
223

Chapter 14
Bioinformatics Methods to Predict  
Allergen Epitopes

Ying He and Ailin Tao

© Springer Science+Business Media Dordrecht 2015 
A. Tao and E. Raz (eds.), Allergy Bioinformatics, Translational Bioinformatics 8, 
DOI 10.1007/978-94-017-7444-4_14

Abstract  Epitopes are composed of contiguous or discontiguous specific amino 
acid residues on an antigen. Binding of these epitopes with their corresponding 
receptors on the surface of lymphocytes is a necessary step for an antigen to acti-
vate these cells and mount an immune response in the body. Therefore, precise 
determination of antigenic epitopes is very important in vaccine design research, 
modification of allergenicity, understanding immune tolerance mechanisms, and 
more. With the rapid development of bioinformatics, many free online servers with 
programs to predict B-cell or T-cell epitopes have emerged in recent years. These 
prediction methods are based on different modeling principles and algorithms, so 
their outcomes and accuracy varies. This chapter will introduce some typical pro-
grams for the prediction of B-cell and T-cell epitopes as well as their modeling 
principles and algorithms.
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14.1 � Introduction

Type I hypersensitivity can be divided into two stages, sensitization, and chal-
lenge. In the sensitization phase, an allergen induces B cells to produce IgE. With 
their Fc segment, IgE binds to the FcεRI on the surface of mast cells, basophils, 
and other target cells, and the body becomes sensitized. In the challenge stage, 
the same allergen is encountered again, specific IgE binds to the surface of the 
target cells, and anaphylaxis can occur. Mast cell and/or basophil degranulation 
causes an allergic reaction by releasing previously synthesized or newly synthe-
sized inflammatory mediators such as histamine and leukotrienes. IgE plays a key 
role in this process and its production involves the differentiation of TH2 cells and 
IgE class switching. The antigen-presenting cells process the allergen to antigenic 
peptides, forming a complex of antigenic peptide and MHC molecule that is rec-
ognized by the T-cell antigen receptor (TCR). The naive T cells then differenti-
ate into TH0 cells, which further differentiate into TH2 cells under the influence 
of multiple factors, thereby promoting B-cell secretion of IgE. On the other hand, 
B-cell antigen receptors (BCR) also identify allergens, resulting in activation of 
STAT6, which can promote IgCε exon germline gene transcription and promote 
an IgE class switch (Linehan et al. 1998). Thus, for an allergen to act as an antigen 
to induce an immune response, it must first be processed and the antigenic pep-
tides presented, with recognition by T cells and B cells being a key step. Currently, 
methods to predict T-cell epitopes are mainly achieved by predicting the binding 
affinity of antigen peptides to MHC molecules. However, rarely, bioinformatics 
tools are available to help identify how the TCR binds to the peptide-MHC com-
plex and which amino acid residues on the peptide bind directly to the TCR.

The antigenic epitope refers to an antigen-specific molecule determined by 
specific chemical groups. Antigens bind through their antigenic epitopes to cor-
responding lymphocyte surface antigen receptors leading to the activation of the 
lymphocytes and eliciting an immune response. The character, number, and spa-
tial configuration of the antigenic epitopes determine the specificity of the anti-
gen, thus influencing the production of the corresponding antibodies or sensitized 
lymphocytes. Epitopes can be divided into B or T-cell epitopes according to which 
cell type they bind to. B-cell epitopes are linear fragments or have a conforma-
tion that can bind to the BCR or specific antibody. Linear antigen epitopes con-
tain a contiguous amino acid sequence that is at the core of the interaction with 
the receptor or antibody. Most of the current predictions using bioinformatics are 
based on linear epitopes. However, 90  % of B-cell epitopes are conformational, 
not linear epitopes. Conformational epitopes contain some noncontiguous amino 
acids in the primary protein structure that become adjacent to each other in the 
folded tertiary structure. T-cell epitopes are linear epitopes that are recognized by 
a T-cell receptor (TCR). Using bioinformatics to predict antigenic epitopes will 
help us to study the modification of allergenicity, vaccine design, and immune tol-
erance mechanisms.
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14.2 � Prediction of Linear B-Cell Epitopes

14.2.1 � Prediction Scheme

Methods to predict linear B-cell epitopes are based on the primary structure of the 
protein together with a comprehensive measure of physicochemical properties, 
structural features, and other characteristics of the protein antigen. The most com-
monly evaluated parameters include hydrophilicity, surface probability, antigenic 
index, flexibility, charge distribution scheme, and secondary structure.

