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Abstract. The physico-chemical properties of interaction interfaces have a cru-
cial role in characterization of protein–protein interactions. Given the unbound 
structure of a protein and the fact that it forms a complex with another known 
protein, the objective of this work is to identify the residues that are involved in 
the interaction. We attempt to predict interaction sites in protein complexes  
using local composition of amino acids together with their physico-chemical 
characteristics. The local sequence segments are dissected from the protein se-
quences using sliding window of 21 amino acids. The list of LSSs is passed to 
the support vector machine (SVM) predictor, which identifies interacting resi-
due pairs considering their inter-atom distances. Three different SVM predic-
tors are designed that generate area under ROC curve (AUC), Recall and  
Precision optimized results. Finally a 3-star consensus strategy is designed to 
analyze 33 hetero-complexes of the Homo sapiens organism. The consensus 
approach generates the AUC score of 0.7376, which is superior to the individu-
al SVM classification results. 

Keywords: protein-protein interactions, machine learning, support vector  
machine, consensus approach. 

1 Introduction  

Protein-protein interactions (PPI) are at the core of the entire interaction system of 
any living cell, making them the central hubs or major mediators for virtually every 
bio-chemical process. Therefore for a given protein, in order to understand its biolog-
ical function, it is important to identify its likely interactions with other proteins. De-
tailed information of protein-protein interactions, metabolic and signal transduction 
networks improves our understanding of diseases, perturbation of healthy states or 
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processes, providing the theoretical basis for new therapeutic approaches, mutant 
engineering and design, high throughput screening for drug design [1]. Currently 
developed high-throughput experimental methods, such as Yeast two-hybrid, or mass 
spectrometry provided the global view of the whole interaction network for model 
organisms (interactome) [2, 3]. 

Summarizing, significant research was done in the area of protein-protein interac-
tions, yet the problem of interaction sites prediction is still not fully understood.  
Major unresolved issues are, among others, linked with the problem of selection of 
biological and physico-chemical features crucial for protein-protein interactions [4]. 
Moreover, any single physico-chemical feature is not sufficient to distinguish inter-
face and non-interface residues, the complex nonlinear combinations of features are 
needed to describe an interaction site. 

The PPI prediction is not the balanced learning problem; therefore the optimal set 
of computational methods’ parameters is not easy to obtain. To select the proper sub-
set of descriptors, Saha et al. have applied the consensus fuzzy clustering technique 
[5] to extract high quality physico-chemical indices from the set of 544 indices pro-
vided by the AAindex1 database (http://www.genome.jp/aaindex/). Deng et al. [6] 
proposed ensemble learning method in order to overcome the misbalancing problem 
in PPI and effectively utilize a wide variety of features. He combined bootstrap sam-
pling technique, SVM-based fusion classifiers and weighted voting strategy.  

In view of the above facts, the goal of our paper is to predict the interacting resi-
dues for a pair of proteins given their unbound structures. The interface residues de-
fine the interaction site for those two proteins. More specifically, we attempt to pre-
dict interaction sites in protein complexes more accurately using selective high quality 
index physico-chemical features (HQI) extracted from AAindex1 dataset. We have 
used the sliding window algorithm, used in many earlier works [7, 8], with the length 
of 21 amino acids to select sets of local sequence segments for each protein, then 
identifying interacting residue pairs by considering their inter-atom distances.  

We have trained our method on the dataset of interacting proteins for Homo sa-
piens and evaluated the PPI site prediction performance on unknown test samples 
using SVM classifier. Three different classification systems are designed using Re-
call, Precision and AUC optimized training strategies. Finally a 3-star consensus ap-
proach is used to further improve the prediction performance. The dataset design 
principles, feature selection and classifier design methodologies are described in de-
tails in the following section. The results section provides the performance evaluation 
metrics and analysis of the prediction results for the developed PPI software.   

2 Methods 

2.1 Training Dataset 

For our analysis, we selected two major databases containing experimental informa-
tion about protein-protein interactions, namely Protein Data Bank (PDB) [9], where 
one can find the three-dimensional structures of protein complexes, and Database of 
Interacting Proteins (DIP, http://dip.doe-mbi.ucla.edu/dip) [10], where the known 
interactions among protein pairs are stored. 
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In the case of PPI interactions for Homo sapiens, we have taken the database from 
our previous work as mentioned in [7]. The complete databases and source code are 
available freely to download for academic users from our website 
http://code.google.com/p/cmater-bioinfo/.  

