1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

HHS Public Access

Author manuscript
Methods Mol Biol. Author manuscript; available in PMC 2021 May 10.

Published in final edited form as:
Methods Mol Biol. 2017 ; 1484: 255-264. doi:10.1007/978-1-4939-6406-2_17.

In Silico Prediction of Linear B-Cell Epitopes on Proteins
Yasser EL-Manzalawy, Drena Dobbs, Vasant G. Honavar

Abstract

Antibody-protein interactions play a critical role in the humoral immune response. B-cells secrete
antibodies, which bind antigens (e.g., cell surface proteins of pathogens). The specific parts of
antigens that are recognized by antibodies are called B-cell epitopes. These epitopes can be /inear,
corresponding to a contiguous amino acid sequence fragment of an antigen, or conformational, in
which residues critical for recognition may not be contiguous in the primary sequence, but are in
close proximity within the folded protein 3D structure.

Identification of B-cell epitopes in target antigens is one of the key steps in epitope-driven subunit
vaccine design, immunodiagnostic tests, and antibody production. In silico bioinformatics
techniques offer a promising and cost-effective approach for identifying potential B-cell epitopes
in a target vaccine candidate. In this chapter, we show how to utilize online B-cell epitope
prediction tools to identify linear B-cell epitopes from the primary amino acid sequence of
proteins.
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Introduction

Antibodies, which are glycoproteins produced in membrane-bound or secreted form by B
lymphocytes, mediate specific humoral immunity by engaging various effector mechanisms
that serve to eliminate the bound antigens [1]. The characterization of antibody-protein
interactions has been the focus of extensive research. This work has advanced our
understanding of the adaptive immune system and contributed to important practical
applications, such as identifying subunit vaccine targets [2, 3]. When an antibody binds to a
protein, the resulting binding sites in the antibody and the protein are called the paratope and
epitope, respectively. Among the several experimental methods for mapping B-cell epitopes
and paratopes [2, 3], X-ray crystallography is perhaps the most preferred method because of
its accuracy. Due to the high cost and technical challenges presented by experimental
methods for mapping epitopes and para-topes, there is an urgent need for reliable in silico
methods for identifying binding sites in antibody-protein complexes [4].

B-cell epitopes are classified as either linear or conformational. Linear epitopes are
fragments of continuous amino acids in the protein sequence. Conformational epitopes
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consist of amino acid residues that may be separated in the protein primary sequence, but are
brought into physical proximity via protein folding. Although more than 90 % of epitopes
are estimated to be conformational [5], most experimental studies and computational
methods focus on mapping linear B-cell epitopes.

In this chapter, we discuss different computational methods for predicting linear and
conformational B-cell epitopes and outline procedures for in silico identification of linear B-
cell epitopes from amino acid sequence. Because the predictive performance of individual
linear B-cell prediction methods is far from satisfactory, we propose a procedure that
combines predictions from multiple predictors to obtain more reliable consensus predictions.
Our approach also uses known or predicted 3D structures of target proteins to filter out false
predictions. Due to the very limited availability of sequence-based conformational B-cell
epitope prediction tools, consensus predictions are not currently feasible at present.
However, with anticipated increase in the amount of experimental data, further advances in
predicting conformational epitopes can be expected.

2 Materials

2.1 Data

In this protocol, the query is the primary sequence of a target protein (e.g., vaccine
candidate). This vaccine candidate may be determined based on a literature survey (e.g., [6])
or using reverse vaccinology tools [7-9]. In some cases, the user may focus on protein
fragments reported in literature or found to be conserved based on a multiple sequence
alignment of the target protein sequences from multiple strains of the pathogen.

2.2 Linear B-Cell Epitope Prediction Tools

Early computational methods for mapping linear B-cell epitopes in an amino acid sequence
assumed some correlation between a certain single physicochemical property of an amino
acid (e.g., hydrophilicity, flexibility, or solvent accessibility propensity) and the likelihood
that the amino acid would be part of a linear B-cell epitope [10-12]. BcePred [13] predicts
linear B-cell epitopes using a combination of physicochemical properties as opposed to
propensity measures based on a single amino acid property. BepiPred [14] combines the
hydrophilicity scale proposed by Parker et al. [12] with a Hidden Markov Model (HMM)
predictor. All these methods provide residue-based predictions, in that they assign a score to
each residue in the query protein sequence; the higher the score assigned to a residue is, the
more likely it belongs to a linear B-cell epitope (se¢ Fig. 1 for an example).

