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 Abstract: Phage Virion Proteins (PVP) are essential materials of bacteriophage, which participate 
in a series of biological processes. Accurate identification of phage virion proteins is helpful to 
understand the mechanism of interaction between the phage and its host bacteria. Since 
experimental method is labor intensive and time-consuming, in the past few years, many 
computational approaches have been proposed to identify phage virion proteins. In order to 
facilitate researchers to select appropriate methods, it is necessary to give a comprehensive review 
and comparison on existing computational methods on identifying phage virion proteins. In this 
review, we summarized the existing computational methods for identifying phage virion proteins 
and also assessed their performances on an independent dataset. Finally, challenges and future 
perspectives for identifying phage virion proteins were presented. Taken together, we hope that this 
review could provide clues to researches on the study of phage virion proteins. 

A R T I C L E  H I S T O R Y 

 
Received: February 20, 2019 

Revised: March 07, 2019 

Accepted: April 01, 2019 

 
 
DOI:  
10.2174/0929866526666190410124642 

Keywords: Bacteriophage, phage virion protein, host bacteria, machine learning algorithm, feature selection, web-server. 

1. INTRODUCTION 

 The bacteriophage, also known as phage, is a virus that 
infects and replicates within bacteria and archaea, and is 
widely distributed wherever bacteria survive [1]. 
Bacteriophage is composed of proteins that encapsulate its 
genetic material, either DNA or RNA [2]. By binding to the 
bacterial surface, bacteriophage injects its genetic materials 
into the specific host bacteria and results in the infection of 
bacteria [3]. Besides playing important roles in the research 
of bacterial infections, bacteriophages are also important 
model organisms for studying principles of evolution and 
ecology. 

 As fundamental materials of the infectious viral particles, 
bacteriophage proteins have important biological functions 
in the interaction between bacteriophage and host bacterial 
cell. Bacteriophage proteins can be classified into two types, 
namely structural proteins (also called phage virion proteins) 
and non-structural proteins (also called phage non-virion 
proteins) [2].  
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 Phage virion proteins are essential materials of shell 
proteins and envelope proteins. Shell proteins constitute the 
structure of the virus capsid and participate in the adsorption 
and invasion of bacteriophages. The main function of 
envelope proteins is to maintain the viral structure and 
participate in virus budding [4, 5]. Phage non-virion proteins 
play key roles in biological process of viral genome 
replication and expression [5, 6]. Due to the distinct 
functions between phage virion protein and phage non-virion 
protein, accurate classification of them will not only be 
helpful to understand the mechanism of interaction between 
the phage and its host bacteria, but also helpful to develop 
new antibacterial drugs. 

 The traditional method to identify phage virion proteins 
is mass spectrometry [7]. However, the experimental method 
is expensive, labor-intensive and time-consuming for 
identifying phage virion proteins from the explosive growth 
of protein sequences in the post genomic era. As excellent 
complements to the experimental technique, computational 
methods are in high demand to identify phage virion 
proteins. Therefore, it is necessary to develop computational 
methods for efficient and accurate identification of phage 
virion proteins. 

 With the wide application of machine learning methods 
in computational proteomics, a series of machine learning 
based methods [8-13] have been developed for identifying 
phage virion proteins (Table 1). Although these studies have 
made great contributions to computationally identification of 
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phage virion proteins, the performance comparisons carried 
out in different studies are somewhat biased. For example, 
some of the performance comparisons were carried out based 
on different benchmark dataset, and others were evaluated by 
using different cross-validation test methods. It is difficult to 
obtain a fair evaluation on these methods based on previous 
studies.  

 In this review, we not only summarized the existing 
computational methods for identifying phage virion proteins, 
but also performed an unbiased evaluation of the existing 
phage virion protein identification methods on the 
independent dataset. Moreover, the challenges and future 
perspectives for identifying phage virion proteins were 
discussed as well. 

2. DATABASE RESOURCES 

 The key step to train a computational model with high 
effectiveness is to construct a valid and reliable benchmark 
dataset. In the past five years, the benchmark training and 
testing dataset have been built for identifying phage virion 
proteins. 

