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Abstract  Identification of conformational B-cell epitopes is considered the crucial step in designing effective peptide 
vaccines against pathogens. Computer based methods play an important role in this process as the actual experimental de-
termination of epitopes is very expensive in terms of cost and time. In this paper, we have carried out a comparative study 
and discussions for different methods based on the two major computational approaches for predicting conformational 
B-cell epitopes: sequence- based and structure- based approaches. As a result of this study, we developed a novel computa-
tional method “CBCPRED” to predict conformational B-cell epitope residues from the target antigen structure by combin-
ing support vector machine model with protein structural features and the propensity scores of amino acid physico – chem-
ical properties. Using fivefold cross validation and leave-one-out cross validation techniques on the 75 antigen structures of 
the Discotope dataset, CBCPRED achieves an area under receiver operator characteristics curve (AUC) of 0.818 and 0.859, 
respectively. We benchmark “CBCPRED” on a more recent benchmark (Ponomarenko et al. 2007) dataset after removing 
antigens sequence redundancy where no two antigen sequences have more than 40% sequence identity, achieving AUC of 
0.747. CBCPRED is available at http://www.fci.cu.edu.eg:8080/CBCPRED/predict.html. 
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1. Introduction 
B-cell epitopes are segments of the antigen molecules 

recognized by the binding sites of the immunoglobulin 
molecules or B-cells[1]. Identification of B-cell epitopes in 
the target antigens plays an important role in epitope based 
vaccine design. Experimental determination of epitopes is 
very expensive and has a lot of limitations. Consequently, it 
is highly desirable to develop computational methods for 
reliable identification of B-cell epitopes.  

B-cell epitopes can be classified into two groups: linear 
(continuous) epitopes and conformational (discontinuous) 
epitopes. Linear B-cell epitope is a short peptide fragment 
which is specified by the primary amino acid sequence of the 
protein[2], while conformational B-cell epitope consists of 
residues that are distantly separated in the primary sequence 
of the antigen, and are specified by the close proximity 
within the folded 3-dimensional protein structure[3]. Most 
of B-cell epitopes (~90%) appear to be conformational epi-
topes[4].  

In the past, several computational methods had been 
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focusing on linear epitopes prediction. Most of these meth-
ods were based on amino acid propensity scales, such as 
Parker et al.[5], Karplus et al.[6], Emini et al.[7], PREDI-
TOP[8], PEOPLE[9], BEPITOPE[10] and BcePred[11] and 
so on. Unfortunately, the prediction performance of these 
methods was far from ideal. Hence, machine learning 
methods had been explored for predicting linear B-cell epi-
topes using amino acid sequence information, such as 
BepiPred[12], ABCPred[13], Söllner and Mayer[14], Chen 
et al.[15], Söllner et al.[16], BCPred[17], FBCPred[18], 
El-Manzalawy et al. [19] and COBEpro [20]. A competitive 
performance over all linear epitope prediction methods had 
been achieved by COBEpro[21].  

On the other hand, a limited number of computation 
methods have been proposed for conformational B-cell epi-
tope prediction. However, compared with linear epitopes 
prediction, the conformational B-cell epitope prediction is 
more challenging. There are two major approaches for pre-
dicting conformational B-cell epitopes: Sequence-based and 
Structure-based prediction methods. Sequence-based pre-
diction methods have the advantage that there is no need for 
the structure of the target antigen to be known. CBTOPE[22] 
is a computational method for predicting conformational 
B-cell epitopes in an antigen from its primary structure. It 
developed a support vector machine model using composi-
tion of a binary profile of amino acid patterns represented 
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by a feature vector of 21 attributes and a profile of physico 
– chemical attributes. However, structure-based prediction 
methods try to predict the conformational B-cell epitopes 
with the information of the antigen 3D structure. The first 
conformational epitope prediction method is the conforma-
tional epitope predictor CEP[23]. It utilizes the accessibility 
of residues to predict linear and conformational B-cell epi-
topes. Subsequently, Discotope[3] is a method for predict-
ing conformational B-cell epitopes by combining the resi-
due propensity scale of log-odds ratios and contact number. 
PEPITO[24] is a method for predicting conformational 
B-cell epitopes using the combination of amino acid pro-
pensity scores and half sphere exposure values[25] achiev-
ing improved performance over Discotope method. El-
lipro[26] is a conformational B-cell epitope predictor server 
had been developed based on a modified version of a 
method was originally introduced by Thornton et al.[27] for 
predicting linear B-cell epitopes. It combines the residue 
protrusion index and a residue clustering algorithm to pre-
dict conformational B-cell epitopes. EPCES[28] uses six 
different scoring functions: residue epitope propensity[29], 
conservation score[29], side chain energy score[29], contact 
number[3], surface planarity score[30], and secondary 
structure composition[31] to identify antigenic epitopes 
based on unbound antigen structures. EPSVR[32] is a sup-
port vector regression model that used the six consensus 
scoring functions used in EPCES. EPMeta[32] combines 
EPSVR with 5 other existing classifiers to predict confor-
mational B-cell epitopes. Liu R et al.[33] developed a logis-
tic regression based model using two structural features 
temperature factor and relative accessible surface area 
(RASA). 