•	 Hydrophilicity

Amino acid residues of the protein antigen are divided into hydrophilic residues 
and hydrophobic residues. Generally, hydrophobic residues are buried inside the 
protein, whereas hydrophilic residues are on the surface and are therefore closely 
linked to the antigen epitopes. Previous investigations have demonstrated that 
charged, polar, and hydrophilic amino acid side chains are common features of 
antigenic determinants. In 1981, a method to predict the antigenic determinants 
by analyzing amino acid sequences was proposed (Hopp and Woods 1981). In this 
prediction method, each amino acid residue is assigned a hydrophilicity value and 
then repetitively averaging these values in a hexapeptide along the peptide chain. 
The point of highest local average hydrophilicity would invariably lie within or 
be immediately adjacent to an antigenic determinant. Since the time this method 
was developed, the Kyte–Doolittle scale (Kyte and Doolittle 1982), HPLC scale 
(Parker et al. 1986), and other hydrophilic prediction schemes have been proposed.

•	 Surface probability

Surface probability refers to the possibility of amino acid residues contacting sur-
face solvent molecules. It reflects the distribution of the outer layers and inside of 
the residues, which indirectly reflect the capacity for antibody binding. The Emini 
scale (Emini et al. 1985) is a typical method for predicting surface probability.

•	 Flexibility

Conformational protein antigens are not rigid and contain a polypeptide chain 
skeleton that has a certain degree of flexibility. The strong active amino acid resi-
due is the site of a large flexibility locus. Since the antigen–antibody binding is 
a lock-and-key process and protein conformations change, “flexible” amino acid 
residues that are prone to twist and fold are most likely to become antigenic 
epitopes. Karplus and Schulz developed a predictive method for protein fragment 
activity based on the atomic temperature factor of 31 proteins with a known three-
dimensional structure (Karplus and Schulz 1985).

•	 Charge distribution

The charge of specific antibodies produced in response to alkaline antigens tends 
to be acidic, whereas the charge of specific antibodies to acidic antigens tends to 
be alkaline (Gershoni et al. 1997).



226 Y. He and A. Tao

•	 Antigenic index

Welling et  al. studied 606 amino acids from 20 proteins of which the antigenic 
regions have been well researched in order to determine the average composi-
tion of an antigenic region (Welling et  al. 1985). Each amino acid is described 
by the frequency that it occurs in the antigenic region which is then divided by 
the frequency of each amino acid in the total protein to generate a scale value. 
Therefore, this method is based on the percentage of each amino acid present in 
known antigenic determinants compared with the percentage of that amino acid 
in the total protein. Studies have shown that some antigenic regions predicted by 
Welling scale are consistent with the results from the hydrophilic method of Hopp 
and Woods (1981). But the disadvantage of this method is that the database is 
limited. Another antigenic index prediction method was proposed in 1988, which 
predicts the topological features of a protein directly from its primary amino acid 
sequence. The computer program generates values for surface accessibility param-
eters and combines these values with those obtained for regional backbone flex-
ibility and predicted secondary structure (Jameson and Wolf 1988).

•	 Secondary structure

Secondary structure prediction programs show that a protruding β turn structure is 
more likely to become an epitope as it often appears on the surface of protein anti-
gens and is easy for antibodies to bind to unlike α-helix and β-sheet structures that 
are generally not epitopes because they are not flexible and are difficult for antibod-
ies to bind to. Protein secondary structure prediction methods include the Chou–
Fasman (Chou and Fasman 1978), Garnier–Robson (Garnier–Robson 1978), Cohen 
(Colloc’h and Cohen 1991), and other methods, but the success rates of these meth-
ods for predicting secondary protein structures are below 65 %. Cohen has a high 
prediction rate for β turn with an accuracy rate as high as 95 % for the known types 
of protein folding (αα type, ββ type, and α/β type). In the case of a protein with 
unknown structure, prediction methods mentioned above for three types secondary 
structures are also available. In addition, the presence of a protruding β turn that is 
consistent in three prediction results is helpful in identifying epitopes.