Alternatively, several machine learning methods classify amino acid peptide chains of
specific lengths as either epitopes or non-epitopes. BCPred [15] predicts linear B-cell
epitopes of length 12, 14, 16, 18, 20, 22 amino acids using a Support Vector Machine (SVM)
classifier and a string kernel. FBCPred [16] is a variant of BCPred for predicting linear B-
cell epitopes of virtually any length. COBEpro [17] uses a two-stage procedure for
predicting linear B-cell epitopes. In the first stage, an SVM classifier is used to assign scores
to fragments of the query antigen. In the second stage, a prediction score is assigned to each
residue in the query antigen based on the SVM scores for the peptide fragments. LBtope
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[18] provides improved predictions of linear B-cell epitopes by training classifiers using
experimentally validated non-epitopes, whereas all previous methods used randomly
sampled fragments from UniProt as the non-epitope training data. Recently, we showed that
further improvements in the reliability of linear B-cell epitope predictions can be obtained
by using ensemble classifiers that combine multiple linear B-cell epitope predictors [19].

2.3 Conformational B-Cell Epitope Prediction Tools

The problem of conformational B-cell epitope prediction can be defined as follows: Given
the primary or the tertiary structure of a query protein, what are the interfacial residues
involved in the complex formed between the query protein and an antibody. This is
essentially a subproblem of the more general problem of protein-protein interface prediction
[20, 21], where the goal is to identify interfacial residues in a query protein that form a
complex with any other protein (including antibodies). Unfortunately, protein-protein
interface predictors trained on large data sets of protein-protein interfaces are not sufficiently
reliable for predicting antibody-protein interfaces [22].

Partly due to the small number of solved antibody-protein structures, relatively few methods
for predicting conformational B-cell epitopes have been proposed in the literature. The
performance of the available methods remains far from satisfactory [4, 22]. Table 1
summarizes current B-cell epitope prediction methods that are available in the form of freely
accessible web servers or downloadable software packages. In this table, we have
categorized B-cell epitope prediction methods as sequence-based or structure-based,
according to whether the method accepts the primary sequence vs. the 3D structural
coordinates of the query protein as input. We have also categorized the methods as residue-
based or patch-based. Residue-based methods return a prediction score for each residue in
the query protein. Patch-based methods decompose the surface of the query protein into
patches and return a single prediction score for each patch. Each patch could be interpreted
as an epitope of an antibody-protein complex.

The vast majority of available tools for predicting conformational B-cell epitopes are
structure-based in that they require the solved/predicted unbound structure of the target
protein as input to the predictor. Hence, their applicability is limited by the availability of an
experimentally determined 3D structure (from the PDB [23]) or a homology model for the
query protein (see Note 1). To address this limitation, BEST [24] and CBTOPE [25] have
been proposed for predicting conformational B-cell epitopes using amino acid derived
information.

All of the methods described in Table 1 are antibody-independent B-cell epitope prediction
methods [26], in the sense that they do not take advantage of information about the binding
antibody in predicting the antibody binding site on the antigen. Recently, some antibody-
specific B-cell epitope prediction methods have been proposed (see Note 2). Antibody-
specific B-cell epitope prediction methods are motivated in part by: (1) the success of

Lin the absence of solved 3D structure for a query protein, computational tools like I-TASSER [40] could be used to predict the 3D
structure of that protein. I-TASSER is a template-based method for protein structure and function prediction. The pipeline consists of
four major steps: template identification, structure reassembly, atomic model construction, and final model selection.
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partner-specific protein-protein interface predictors [27, 28] and allele-specific major
histocompatibility complex (MHC) binding site predictors [29, 30]; and (2) the observation
that virtually any surface accessible region of an antigen can become the target of some
antibody and elicit an immune response [26, 31] and hence it is much more useful to focus
on the binding site for a specific antibody.

3 Methods

In this section, we focus on sequence-basedtools for identifying linear B-cell epitopes.

3.1 Predicting Linear B-Cell Epitopes

Given the amino acid sequence of a protein of interest, apply the following procedure to
obtain a list of predicted linear B-cell epitopes within the query sequence:

1 Go to submission page of BCPREDS server (see Fig. 2) accessible at http://
ailab.ist.psu.edu/bcpred/predict.html.

2. Paste the amino acid sequence of the target protein.

3. Select the prediction method. The server currently supports three methods:
BCPred [15], AAP [32], and FBCPred [16]. The user is encouraged to try all
three methods (see step 9).