In this paper, we are evaluating the sequence-based pre-
diction approach for predicting conformational B-cell epi-
tope from the antigen primary sequence. We explore the 
utility of evolutionary profiles in predicting conformational 
B-cell epitopes using different representations: amino acid 
identities, position specific scoring matrix (PSSM) profiles, 
and propensity scale of amino acid physico-chemical prop-
erties using Epit[34]. Additionally, we propose a new 
method for predicting conformational B-cell epitopes from 
the primary sequence using the structural information pre-
dicted by a protein structure prediction server SABLE[35]. 

We conduct a comparative study of the two major ap-
proaches sequence-based and structure-based approaches by 
trying several experiments based on the windows of the two 
different types. 

Finally, we present a novel prediction method to identify 
conformation B-cell epitope residues from the input 
3-dimensional structure. Our prediction model chooses the 
structural features: relative solvent accessibility (RSA) and 
temperature factors combined with the residue propensity 
scores of three physico-chemical properties: hydrophilicity, 
antigenic and flexibility. The prediction algorithm is based 
on support vector machine model to predict the conforma-
tional epitope residues from the target antigen structure. 
Comparison with existing approaches shows that our 

method achieves better performance in terms of average 
AUC value. A web server CBCPRED has been developed 
for predicting conformational B-cell epitope residues: 
http://www.fci.cu.edu.eg:8080/CBCPRED/predict.html 

2. Methods 
2.1. Datasets 

Datasets used in our experiments are relevant to the goals 
and scope of this study. We used a sequence based dataset 
to evaluate the sequence-based prediction approach for pre-
dicting conformational B-cell epitopes from the antigen 
primary sequence. We used a structure based dataset to 
compare sequence-based and structure-based prediction 
methods; additionally, it is used as the training set for the 
new prediction model “CBCPRED”. Another different 
structure based dataset is used as independent test set to 
evaluate the proposed prediction method “CBCPRED”. 

2.1.1. Raghava et al. 2010 – Antigen Sequence Dataset 

The representative dataset of 187 antigenic sequences 
prepared by Raghava et al. 2010[22] is used 
(http://www.imtech.res.in/raghava/cbtope/data/dataD3_low
er.fasta) in this study. The dataset were obtained from 526 
antigenic sequences combined from IEDB[36] and bench-
mark[37] datasets after removing the antigenic sequence 
redundancy using program CDHIT[38] at 40% cutoff. We 
randomly divided the 187 antigen sequences into 5 groups 
for cross validation and testing. This dataset is used to 
evaluate sequence based approach for predicting conforma-
tional B-cell epitope. 

2.1.2. Discotope– Antigen Structure Dataset 

The representative dataset of 75 antigen-antibody (Ag-Ab) 
complexes prepared by Pernille et al.[3] was used 
(http://www.cbs.dtu.dk/suppl/immunology/DiscoTope.php) 
in this study. These complexes were selected using X-ray 
crystallography with resolution less than 3 Å. The corre-
sponding antigen PDB file is obtained from Protein Data 
Bank[44]. Pernille et al.[3] had divided the 75 antigens into 
25 heterogeneous groups. The 25 heterogeneous groups of 
antigens were divided into five data sets for cross validation 
and testing. In this dataset, the antigen residue is determined 
as epitope residue if the distance between any of its atoms 
and any atom of the antibodies is less than 4Å. The number 
of epitope and non-epitope residues in this dataset are 1202 
and 13242 respectively. We generated the antigen sequences 
of the 75 antigen chains to be used for the comparison of the 
sequence and structure based approaches.  

2.1.3. Ponomarenko et al. 2007– Independent Test Set 

The Benchmark dataset consists of 161 antigen chains 
obtained from 144 antigen-antibody (Ag-Ab) complex 
structures. The epitope residues were specified in this dataset 
as the distance between antigens amino acid atoms and an-



8 Khaled A Hassan et al.:  On Predicting Conformational B-cell Epitopes: a Comparative Study and a New Model 
 

 

tibody atoms is less than 4 Å[37]. We removed sequence 
redundancy from the 161 antigen chain sequences using 
CDHIT[38] at 40% cutoff, obtaining only 50 antigen chains 
where no two antigen sequences have more than 40% se-
quence identity. In order ensure the low sequence identity 
between training and testing datasets, we removed the chains 
that are already existing in the Discotope dataset obtaining 
only 31 antigen chains (1BGX:T, 1DEE:H, 1E6J:P, 1IGC:A, 
1KEN:A, 1NL0:G, 1NSN:S, 1ORQ:C, 1PKQ:E, 1S78:B, 
1SY6:A, 1TZI:V, 1WEJ:F, 1YJD:C, 1YNT:F, 1ZA3:R, 
1ZTX:E, 2ADF:A, 1NMB:N, 2B4C:G, 1T03:B, 1R3K:C, 
1V7M:V, 1Z3G:A, 1IAI:I, 1IAI:M, 1KB5:A, 1KB5:B, 
1QFW:A, 1QFW:B, 1OB1:C). The 31 antigen chains are 
used as independent test case for our method. The number of 
epitope and non-epitope residues in the independent test set 
is 467 and 6171, respectively. 