The various methods for predicting correct epitopes are not that successful. 
Generally speaking, B-cell epitopes should be easily located or able to move to 
the cell surface in order to bind with their specific antibodies. In addition, a certain 
amount of flexibility is required because protein conformations will change when 
the antigen and antibody bind together. Typically, protein epitopes are present in 
the β turn. Therefore, the amino acid residues that are often present in the β turn 
also often appear in the antigenic epitope. Furthermore, the antigenic epitope gen-
erally consists of the amino acid residues with high hydrophilicity. However, cur-
rent computer software programs cannot guarantee accurate predictions so further 
experiments are needed to verify.
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14.2.2 � Prediction Software

With the intensive study of the physical properties of amino acid residues, com-
puter programs are now available, which predict B-cell linear epitopes including 
PEOPLE (Alix 1999), BEPITOPE (Odorico and Pellequer 2003), BcePred (Saha 
and Raghava 2004), and Protean of DNASTAR.

BcePred (http://www.imtech.res.in/raghava/bcepred/) is an online software 
program that predicts linear B-cell epitopes based on their physical and chemi-
cal properties (Saha and Raghava 2004). This dataset contains 1029 nonredundant 
B-cell epitope peptides from the Bcipep database, which were verified in that the 
same number of non-epitopic peptides was extracted from the SWISS-PROT data-
base. The accuracy of this software based on the different prediction schemes was 
between 52.92 % and 57.53  %. After combining four properties (hydrophilicity, 
flexibility, polarity, and exposed surface) of the amino acid, the prediction accu-
racy increases to 58.70 % and the threshold value is 2.38. This server allows users 
to select any combination of amino acids and different physical and chemical 
characteristics including hydrophilicity, flexibility, accessibility, polarity, antigenic 
propensity, exposed surface and turns to predict the B-cell epitopes. The users can 
also choose any threshold value [−3 to +3] for the different parameters with the 
result being that when the threshold value is increased the specificity of the predic-
tion can be improved but the sensitivity is decreased. The default threshold values 
for the different parameters are set based on the optimal sensitivity and specific-
ity. BcePred prediction results can be presented in graphical or tabular form. The 
graphical format displays the score for every parameter of each amino acid residue 
along the protein backbone in different colors, helping users to easily observe the 
B-cell epitopes. Amino acid residues with values higher than the threshold value 
(default is 2.38) are considered to be B-cell epitopes.

14.3 � Prediction of Conformational B-Cell Epitopes

Due to the limited number of known crystal structures of antigen–antibody com-
plexes, the mechanism of antigen–antibody binding is not yet clear and, because 
of the difficulty in designing prediction algorithms as well as for other reasons, 
progress in predicting conformational B-cell epitopes has been relatively slow. In 
recent years, with the development of bioinformatics, some software programs that 
can predict conformational B-cell epitopes have been created.

The prediction of conformational B-cell epitopes usually involves the identifi-
cation of surface and epitope residues, construction of benchmark datasets, algo-
rithm design, and performance evaluation. Currently, prediction methods can be 
divided into four types: (i) machine learning methods; (ii) non-machine learning 
methods; (iii) methods based on phage display experiments; and (iv) protein–pro-
tein interface methods. Most of these methods are based on the protein structure, 

http://www.imtech.res.in/raghava/bcepred/
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and some are based on amino acid sequence data or are combined with the phage 
display data. Some methods use training data that have been validated and some 
methods use nonvalidated data. These prediction methods generally need to take 
the three-dimensional structure of the antigen into consideration, and a fully auto-
mated protein structure homology-modeling server such as SWISS-MODEL is 
available for evaluating antigens with an unknown three-dimensional structure. 
The result of the epitope prediction includes the predicted epitopic residue, posi-
tion and number of epitopic residues. Different methods have various forms of 
output. Some software programs give a score for each surface residue that reflects 
the probability of it being a protein epitope. Some software programs predict 
whether the surface patch, consisting of surface residues, is an epitope. Other soft-
ware combines the above two functions. Some even provide a graphical visualiza-
tion of three-dimensional structures to display the epitope mapping. Most of the 
software programs are able to predict both linear and conformational epitopes.