2.2 Representation of PPI Features  

Here, we are working with interacting protein pairs (say,  and ) from our afore-
mentioned training datasets. Let  and  has their be described by their own amino 
acid sequences as , , … ,  and , , … ,   respectively, where ,, , , , , , , , , , , , , , , , , , , ,  1    1   

In the next step, we compute inter-atom distances between  and  . Please note 
that we consider only the heavy atoms (as given in respective PDB entry) from each 
amino acid for this purpose. We define the distance measures as follows:   , min , , 1    1   

Where  and are number of heavy atoms in the residues  and  respectively 
and ,  inter-atom Euclidean distances between the   heavy atom 
of  and  heavy atom of . If ,  is lower than 3.5 Å[11], then corres-
ponding residue pair ,  corresponding belonging to the protein pair ,  is 
said to be interacting, otherwise they are said to be non-interacting. 

The protein sequences of hetero-complexes are therefore divided into multiple 
overlapping segments of sub-sequences, each consisting of 21 amino acids. Please 
note that the results from our current study strongly support selection of 21 window 
size, providing optimal results for protein-protein interaction prediction as tested on 
sample subsets of pairs of interacting proteins. For each pair of local sequence seg-
ments (LSS) from proteins  and  we consider all residues from , , … ,   
and , , … ,  respectively, and check whether any of the residue pairs 
has , 3.5 . If found, we annotate the given pair of sub-sequences (ob-
tained from  and  respectively) as positive., i.e. confirmed interaction and ex-
tract HQI8 features for the 42 residues.  The overlapping subsequences are then 
shifted, as a sliding window, to check for further interactions. In all cases, where two 
sub-sequences have no interacting residue pair, then such sub-sequence pair is said to 
be non-interacting, and we recognized it as negative training cases described by 336 
dimensional vectors of features using also HQI8 features [5]. These positive and 
negative vectors are then used by the machine learning procedure to train the support 
vector machine algorithm, designed separately to produce optimal recall, precision 
and AUC (Area under ROC curve) scores. 

3 Results 

The current work, reported in this paper, involves 3488 positive interactions and 5470 
negative interactions for Homo sapiens proteome proteome. It may be noted that the 
number of positive and negative interactions, considered in the training dataset for 
any proteome are only a subset of all possible positive and negative interactions. This 
is done so to limit the computational complexity of the training algorithm, during the 
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multi-fold Cross Validation (CV) process. Each interacting or non-interacting residue 
fragments are represented using HQI8 amino acid indices for both positive and nega-
tive data samples. We discuss here the training and testing prediction results for the 
aforementioned organism. 

To analyze the performance of the developed technique, we have designed a two-
stage evaluation strategy. In the first stage, the overall dataset is divided into two parts 
with the ratio 88:12 to define the CV set and the test set respectively. Then 10-fold 
cross validation is done with the CV set. In the second stage, the optimum network 
(chosen from the best of the 10 runs during the CV experiment) is selected to evaluate 
the performance over the independent test set. AUC optimized results of 10-fold CV 
experiment (average performance) and over the independent test set are shown in 
Table 1. It also shows the performance analysis over the Homo sapiens dataset during 
the consensus approach using three different optimization strategies. The supplemen-
tary data sheets with detailed experiments with various optimization strategies are 
available in the public domain at http://code.google.com/p/cmater-bioinfo/. 

Table 1. Result of ARP 3-consensus and AUC optimization over Homo sapiens CV set and test set 

Run Accuracy Recall Precision Specificity AUC MCC Fmeasure 

CVAverage 83.77995 0.745418 0.821748 0.896709 0.821064 0.655168 0.781616 

Test Set 72.27191 0.721839 0.624254 0.72328 0.722559 0.436224 0.66951 

1star 73.703 0.74023 0.640159 0.734993 0.737611 0.465726 0.686567 

2star 72.2719 0.721839 0.624254 0.72328 0.722559 0.436224 0.66951 

3star 70.0358 0.705747 0.597276 0.696925 0.701336 0.393919 0.646997 

 
We compared our results with similar works reported previously in the literature. 