2.2. Feature Representation 

In both sequence and structure base antigens, the residue 
function is not only determined by itself but also affected by 
its neighbours[22]. Hence, sequence based and structured 
based feature windows of different sizes from 5 to 23 resi-
dues are generated in this study. In the sequence based fea-
ture window, the target residue is located at the center of the 
window and the neighbouring residues are determined ac-
cording to the order of residues in the antigen sequence. In 
the structured based sequence window, the target residue is 
the first residue of the window followed by its neighbours; 
the neighbours are determined by the Euclidean distance[40] 
from the neighbouring residues and the target residue. For 
each window instance, a label is assigned according to the 
label of its center. 1 label indicates that the center residue is 
epitope residue and 0 label indicates that the center residue is 
non-epitope residue. The following representations are ex-
plored for different window sizes: 

2.2.1. Amino Acid Identity Representation 

Each structure and sequence based window is represented 
by an ordered n-tuple of amino acids from the 20-letter 
amino acid alphabet. 

2.2.2. Position Specific Scoring Matrix (PSSM) Profiles 

Each antigenic sequence in the structure and sequence 
based datasets is aligned against a non-redundant protein 
sequence database generated from GenPept[41], Swis-
sprot[42], PIR[43], PDB[44], and NCBI RefSeq[45] using 
PSI-BLAST[46] (number of iterations = 3 and cut-off at 
0.001). Each residue in the N-residues sequence and struc-
ture based window is then encoded using the (PSSM) matrix 
for that residue in the resulting PSSM profile. Hence, each 
N-residues window is represented by (N x 20) feature vector.  

2.2.3. Graph Representation  

For the structure based dataset (Discotope), each 3D 
structure window is represented by an undirected graph. 
Graph nodes represent the sequence number of each residue 

in the protein PDB. Edges represent the actual linkage along 
the spatial neighbours in the structure. Two residues (graph 
nodes) are connected by an edge if the Euclidean distance 
between them doesn’t exceed a threshold. We choose 7 Å to 
be a distance threshold between residues (nodes). The re-
sulting window graphs are represented as a file for each 
window containing the connecting edges between nodes as 
well as the isolated nodes.  

2.2.4. Graph Centrality Features 

For each graph representation of the structure based 
window of size N in the structure based dataset (Discotope), 
the network centrality parameters are computed using Cy-
toscape plug-in CentiScaPe[46]. Figure-1 shows a sample 
structure window represented as a graph in the cytoscape 
program. These parameters are radiality, betweenness, de-
gree, stress and centroid. The network centrality parameters 
are computed for each node in the graph. Hence, each 
structure based window is represented by N-feature vector 
for each network centrality parameter. A composition pro-
file of (5xN) feature vector is also generated for all network 
centrality parameters of the each residue. 

 
Figure 1.  Sample structure window of size 11 residues represented in the 
cytoscape program. 

For each residue, the network centrality parameters are 
normalized using the following equation (for Degree as 
example): 

Degreenorm ,r =  𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑟𝑟–min ⁡(𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 )
𝑚𝑚𝑚𝑚𝑚𝑚 (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 )−min (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 )     (1) 

Where Degreer  is the centrality degree value of residue r, 
min(Degree) and max(Degree) are the minimum and 
maximum degree value of all residues in the antigen chain, 
respectively.  

2.2.5. Physico – Chemical Properties 

Amino acids' physico-chemical properties contribute in 
predicting linear B-Cell epitope from the antigen sequenc. 
In our study, 8 physico-chemical properties are chosen as 
features representation from predicting conformational 
B-cell epitopes from the antigen primary sequence. These 
properties are hydrophobicity[48], hydrophilicity[5], flexi-
bility[6], accessibility[7], exposed, Chou & Fasman Beta- 
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Turn[49], antigenic[50], and polarity[51]. Each sequence 
window is represented by N feature vector for each physico – 
chemical property.  

2.2.6. Propensity Score of Physico – Chemical Properties 

In this study, we calculated the propensity score of each 
amino acid physico-chemical properties for each residue. 
The propensity score is calculated by sequentially averaging 
amino acid physico-chemical attribute value within a win-
dow of 9 residues, then the scores are summed up for all 
residues within 10Å from the target residue. The same 
equation is used before by Pernille et al.[3] for calculating 
the propensity score of amino acid epitope log-odds ratios to 
be used in the Discotope score[3].  

The propensity score of amino acid physico-chemical 
property (hydrophilicity for example) of residue r is calcu-
lated by the following equation: 

𝑃𝑃𝑃𝑃(𝑟𝑟, 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) =  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑟𝑟, 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) +
 ∑ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑟𝑟𝑟𝑟, 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)𝑛𝑛𝑛𝑛

𝑛𝑛=1         (2) 
Where r is the target residue in the antigen structure, 

‘Hydrophilicity’ a physico – chemical property, nr is the 
number of neighbor residues within 10Å from the target 
residue (r), rn: is a neighbour residue, and SAPS is the se-
quential averaging propensity score function calculated by 
the following equation: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑟𝑟, 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = 

∑ ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟+4
𝑖𝑖=𝑟𝑟𝑟𝑟−4

9
   (3) 

Where rs: is the position of residue r in the antigen struc-
ture.  

The propensity score of an antigen residue is then norma-
lized over the scores of all residues in the given antigen 
structure. 