2.1. Training Dataset 

 By searching the Universal Protein Resource (UniProt) 
[14] with the key words “organism: phage AND subcellular 
location: virion AND reviewed: yes” and “organism: phage 
NOT subcellular location: virion AND reviewed: yes”, 121 
phage virion proteins and 231 phage non-virion proteins 
were obtained by Feng et al., [8]. To prepare a high quality 
dataset, the CD-HIT program [15, 16] was used to remove 
proteins with the sequence identity greater than 40%. 
Finally, a benchmark dataset containing 99 phage virion 
proteins and 208 phage non-virion proteins was obtained [8], 
which has been widely used to train computational models 
for identifying phage virion proteins. 

2.2. Independent Dataset 

 In order to further demonstrate the generalization ability 
of different methods, an independent dataset was built by 
Manavalan et al., [9], which contains 30 phage virion 
proteins and 64 phage non-virion proteins. All of these 
proteins are independent from the training dataset and share 
the sequence identity less than 40%. 

2.3. Performance Evaluation 

 In statistical prediction, the following three cross-
validation methods are often used to evaluate the 
performance of a predictor: independent dataset test, 
subsampling (or K-fold cross-validation) test, and jackknife 
test. Although the jackknife test was deemed the least 
arbitrary that can always yield a unique result for a given 
benchmark dataset, it’s time consuming [17-19]. Therefore, 
the 5-fold or 10-fold cross validation test was also used to 
measure the quality of a computational model. 

 The performance of the existing computational methods 
were evaluated by using the four metrics, namely Sensitivity 
(Sn), Specificity (Sp), Mathew’s Correlation Coefficient 
(MCC) and overall Accuracy (Acc), which have also been 
widely used in different fields of bioinformatics and are 
defined as following [20-24], 
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         (1) 

where �� represents the total number of phage virion 
proteins investigated, while �

�

� is the number of phage 
virion proteins incorrectly predicted to be of phage non-
virion proteins; �� the total number of phage non-virion 
proteins investigated, while �

�

� the number of phage non-
virion proteins incorrectly predicted to be of phage virion 
proteins. 

 In order to objectively evaluate the methods, the 
threshold independent measure, area under the ROC curve 
(auROC) [25], was also used to evaluate the quality of the 
existing methods [26-30].  

3. EXISTING PVP PREDICTION METHODS 

3.1. Methods Based on Naïve Bayes 

 Naïve Bayes (NB) is an algorithm based on the Bayesian 
theorem and is particularly useful for very large datasets. 
The basic theory of Naïve Bayes is to assume the attribute 

Table 1. List of computational methods for identifying phage virion proteins. 

Methods Year Web Server Address References 

Feng’s method 2013 Not available [8] 

PVPred 2014 http://lin.uestc.edu.cn/server/PVPred [13] 

Zhang’s method 2015 Not available [11] 

PhagePred 2018 http://bigroup.uestc.edu.cn/edu.cn/bacteriophage [10] 

PVP-SVM 2018 www.thegleelab.org/PVP-SVM/PVP-SVM.html [9] 

Tan’s method 2018 Not available [12] 
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variables to be independent from each other given the 
outcome. Since it’s simple to implement, Naïve Bayes has 
been used for clustering and classification in bioinformatics 
[8, 31-33]. 

 Until present, two prediction tools based on NB have 
been proposed for identifying phage virion proteins. In 2013, 
Feng et al., developed a NB-based phage virion protein 
identification method [8]. In their method, the input features 
were the 38 optimal amino acid and dipeptide compositions 
obtained by using the Correlation-based Feature Selection 
combined with Best-first search strategy. In the jackknife 
test, their method achieved an accuracy of 79.15% with the 
auROC of 0.855 for identifying phage virion proteins. It 
should also be noted that it’s the first computational model 
for identifying phage virion proteins. 