In the work of Wang et al.[12] position specific scoring matrices (PSSMs) were used 
along with evolutionary conservation score for 11 neighbour residues. They obtained 
71.9% AUC, 68.6 % Sensitivity and 65.4% Specificity over their dataset of 113 pairs 
of interacting proteins. Nguyen et al. [13] used PSSMs and accessible surface areas 
(ASA) with 15 neighbour residue to get 74.9% AUC, 35.9% Sensitivity and 92.9% 
Specificity scores over 77 individual proteins collected from the Protein Data Bank. 
Both the above methods used SVM pattern classifier. Deng et al. [6] used an ensem-
ble method with weighted voting strategy along with SVM approach and achieved 
79.7% AUC, 76.7% Sensitivity and 63.1% Specificity over 54 hetero-complexes. 
Bordner and Abagyan[14] achieved 76% Accuracy, 57% Recall and 26% Precision 
over 1494 protein-protein interfaces, of which 518 were homodimers, 114 were hete-
rodimers and 862 were multimers. Singh et al.[11] obtained 60% Sensitivity and 75% 
Specificity in their Struct2Net web server. 

In comparison, for Homo sapiens test data, we have obtained we have obtained 
73.76% AUC, 74.02% Sensitivity (or Recall) and 73.5% Specificity (see Table 1). We 
have also calculated the MCC for the organism Homo sapiens which is 46.57% (given 
in Table 1). The F-measure are also calculated which is 68.66% (given in Table 1). 
We have also added Table 2 for easy comparison of our work with the existing ones 
available in the literature. 

We have used 3-consensus results over the Homo sapiens test dataset for the ARP 
optimized networks are shown in Tables 2. Here, we have observed that when we take 
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the result of 1-star, there is little more improvement of all classifier metrics from our 
last work [7]. Recall got 1.84% more improvement, Precision improved by 1.6%, 
specificity, AUC, MCC, Fmeasure are improved by 1.2%, 1.5%, 2.95%, 1.71% re-
spectively from PPIcons result over the same aforementioned organism. We have also 
performed 3-consensus over three different optimized classifier AUC, Recall, Preci-
sion whose are shown in table S4, S5 and S6 respectively in supplementary sheet. 

Table 2. Comparison of our current work with the existing techniques 

 Methods AUC Sensitivity Specificity 
1 Wang et. al. [12] 0.71933 0.68640 0.65417 
2 Nguyen et. al. [13] 0.74943 0.3598 0.92949 

3 Deng et. al. [6] 0.79761 0.76765 0.63158 

4 Borderner et. al. [14] - 0.57 0.26 

5 Singh et. al. [11] - 0.6 0.75 

6 PPIcons (Homosapiens)[7] 0.722559 0.721839 0.72328 
7 Current Method (Homosapiens) 0.737611 0.74023 0.734993 

4 Conclusion 

In the present work, we introduce the PPI software as a novel and accurate tool for 
PPI site prediction, using only protein sequences. This prediction model allows anno-
tating unknown interactions, enriching the biological knowledge about proteins’ part-
ners. The performance of our predictor is better than most of the methods discussed in 
this paper. Although the datasets used in different works are sometimes different, up 
to now the general performance scores from different publications are compared in 
evaluation of different in silico methods in PPI domain. 

In this paper, due to limitation of computing resources, all interactions could not be 
considered for training. Despite certain constraints, the current version of this consen-
sus based approach is observed to generate a steady and balanced prediction result. As 
evident from the discussion in the Results section, the performance of the consensus 
based program is found to be comparable or better than the state-of-the-art tools avail-
able today. For most of the existing predictors their performances are not balanced, 
producing high Sensitivity, yet low Specificity, or vice-versa. Avoiding such a biasing 
is often difficult in a complex binary classification problem. Considering that, the ba-
lanced prediction potential of our developed algorithm may be considered as a good 
statistical learning characteristic. In future we plan to incorporate a larger training/test 
datasets, incorporating more proteins from Yeast, E. coli and other organisms, for de-
sign of improved versions of this approach. Brainstorming consensus [15] or weighted 
Markov chain based rank aggression approach[16] , ensemble classifier [17, 18] and 
some better idea from [19] may be used in the future to achieve such an objective. 
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