2.2.7. Relative Solvent Accessibility – NACCESS RSA 

Many studies have evaluated the effectiveness of using 
the residue accessible surface area to predict conformational 
epitopes. In this study, the residue relative solvent accessi-
bility in unbound antigens is calculated using program 
NACCESS[52] and normalized using the following equa-
tion: 

RSAnorm ,r =  𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟–min ⁡(𝑅𝑅𝑅𝑅𝑅𝑅)
𝑚𝑚𝑚𝑚𝑚𝑚 (𝑅𝑅𝑅𝑅𝑅𝑅)−max (𝑅𝑅𝑅𝑅𝑅𝑅)          (4) 

Where𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟 is the relative solvent accessibility of residue 
r, max(RSA) and min(RSA) are the maximum and mini-
mum RSA values of all residues in the antigen chain, re-
spectively. 

2.2.8. Predicted Relative Solvent Accessibility of Amino 
Acid Residues of the Protein Sequences – SABLE RSA 

SABLE is a sequence-based prediction server to predict 
relative solvent accessibilities, secondary structures and 
transmembrane domains for proteins of unknown struc-
ture[53]. In this study, we used SABLE to predict the RSA 
of each amino acid residue of the antigenic sequence dataset. 

For each antigen sequence, the predicted relative solvent 
accessibility is normalized using the following equation:  

PRSAnorm ,r =  𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟–min ⁡(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)
max (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)−min ⁡(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)

         (5) 

Where PRSAr  is the SABLE predicted relative solvent 
accessibility of residue r in the antigen sequence, max 
(PRSA) and min (PRSA) are the maximum and minimum 
values of the PRSA values of all residues in the antigen 
sequence, respectively. 

2.2.9. Temperature Factor 

Temperature factor reflects the flexibility of residues in 
the protein structure resulting from protein crystallogra-
phy[54]. The Temperature factor is a distinguished feature 
to characterize the binding residues of proteins in their holo 
structures. For each protein structure in the Discotope data-
set, the temperature factor is extracted for each residue and 
normalized using the following equation: 

TFactornorm ,r =  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟−<𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟>
𝜕𝜕(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟)

        (6) 

Where TFactorr  is the temperature factor of residue r, 
<TFactorr> and ∂(TFactorr) are the mean value and the 
standard deviation of the temperature factor values of all 
residues in the antigen chain, respectively.  

2.2.10.Amino Acid Composition 

For each structure and sequence window, the number of 
occurrences of each amino acid code is computed and av-
eraged by the window size. Thus structured and sequence 
window is represented by 1 x 20 feature vector. 

2.3. Machine Learning Models  

In this study, we used different classifiers to differentiate 
whether a residue in the structure or sequence based anti-
gens belongs to conformational epitope regions or not. For 
each machine learning model, several predictors were con-
structed using different types of feature representation. Each 
predictor was input a structural or sequence window. Each 
residue was represented by N input vector if a single feature 
was used and by m x N input vector if combined m-features 
were used.  

2.3.1. Naïve Bayesian  

Naïve Bayesian classifier is a well-established probabil-
istic classifier based on Bayes rule. 

2.3.2. Logistic Regression 

Logistic Regression classifier is a statistical predictive 
model that can be used when the target variable is a cate-
gorical variable of two categories. Hence, the Logistic re-
gression is suitable for binary classification. Given a set of 
labelled training patterns (xi, yi), where xi ∈ R p, yi ∈ {+1, 
−1}, the logistic regression predictors assigned a probability 
θi = P{ yi = 1|xi } to the target residue using the logit func-
tion:  
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log θi

1−θi
= 𝑎𝑎 +  𝛽𝛽1xi1 +  𝛽𝛽2xi2 + ⋯+ 𝛽𝛽jxij      (7) 

Where 𝑎𝑎, 𝛽𝛽1, 𝛽𝛽2, … 𝛽𝛽jare the classifier parameters. 

2.3.3. Support Vector Machines and Kernel Methods 

Support vector machine is a classification algorithm aims 
to find a deterministic mapping function between the input 
features. Given a set of labeled training patterns (xi, yi), 
where xi∈Rp, yi∈ {+1, −1}, training a SVM classifiers in-
volves finding a maximum-margin hyperplane that divides 
positive and negative training data samples. In case of the 
training data are not linearly separable, a kernel function is 
used to map the non-linearly separable data into a 
higher-dimensional space and thus the data are assumed to 
be linearly separable. Given any two sample observation in 
the input space (xi, xj), the kernel function can be written as a 
dot product of two feature vectors into high dimensional 
feature space K(xi, xj) = Φ(xi)T Φ(xj). In this study, we used 
two types of vector kernels: polynomial and Gaussian RBF 
kernels 
Polynomial kernel:  

𝐾𝐾�𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 � = (𝑥𝑥𝑖𝑖𝑇𝑇, 𝑥𝑥𝑗𝑗 +  𝑐𝑐)𝑑𝑑             (8) 
where d is the degree of the polynomial and c is a constant. 
Gaussian RBF kernel: 

𝐾𝐾�𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 � = exp(− ∥𝑥𝑥𝑖𝑖−𝑥𝑥𝑗𝑗 ∥2

2 𝜕𝜕2 )            (9) 

∂ is a parameter. 