 Recently, Pan et al., proposed a NB-based predictor 
called PhagePred and built a public web server for the 
prediction of phage virion proteins [10], which is available at 
http://bigroup.uestc.edu.cn/bacteriophage. In PhagePred, the 
features picked out by using the g-gap feature tree technique 
were used to represent the proteins in the training dataset. In 
order to remove redundant features and improve the 
predictor’s performance, the analysis of variance (ANOVA) 
feature selection method [34] was employed to select out the 
optimal features which were used as the input of the 
Multinomial Naïve Bayes classifier. In the 10-fold cross-
validation test, the PhagePred yielded an accuracy of 96.97% 
with the auROC of 0.99 for identifying phage virion proteins 
in the training dataset. 

3.2. Methods Based on Support Vector Machine 

 Support Vector Machine (SVM) is a supervised machine 
learning algorithm for pattern recognition, which is also 
popular in bioinformatics [9, 20, 25, 35-46]. The basic idea 
of SVM is to transform the input features into a high 
dimensional feature space and then determine the optimal 
separating hyperplane to discriminate the two classes. There 
are three parameters in SVM, namely ‘kernel’, ‘C’ and 
‘gamma’. The parameter ‘kernel’ has four options including 
linear function, polynomial function, Gaussian radial-basis 
function and sigmoid function. The ‘C’ and ‘gamma’ are 
significant parameters of the SVM operation engine and can 
be optimized by using the grid search method. 

 Inspired by Feng et al., pioneer work [8], two SVM 
based computational methods have been proposed for 
identifying phage virion proteins since 2013. Based on the 
training dataset, Ding et al., proposed the SVM based 
predictor called PVPred [13]. In PVPred, the proteins were 
firstly encoded by using the 1-gap dipeptide and then the 
ANOVA feature selection method was used to obtain the 160 
optimal 1-gap dipeptides. As reported by Ding et al., [13], 
the best predictive accuracy of 85.02% with the auROC of 
0.899 was obtained in jackknife cross-validation test. 
Furthermore, the PVPred was also validated on a dataset 
with a sequence identity of 25% and yielded an accuracy of 
78.72%, demonstrating the robustness of PVPred. 

 Later on, Manavalan and his colleagues proposed PVP-
SVM for identifying phage virion proteins [9], in which 
hybrid features were used to encode the proteins, such as 

amino acid composition, dipeptide composition, atomic 
composition, Chain-Transition-Distribution (CTD), and PCP 
(physiochemical property) attributes of amino acids. In order 
to obtain optimal features from the large set of features, the 
random forest based algorithm was used to rank these 
features. Based on the optimal 136 features, in the jackknife 
cross-validation test, PVP-SVM obtained an accuracy of 
87% with the auROC of 0.9 for identifying the phage virion 
proteins in the training dataset. 

 More recently, Tan et al., developed another SVM based 
model to identify phage virion proteins [12]. The model was 
trained by mixing multiple sets of optimal g-gap dipeptide 
composition which were obtained by using the two-step 
feature selection method. In the first step, the ANOVA 
method with the (incremental feature selection) IFS process 
was applied to choose the optimal features from the 10 sets 
of g-gap (g=0, 1, ..., 9) dipeptide composition, respectively. 
And then, the minimal redundancy maximal relevance 
(mRMR) algorithm [47] as used to select the final optimal 
features from the 1266 features obtained in the first step. 
Accordingly, 368 optimal features were singled out to 
represent the proteins in the training dataset. As reported by 
Tan et al., [12], their model obtained an accuracy of 87.95% 
with the auROC of 0.915 for identifying the phage virion 
proteins in the 5-fold cross-validation test. 