4, Select the length of the epitope. BCPred and APP methods can handle queries
for a set of prespecified lengths (12, 14, 16, 18, 20, 22). FBCPred predicts linear
B-cell epitopes of any length specified by the user. Some tips and guidelines for
deciding on epitope length are provided in Note 3.

5. Select the specificity of the classifier (see Note 4).

6. Uncheck “report only non-overlapping epitopes” if you want the server to report
all predicted epitopes with probability greater than the cut-off corresponding to
the select classifier specificity in step 6. Otherwise, highly ranked non-
overlapping epitopes will be also reported (see Note 5).

7. Click “Submit query” to obtain predicted epitopes in the query sequence.

8. Repeat steps 1-8 for other supported prediction methods. Discard epitopes
predicted by only a single method. The intuition behind this is that consensus

2Antibody-specific B-cell epitope prediction methods take into account the binding antibody sequence or structure in order to predict
conformational B-cell epitopes in a query antigen sequence of known structure. EpiPred [34] is a fully structure-based method that
requires the structures of an antigen and its putative binding antibody. Bepar [35] and ABepar [36] are fully sequence-based methods
that take the sequences of the interacting antigen and antibody as input. PEASE server [37] predicts conformational B-cell epitopes in
an antigen of known structure, given the sequence of the binding antibody.

Deciding on optimal epitope length is not trivial. In fact existing tools cannot reliably predict optimal linear B-cell epitopes because
most of the experimentally validated linear B-cell epitopes used to train these predictors are not optimal in length. However, it makes
sense to use lengths between 12 and 16 amino acids because the lengths of known epitopes are within that range [15].

There is always a trade-off between specificity and sensitivity. Higher specificity means lower false positive rate at the expense of
missing some true positives (i.e., epitopes). We recommend using low specificity cut-offs and combining predictions from several
tools to eliminate false positive predictions.

SA query protein sequence of L amino acids has L-k + 1 potential linear B-cell epitopes of length equal k. BCPREDS predictors
assign a score to every candidate epitope and report epitopes with scores higher than the cut-off corresponding to user-specified
specificity. To eliminate highly overlapping predicted epitopes and identify antigenic regions, the user might configure the tool to
show non-overlapping epitopes.
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predictions are usually more reliable than predictions obtained from a single
prediction method.

9. Figure 3 shows the output of BCPREDS, in which non-overlapping epitopes
predicted by the three prediction methods are combined and consensus
predictions are identified (bold residues in the sequence).

10.  Users are also encouraged to consider predictions by other servers (e.g.,
COBEPro [17]) by following essentially the same procedure described here to
submit queries.

11.  Evaluating the results: If possible, the user should filter out likely “false
positives,” i.e., predicted epitopes that do not lie on the surface of the protein by
mapping the predicted epitopes onto a solved or predicted 3D structure of the
query protein (see Note 6). In addition, the user might use the Immune Epitopes
Database Analysis Resource (IEDB-AR) [33] to generate propensity scale
profiles for the query protein (see Note 7). Although these profiles cannot
provide reliable predictions of linear B-cell epitopes (see Note 8), they could be
useful in highlighting potential antigenic regions of interest to confirm
predictions by BCPREDS.
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Fig. 1.
Propensity scale profiles for the Ebola virus GP protein (UniProt ID Q05320) generated

using (a) BepiPred, (b) surface accessibility, (c) flexibility, (d) antigenicity. Regions with
scores above the red /ine are more likely to contain linear B-cell epitopes
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predict.html
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Linear B-cell epitopes predicted using three different linear B-cell epitope predictors
currently supported by BCPREDS: BCPred, AAP, and FBCPred. Bold residues indicate
epitope residues predicted by at least two methods
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Summary of antibody-protein binding site (conformational B-cell epitope) online prediction tools

Table 1

Tool URL of web server Comments

CBTOPE http://www.imtech.res.in/raghava/cbtope/ Sequence-based, residue-based
DiscoTope  http://www.cbs.dtu.dk/services/DiscoTope/  Structure-based, residue-based
ElliPro http://tools.immuneepitope.org/ellipro/ Structure-based, residue-based
EPCES http://sysbio.unl.edu/EPCES/ Structure-based, patch-based
Epitopia http://epitopia.tau.ac.il/ Structure-based, residue-based
EPSVR http://sysbio.unl.edu/EPSVR/ Structure-based, patch-based
PEPITO http://pepito.proteomics.ics.uci.edu/ Structure-based, residue-based
SEPPA http://lifecenter.sgst.cn/seppa2/ Structure-based, residue-based
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