2.3.4. Balanced Classifier 

In order to develop a prediction method, we created 
overlapping patterns for each antigen, one pattern for each 
residue. There are two types of patterns positive and nega-
tive patterns. Positive pattern indicates that the target resi-
due is an epitope residue while a negative pattern indicates 
that the target residue is not epitope residue. During our 
study in different antigen dataset, we found that there are 
only few residues in an antigen are classified as epitope 
residue. This means that the number of negative patterns will 
be much higher than positive patterns in our training dataset. 
This creates poor performance and CPU time consuming 
problems. Hence, we used the balanced classifier for training 
our base classifier on unbalanced data. The training instances 
are randomized and only subset of them are used for training 
the classifier. The Balanced classifier is already imple-
mented in the Weka [56]; the machine learning workbench. 

2.3.5. Implementation 

In this study, we have developed the Naïve Bayesian, 
Logistic Regression, and support vector machine classifiers 
using WEKA[56]: the machine learning workbench.  

2.4. Performance Evaluation  

Cross validation is a method for evaluating the perform-

ance of models. In this study, we used the two famous types 
of cross validation techniques, K-fold cross-validation and 
Leave-one-out cross-validation. 5 fold cross validation 
technique is used in evaluating the sequence based and 
structured based prediction methods. For each run, one 
subset of the five groups was left out for testing, while the 
remaining four subsets were used for training. 
Leave-one-out cross-validation technique is used for evalu-
ating the new model CBCPRED. For each run, one protein 
antigen in the Discotope dataset[3] was left for testing, while 
the remaining 74 protein antigens were used for training. We 
used the area under a receiver operator characteristics curve 
(AUC)[55] as a performance measure. In the fivefold cross 
validation technique, the final performance is obtained by 
averaging the AUC value of the five subsets; while in 
leave-one-out cross validation technique, it is obtained by 
averaging the AUC value of all the 75 antigens. 

3. Results 
3.1. Predicting Conformational B-Cell Epitopes from the 

Antigen Primary Sequence 

The first attempt for predicting conformational B-cell 
epitopes in an antigen from its amino acid sequence is 
CBTOPE[22]. It developed a support vector machine model 
using composition of a binary profile of amino acid patterns 
represented by a feature vector of 21 attributes and a profile 
of physico – chemical attributes. Although CBTOPE[22] 
showed improvement over the structure based methods, we 
see that the results are limited to unrealistic settings: 1) The 
authors balance the test data; 2) The authors perform cross 
validation on window level not in sequence level; and 3) 
The authors used the test data to determine the optimal 
support vector machine parameters. In this section, we 
conduct several experiments on the sequence based data set: 
Raghava et al. 2010[23] dataset to predict conformational 
B-cell epitopes from the antigen sequences. The fivefold 
cross validation technique is performed in the antigen se-
quences level not in the window instances level. 

3.1.1. The effect of Sequence Identity, PSSM Profiles, 
SABLE-RSA, and Amino Acid Composition Features 

Naïve Bayesian and Logistic Regression models have 
been developed using the sequence identity, PSSM profiles, 
SABLE-RSA, and amino acid composition features repre-
sented by vectors of dimension Nx1, Nx20, Nx1 and 20, 
respectively (N is the window size). In order to optimize the 
performance of the models, we developed the Naïve Bayes-
ian and logistic regression models using patterns of window 
sizes from 5 to 23. Five-fold cross-validation technique is 
conducted on the five groups of antigen sequences generated 
from Raghava et al. 2010[22] dataset; for each model the 
average area under receiver operator characteristics curve 
(AUC) of the five groups is computed. It was observed that 
the PSSM profiles feature achieved the best performance 
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with both classifiers. The average AUC value is 0.643 at 
window size 13.  

Additionally, we developed the same models using the 
composition profile of features: (sequence identity and 
PSSM profiles), (sequence identity and SABLE-RSA) and 
(SABLE-RSA and PSSM profiles) represented by vectors of 
dimension Nx21, Nx2 and Nx21, respectively (N is the 
window size). In order to save time and resources we choose 
window size of 13 for this experiment. Fivefold cross vali-
dation is conducted in the five groups of sequences and it 
was observed that the Naïve Bayesian classifier with the 
combination of PSSM profiles and SABLE-RSA features 
achieve best performance with average AUC of 0.656. Fig-
ure 2, shows the average AUC results generated in our ex-
periments. Figure 3, shows the ROC curves generated from 
cross validating the best model (Naïve Bayesian classifier 
with the composition of PSSM profiles and SABLE-RSA) 
on the 5 antigen groups. 

 
Figure 2.  The performance results of fivefold cross validation on Raghava 
et al.’s dataset. 

 
Figure 3.  The ROC curves generated from fivefold cross validation on 
Raghava et al.’s dataset on the model (Naïve Bayesian classifier with the 
composition of PSSM profiles and SABLE-RSA features). 