3.3. Methods Based on Random Forest 

 Random Forest (RF) is a powerful machine learning 
method that can be used for classification, regression and 
other tasks. RF is an ensemble of a large number of decision 
trees. Each tree in the ensemble is trained on a subset of 
training instances and gives a classification result. The 
predictive results of RF are based on the ensemble of those 
decision trees. Since it was proposed by Breiman in 2001 
[48], RF has been successfully used in bioinformatics [49-
52] and even in identifying phage virion proteins [11]. For 
example, in 2015, Zhang et al., proposed a RF based method 
for identifying phage virion proteins [11], in which the 
proteins were represented by using hybrid features including 
CTD, bi-profile Bayes [53, 54], Pseudo Amino Acid 
Compositions (PseAAC), and Position Specific Scoring 
Matrix (PSSM). By using relief algorithm with the IFS 
process, the optimal feature subsets were obtained for each 
kind of features and were used to build individual RF 
classifier [11]. In order to overcome the shortcomings of 
single classifier, a stacking-based ensemble model by 
combining the above mentioned four RF classifiers was 
developed. In the 10-fold cross-validation test, the ensemble 
model obtained an accuracy of 85% with the auROC of 
0.894 for identifying phage virion proteins. 

4. COMPARISON OF VARIOUS METHODS ON 
INDEPENDENT DATASET 

 As described in the above section, six computational 
tools have been proposed for identifying phage virion 
proteins. However, the following two reasons hindered us to 
directly judge which model is the best one. Firstly, some of 
these methods were trained based on different dataset. For 
example, the RF based method proposed by Zhang et al., 
was trained on a dataset with a sequence identity of 80%, 
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which is higher than that of the training dataset used by the 
other five computational models. Secondly, some of the 
models were validated by using different cross-validation 
methods. For example, the method proposed by Feng et al., 
PVPred and PVP-SVM were evaluated using the jackknife 
test, while PhagePred was evaluated using the 10-fold cross 
validation, and Tan et al.’s model was evaluated using the 5-
fold cross validation.  

 To overcome the evaluation biases in implementation of 
existing predictors, it’s necessary to evaluate these methods 
on an independent dataset. However, as the writing of this 
paper, the PhagePred and the web-server proposed by Zhang 
et al., is out of service. Therefore, in this work, we could 
only compare the performance of the other four models on 
the independent dataset. Their predictive results were 
reported in Table 2. It was found that the performance of 
PVP-SVM is much better than the other three methods. 
Thus, we can draw a conclusion that PVP-SVM is the best 
tool for identifying phage virion proteins and the other 
models may be used as complementary tools. 

5. DISCUSSION 

 In the past five years, a series of computational methods 
have been proposed and they indeed provided novel insights 
for computationally identifying phage virion proteins [8-13]. 
In this paper, we comprehensively reviewed the 
computational methods and evaluated their performances. By 
evaluating these methods on the independent dataset, the 
PVP-SVM provides the best performance for identifying 
phage virion proteins.  

 Although progresses have been made, some limitations 
and challenges remain to be addressed. Firstly, the current 
computational models were trained on a small size dataset. 
Hence, the features that describe phage virion proteins 
couldn’t be effectively extracted. Therefore, it is necessary to 
collect more phage virion proteins from current databases 
and literatures to construct a new high quality benchmark 
dataset.  

 Secondly, the existing methods only use the sequence-
based features to represent the proteins, and none of them 
encode the proteins using the information about structures of 
proteins. Since a protein's structure determines its function, it 
is necessary to integrate features relevant to protein 
structures when constructing more powerful computational 
models for identifying phage virion proteins. To this end, the 
PSIPRED [55] and NetSurfP [56] tools can be used to obtain 
protein structures. In addition, the reduced amino acid 

alphabet describing protein structures can also be used to 
represent proteins as has been reported previously [57, 58]. 

 Thirdly, although the existing methods have yielded 
better performance, we still need to design new models for 
improving the performance of phage virion protein 
prediction. With the development of deep learning methods 
[59-62], these advantage approaches are suggested to be used 
in developing computational models in future works. 

CONCLUSION 

 In this work, we systematically reviewed the existing 
computational methods for identifying phage virion proteins. 
In order to improve the accuracy of identifying phage virion 
proteins in future works, the perspectives were discussed in 
the following aspects, i.e. benchmark dataset construction, 
peptide sequences encoding and selection of machine 
learning methods. We hope that this review will provide 
important guides for computationally identifying phage 
virion proteins. 
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