Fig. S2). The curve of the meta predictor shows higher
prediction performance on the whole range of FP rates, and
it yields an AUC score of 97.71% and a MCC value of
85.47% (as shown in Table 1). These values are superior to
those obtained from other prediction methods we exam-
ined. In other words, the meta predictor can decrease both
false negatives and false positives compared to other
methods. The results illustrate that the meta model is an
accurate and efficient method for the prediction of PPIs. To
sum up, we can readily conclude that as an ensemble
classifier, the meta approach outperforms the excellent
component classifier such as CT-SVM and AC-SVM with
higher discrimination power.

Performance on independent dataset

As the meta model produced a good performance, we
switched to evaluate the practical prediction capability of

our approach. Firstly, we constructed the final prediction
meta model using the whole data set (11,188 protein pairs)
with the optimal parameters. And then the prediction per-
formance of the final meta predictor was evaluated using
a large independent data set (Guo et al. 2008) to obtain
a more reliable assessment. These data consist of 10,920
non-interacting pairs in the same subcellular compartments
(i.e. cytoplasm, endoplasmic reticulum, golgi apparatus,
peroxisome and vacuole) and 11,474 interaction pairs.
Supplementary Table S4 shows the comparisons of the
results for different methods on independent dataset. The
prediction performance, i.e. accuracy, sensitivity, preci-
sion, MCC and AUC achieved by the meta predictor are
87.36, 95.87, 78.42, 82.36 and 96.96%, respectively. It can
be found that it is capable of improving the predictions of
the other five individual methods, by increasing the AUC
of 7.38, 5.25, 3.31, 9.02, 10.88 and 11.97% points. Inter-
estingly, the sensitivity of our previous proposed method,
i.e. LD model, is 100%, which means that all interaction
pairs are predicted correctly. Although LD model could
correctly identify interaction pairs, it makes more false
positive (i.e. the non-interaction pairs incorrectly predicted
as interaction pairs) predictions (precision = 73.90%)
compared with the meta predictor (precision = 78.42%).
The MCC and AUC of our meta model are 2.26 and 3.31%
points higher than that of LD model, respectively. From
these analyses, we observed that the meta method gives
remarkably better prediction performance when compared
to LD model. All these results demonstrate that our pro-
posed method is able to achieve better performance on
independent dataset.

Performance on cross-species dataset

In another validation, we tested the ability of our method
for predicting PPIs in one species using the interactions
from different species. Our model was trained on the
S. cerevisia core subset in the DIP database; therefore, we
chose the other four species in this database as our cross-
species test dataset. The performance of the meta method
in predicting such samples is summarized in Table 2. The
prediction performance in Caenorhabditis elegans, Esch-
erichia coli, Homo sapiens, and Mus musculus achieved by
our method are 85.77, 81.48, 90.16 and 88.82%, respec-
tively. It is shown that the meta model can correctly predict
the interacting pairs of three species with the accuracy of
over 85%, while the E. coli subset has a relatively lower
accuracy which still outperforms other methods. This result
is superior to any other individual predictors of which we
are aware. It demonstrates that the meta classifier is also
able to achieve better performance towards cross-species
dataset. We selected the PPIs data of S. cerevisiae to
construct the final prediction model, so this model should
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Table 2 The prediction results of cross-species dataset by the meta
predictor and other six individual predictors

Methods Test dataset
C. elegans E. coli H. sapiens M. musculus
(%) (%) (%) (%)
AC-SVM 77.65 80.64 82.79 86.58
CT-SVM 75.50 67.69 78.97 77.96
LD-SVM 75.73 71.24 76.27 76.68
GA-SVM 74.73 67.70 77.20 73.48
MA-SVM 76.55 75.86 80.10 84.03
NA-SVM 75.06 72.17 80.52 82.43
Meta 85.77 81.48 90.16 88.82

represent the features of S. cerevisiae PPIs. At the same
time, our model can also represent the features of C. ele-
gans, E. coli, H. sapiens, and M. musculus, which is
implied by the generalization ability of this model on these
four species.

Performance comparison with other prediction methods

In order to highlight the advantage of our model, it was also
tested by Helicobacter pylori dataset. The H. pylori dataset is
composed of 2,916 protein pairs (1,458 interacting pair and
1,458 non-interacting pairs) as described by Martin et al.
(2005). This dataset gives a comparison of our method with
other predictors, phylogenetic bootstrap (Bock and Gough
2003), signature products (Martin et al. 2005), HKNN
(Nanni 2005), ensemble of HKNN (Nanni and Lumini 2006)
and boosting (Shi et al. 2010). The results of ten fold cross-
validation over six different methods are shown in Table S5.
The average prediction performance, i.e. sensitivity, preci-
sion, accuracy, MCC and AUC achieved by meta predictor,
are 84.02, 90.07, 87.93, 74.06 and 93.98%, respectively. It
shows that the prediction results for meta predictor and the
ensemble of HKNN, outperforms other state-of-the-art
methods, which highlight that a multiple classifier system is
more accurate and robust than a single classifier. We also
observed that our method clearly achieves better results
compared to other multiple classifier systems (i.e. ensemble
of HKNN and Boosting), with an improvement of more than
5% in average precision. All these results show that the
proposed meta predictor classifier not only achieves accurate
performance, but also substantially improves precision in the
prediction of PPIs.

Conclusions

In this work, a meta method built on six sequence-based
individual classifiers was developed for the classification of
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PPIs. As expected, this method can obviously improve the
prediction accuracy compared with the current state-of-the-
art methods. In addition, a significant improvement in the
prediction performance was also observed when performed
on cross-species dataset. However, the meta predictor is
not easy for biologist to interpret the prediction rules. In
order to acquire the interpretable knowledge from experi-
mental data, some methods such as decision tree (Lin et al.
2004) and frequent pattern tree (Wang et al. 2009) have
been applied to derive the rule-based knowledge. In future,
we will consider how to add these rule-based methods as
the component predictor so as to uncover the rules for PPIs.
Overall, the proposed meta method is expected to be a
powerful tool for expediting the study of protein interaction
networks.
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