3.1.2. The Effect of Amino Acid Physico-Chemical Proper-
ties of Antigen Sequence Residues 

Naïve Bayesian and Logistic Regression models have 
been developed using the amino acid physico – chemical 
properties (hydrophobicity, hydrophilicity, flexibility, ac-
cessibility, exposed, Chou & Fasman Beta-Turn, antigenic, 
and polarity) of each residue in the antigen sequence, rep-

resented by vectors of size N x 1 for each property and N x 8 
for the composition profile of all physico – chemical prop-
erties (N is the window size). In order to optimize the per-
formance of the models, we developed the Naïve Bayesian 
and logistic regression models using patterns of window 
sizes from 5 to 23. Five-fold cross-validation technique is 
conducted on the five groups of antigen sequences generated 
from Raghava et al. 2010[22] dataset; for each model the 
average area under receiver operator characteristics curve 
(AUC) of the five groups is computed. It was observed that 
the Logistic Regression model using the composition of all 
physico – chemical attributes of window size 19 achieved the 
best performance with average AUC of 0.614. Figure 4 
shows the performance results of cross validation using 
amino acid physico – chemical properties. Figure 5, shows 
the ROC curves generated from fivefold cross validation of 
the best model on the 5 antigen groups. 

 
Figure 4.  The performance results of fivefold cross validation on Raghava 
et al.’s dataset using amino acid physico – chemical properties. 

 
Figure 5.  The ROC curves generated from fivefold cross validation on 
Raghava et al.’s dataset on the model (Logistic Regression with the com-
position of all amino acid physico – chemical properties). 

3.1.3. The Effect of Propensity Scale of Amino Acid Phys-
ico-Chemical Properties 

We used the propensity scale classifier in the Epit[34] tool 
to evaluate the performance of each single property of the 8 
amino acid physico – chemical properties. The input to the 
classifier is the amino acid sequences of different window 
sizes from 5 to 23, where the target residue is located in the 
middle of the window. The Propensity Scale classifier is 
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configured with the scale of the 20 amino acids of each 
amino acid physico – chemical parameter. Using fivefold 
cross validation technique and computing the average AUC 
of the five groups, we achieved the results in Figure 6 for 
each amino acid physico – chemical property. It was ob-
served that the propensity scale of the hydrophilicity physico 
– chemical property of the input sequences of size 11 
achieved the best performance with average AUC of 0.602. 
Figure 7, shows the ROC curves generated from fivefold 
cross validation of the hydrophilicity propensity scale on the 
5 antigen groups.  

 
Figure 6.  The performance results of fivefold cross validation on Raghava 
et al.’s dataset using the propensity scale of amino acid physico – chemical 
properties. 

 
Figure 7. The ROC curves generated from fivefold cross validation on 
Raghava et al.’s dataset on the hydrophilicity propensity scale. 

3.2. Graph Centrality Features for Predicting Confor-
mational B-Cell Epitopes from Antigen Structure 

In the physical process of protein folding in the antigen, 
the amino acids interact with each other to produce a 
well-defined three-dimensional structure. Each residue in the 
antigen has a defined dimension. Our idea in this study is to 
represent each structure window as graphs and then extract 
features from the generated graphs. We used Cytoscape 
plug-in CentiScaPe[46] to extract the graph centrality fea-
tures (Betweenness, Centroid, Degree, Radiality, and Stress) 
from each graph window on the DiscoTope dataset. Naïve 
Bayesian and Logistic regression classifiers have been de-
veloped using the graph centrality features. In order to save 
time and resources we fixed the number of nodes in each 

graph to 9. Five-fold cross-validation technique is conducted 
on the five groups of antigen structures generated from 
DiscoTope; for each model the average area under receiver 
operator characteristics curve (AUC) of the five groups is 
computed. Unfortunately, the centrality graph features were 
not sufficient to predict conformational B-cell epitope from 
the antigen structure as the AUC result doesn’t exceed 0.6. 
Figure 8 shows the average AUC results generated in our 
experiments. 

 
Figure 8.  The performance results of fivefold cross validation on Disco-
Tope dataset using Graph centrality features. 

 
Figure 9.  The performance results of fivefold cross validation on Disco-
Tope dataset using propensity score of amino acid physico – chemical 
properties. 

3.3. Propensity Score of Amino Acid Physico – Chemical 
Properties for Predicting Conformational B-Cell 
Epitope fromthe Antigen Structure 

Naïve Bayesian and Logistic regression classifiers have 
been developed with the structure based window of size from 
(5 to 23) of the propensity score of each amino acid physico 
– chemical property. Five-fold cross-validation technique is 
conducted on the five groups of antigen structures generated 
from DiscoTope; for each model the average area under 
receiver operator characteristics curve (AUC) of the five 
groups is computed. It was observed that the Logistic Re-
gression model using the propensity score of hydrophobicity 
physico – chemical attribute of window size 5 achieves the 
best performance with average AUC of 0.669. Figure 9, 
shows the performance results of fivefold cross validation on 
DiscoTope dataset using propensity score of amino acid 
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physico – chemical properties. Figure 10, shows the ROC 
curves generated from fivefold cross validation of the best 
model on the 5 antigen groups. This result showed that the 
propensity score of amino acid physico – chemical properties 
can be used to predict conformational B-cell epitopes from 
the antigen structure. 

 
Figure 10.  The ROC curves generated from fivefold cross validation on 
DiscoTope dataset on the model (Logistic Regression classifier with the 
propensity score of hydrophobicity physico – chemical attribute). 

 
Figure 11.  Comparing Structure and sequence based window for pre-
dicting conformation B-cell epitope. 

3.4. Comparing Sequence and Structure Based Ap-
proaches for Predicting Conformation B-Cell Epi-
tope 

We compare the performance of using the structure based 
and sequence based approaches for predicting conforma-
tional B-cell epitopes. The comparative study is performed 
in the structure based dataset Discotope as we can easily 
extract the antigen sequences from the antigen structure 
whereas the opposite is difficult. The features of each residue 
are extracted from the antigen and windows of type sequence 
based and structure based are generated. Naïve Bayesian and 
Logistic Regression models have been developed using the 
sequence identity, PSSM profiles, RSA, temperature factor, 
and amino acid composition features represented by vectors 
of dimension Nx1, Nx20, Nx1, Nx1 and 20, respectively (N 
is the window size). The models are developed using struc-
ture and sequence windows of size 5 to 23 residues. 

Five-fold cross-validation technique is conducted on the five 
groups of antigen structures in the Discotope dataset; for 
each model the average area under receiver operator char-
acteristics curve (AUC) of the five groups is computed. From 
Figure 11, it was observed that four feature representations 
achieve better performance in case of structure based win-
dows were used. The best performance of average AUC 
value 0.702 is achieved using both classifiers with tem-
perature factor feature of window size 7. Figure 12 shows the 
ROC curves generated from fivefold cross validation of the 
Naïve Bayesian classifier with temperature factor feature on 
the 5 antigen groups.  

 
Figure 12.  The ROC curves generated from fivefold cross validation on 
DiscoTope dataset on the model (Naïve Bayesian classifier with tempera-
ture factor feature). 

 
Figure 13.  Comparing the structure and sequence based approach using 
the composition of features. 

Additionally, we developed the models using the compo-
sition profile of features: (RSA and temperature factor), 
(RSA and PSSM profiles), (Temperature factor and PSSM 
profiles) and (RSA, Temperature Factor and PSSM Profiles) 
represented by vectors of dimension Nx2, Nx21, Nx21, and 
Nx22, respectively (N is the window size). In order to save 
time and resources we choose the structure and sequence 
window size of 9 for this experiment. Using fivefold cross 
validation the results in Figure 13 are obtained. It was ob-
served that the Logistic Regression model using the compo-
sition of RSA and temperature factor features achieved the 
best performance of AUC 0.795 for both structured and 
sequence window.
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Table 1.  Features Composition Classification Results. 

Composition Profile of Features Naïve 
Bayesian 

Logistic 
Regression 

Support Vector Machine 
RBF Kernel Polynomial Kernel 

RSA, Temperature Factor, PS_Hydrophilicity 0.758 0.794 0.807 0.792 
RSA, Temperature Factor, PS_Hydrophilicity, 

PS_Flexibility 
0.732 0.792 0.813 0.795 

RSA, Temperature Factor, PS_Hydrophilicity, 
PS_Flexibility, PS_Antigenic 

0.764 0.790 0.817 0.790 

RSA, Temperature Factor, PS_Hydrophilicity, 
PS_Flexibility, PS_Antigenic, PS_Exposed 

0.755 0.788 0.816 0.789 

RSA, Temperature Factor, PS_Hydrophilicity, 
PS_Flexibility, PS_Antigenic, PS_Turns 

0.756 0.789 0.817 0.794 

RSA, Temperature Factor, PS_Hydrophilicity, 
PS_Flexibility, PS_Antigenic, PS_Turns, PS_Polarity 

0.738 0.781 0.816 0.792 

RSA, Temperature Factor, PS_Hydrophilicity, 
PS_Flexibility, PS_Antigenic, PS_Polarity 

0.753 0.782 0.815 0.793 

 

3.5. Determination of Optimal Model (CBCPRED) for 
Predicting Conformational B-Cell Epitope 

From this study, it is showed that the two structural fea-
tures temperature factor and relative solvent accessibility can 
be used to identify conformational B-cell epitopes. Espe-
cially, the composition of these two features can signifi-
cantly improve the prediction performance. Additionally, the 
propensity score of amino acid physico – chemical properties 
features achieved accepted performance in predicting con-
formational B-cell epitopes. In this section, we present ex-
periments by combining the structural features and propen-
sity score features as input to the machine learning models. 

 
Figure 14.  The ROC curves generated from fivefold cross validation on 
DiscoTope dataset on the model (Support vector machine based on RBF 
kernel with the structural features and propensity score of physico – chem-
ical properties). 

Four classifiers: Naïve Bayesian, Logistic regression, 
SVM – RBF kernel based, and SVM – Polynomial kernel 
based have been developed using the composition of the 
structural features (temperature factor and RSA) and pro-
pensity score of physico – chemical properties features. In 
order to save time and resources we choose the structure and 
sequence window size of 9 for this experiment. Using five-
fold cross validation technique on the five groups generated 
from the 75 antigen structures in the Discotope dataset, we 
obtained the results in Table 1. It is observed that the support 
vector machine based on RBF kernel model with the com-

position of structural features (temperature factor and RSA) 
and propensity score of physico – chemical properties (hy-
drophilicity, flexibility, antigenic) achieves the best per-
formance of AUC value 0.817. The ROC curves generated 
from fivefold cross validation of model are shown in Figure 
14. 

3.6. Determination of Optimal Window Size 

In order to optimize the prediction performance of our 
new model CBCPRED, the optimal window size is deter-
mined by testing different structural window sizes (from 5 to 
23) for the RBF kernel based support vector machine model 
based on the combined features. From Table 2, we can ob-
serve that that the best prediction performance was achieved 
at window size of 15. 

Table 2.  The performance of different window sizes. 

W Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Avg AUC 

5 0.836 0.857 0.728 0.787 0.807 0.803 
7 0.837 0.864 0.753 0.797 0.812 0.812 
9 0.836 0.868 0.763 0.803 0.814 0.817 

11 0.840 0.870 0.766 0.793 0.811 0.816 
13 0.842 0.870 0.767 0.795 0.806 0.816 

15 0.842 0.877 0.771 0.797 0.802 0.818 
17 0.843 0.879 0.773 0.791 0.796 0.816 

19 0.846 0.881 0.777 0.793 0.795 0.818 
21 0.842 0.878 0.763 0.793 0.800 0.815 
23 0.842 0.874 0.767 0.789 0.797 0.814 

3.7. Comparison with Existing Methods 

We compared our model with existing methods Dis-
coTope[3], PEPITO[24], and Liu R et al.[33] for predicting 
conformational B-cell epitope. We realized that these 
methods use Discotope dataset to evaluate their performance. 
We calculated the average AUC values for 75 antigens of our 
new model CBCPRED and compared it with the results of 
the three methods reported by R et al.[33]. The average AUC 
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of our model, DiscoTope[3], PEPTO[24], and R et al.[33] 
are 0.859, 0.726, 0.754, and 0.818, respectively. 

3.8. Independent Testing on Benchmark Database 

The Benchmark dataset prepared by Ponomarenko et al. 
2007[37] is used as independent test set to evaluate 
“CBCPRED” conformational B-cell epitope prediction 
model. After removing the sequence redundancy, only 31 
antigen structures are used in our test. The 75 antigen 
structures of the Discotope dataset are used to train our 
model. We predict the conformational B-cell epitope of the 
31 antigen structures of the Benchmark dataset. We obtained 
an area under receiver operator characteristics curve (AUC) 
of 0.747. Figure 15 illustrates the ROC curve of CBCPRED 
model on benchmark dataset. Additionally, we used 
leave-one-out cross validation technique to evaluate 
CBCPRED performance on the 31 antigens of the inde-
pendent test. We calculate the average AUC values of all 31 
antigens structure obtaining 0.761. 

 
Figure 15.  The ROC curve of CBCPRED model tested on the 31 antigen 
structure of the Benchmark dataset. 

3.9. Prediction of Conformational B-Cell Epitope Resi-
dues in Antigen 1ORQ (PDB ID) 

We choose a complex with chain Id (C) in the antigen 
1ORQ (PDB Id) from the benchmark dataset as an example 
to visualize the prediction results of epitope residues using 
CBCPRED model and compare it with the actual epitope 
residues determined in the benchmark epitope dataset as 
shown in Figure 16. The true positive, false positive and false 
negative values at specificity 95% are 7, 34, and 7, respec-
tively. 

 
(a)                            (b) 

Figure 16.  Visualization of the prediction results for complex 1ORQ 
(PDB ID) chain Id: C; (a) shows the original epitope residues in the antigen 
chain; (b) shows the predicted epitope residues in the antigen chain. 

3.10. CBCPRED Implementation 

CBCPRED is a user friendly web server developed for 
predicting conformation B-cell epitope from a given antigen 
structure. The server is developed using Java Servlet and 
HTML. The user may submit the antigen structure by en-
tering PDB antigen Id or uploading antigen structure file in a 
PDB format, also the user may enter the chain id and de-
termine the specificity threshold score for epitope identifi-
cation. In case of the user enters the PDB antigen id, the 
server downloads the PDB file from the protein data 
bank[44]. The server generates relative solvent accessibility 
using NACCESS[52], extracts the temperature factor from 
the given PDB file, and calculates the propensity scale of 
hydrophilicity, flexibility, and antigenicity for all residues in 
the requested chain. Then for each residue in the antigen 
chain, a structure window of 14 neighbouring residues is 
generated and a feature vector of dimension 5x15 is formu-
lated and passed to the classifier. The epitope residue is 
identified if the prediction score is greater than the input 
specificity value. The prediction output is in a table view 
with all residues in the antigen chain (green rows are epitope 
residues) and 3D view using Jmol[57] an open-source Java 
viewer for chemical structures in 3D where the given struc-
ture is represented and the epitope residues are marked in 
green color. The web-server is freely available at 
http://www.fci.cu.edu.eg:8080/CBCPRED/predict.html. 

4. Conclusions 
In this study, we showed several experiments for pre-

dicting conformational B-cell epitopes using different ap-
proaches. We evaluated the performance of predicting con-
formational epitope residues from the antigen sequences on 
sequence based dataset. Consequently, we proposed new 
methods for predicting the conformation B-cell epitopes 
from the antigen structure using graph centrality features. 
Finally, we conducted a comparative study between the 
sequence based and structure based approaches for predict-
ing conformational B-cell epitopes. 

Additionally, we proposed a new model for predicting 
conformational B-cell epitopes based on support vector 
machine model and the composition of structural features 
and amino acid physico – chemical information. We showed 
that our model outperform other popular prediction methods 
in terms of average AUC value. 
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