14.3.1 � Machine Learning Method

In 2005, an online conformational B-cell epitope prediction software program 
CEP (http://bioinfo.ernet.in/cep.htm) was published based on the machine learn-
ing prediction method (Kulkarni-Kale et al. 2005). It is the first free online server 
that uses the Protein Data Bank (PDB) file of the antigen protein tertiary struc-
ture as input and a prediction of the conformational epitope is its output. It can 
also predict linear epitopes, and the results are visualized graphically. This algo-
rithm employs a structure-based bioinformatics method and solvent accessibility 
of amino acids in a specialized manner. By calculating the relative surface area 
of each amino acid in the protein structure, this software is able to confirm which 
regions are sufficiently exposed to be an antigenic epitope. The antigenic residues 
with ≥ 25 percent accessible surface area are identified. Antigenic determinants 
are identified if at least three contiguous accessible residues are present. If the spa-
tial distance between the antigenic residues is below a specified cut-off value, it is 
predicted to be a conformational epitope. The prediction accuracy of this software 
is as much as 75 %. This server was the first approach available for the prediction 
of conformational B-cell epitopes, which is of groundbreaking significance, but its 
disadvantage is that it has fewer feature selections compared with subsequently 
developed similar software.

ElliPro (Ponomarenko et  al. 2008) and many other prediction software pro-
grams based on the machine learning method have now been created. Machine 
learning methods can reveal complex nonlinear relationships in the dataset and are 
suitable for this field with their huge amount of data, but there is noise and lack of 
a unified theory. In order to overcome the deficiencies that include poor prediction 
accuracy, these methods are usually combined with additional features, and some-
times data verified by experiments are used to make predictions. However, further 

http://bioinfo.ernet.in/cep.htm
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improvements in the performance of the system depend on the growing number of 
benchmark datasets and other more valuable features yet to be found.

14.3.2 � Non-machine Learning Method

Use of non-machine learning methods to predict B-cell epitopes refers to the 
use of geometric features of the protein antigenic structure, or the joint use of 
the geometric characteristics together with the physical and chemical character-
istics, to make predictions directly through calculations and without the use of 
machine learning methods. Such methods are intuitively clear and trusted by some 
researchers. Representative software include DiscTope (Haste Andersen et  al. 
2006) and PEPITO (Sweredoski and Baldi 2008).

DiscTope (http://www.cbs.dtu.dk/service) is the first online server created just 
for the prediction of non-contiguous B-cell epitopes (Haste Andersen et al. 2006). 
The algorithm is currently amassing a dataset that includes the crystal structures 
of known antigen–antibody complex object data, conformational epitopes charac-
terized by extensive statistical measurements, and analyses of the spatial charac-
teristics and calculations related to the potential for surface location all of which 
contribute to the prediction of noncontiguous B-cell epitopes. DiscTope is trained 
on a compiled dataset of noncontiguous epitopes from 76 antigen–antibody 
complexes with X-ray diffraction structures. The DiscTope program allows for 
adjustments to the epitope threshold value in order to adjust the specificity and 
sensitivity of the prediction. DiscTope can detect 15.5  % of residues located in 
discontiguous epitopes with a specificity of 95 %, while the other linear epitope 
prediction method can only detect about 11 % of the residues with the same 95 % 
specificity. When software developers set a specificity of 90 % and a sensitivity 
of 24 % to predict the discontiguous epitopes of malaria protein apical membrane 
antigen 1 (AMA1), the results showed 43 of 311 residues in AMA1 were predicted 
as epitope residues.

14.3.3 � Phage Display Method

After years of development and improvement, phage display technology provides 
an easy method for epitope research with high throughput, low costs, and a practi-
cal platform. The phage display prediction method involves finding mimetic pep-
tides with antibody affinity obtained by antibody screening phage display peptide 
libraries, using them to obtain probe motifs, and then searching for the best match-
ing sequence on the surface of the antigen’s tertiary structure. Typical software 
programs include Findmap (Mumey et al. 2003), SiteLight (Halperin et al. 2003), 
3DEX (Schreiber et  al. 2005), Mapitope (Bublil et  al. 2007), PepSurf (Mayrose 

http://www.cbs.dtu.dk/service
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et al. 2007b), Pep-3D-Search (Huang et al. 2008), MIMOX (Huang et al. 2006), 
MIMOP (Moreau et al. 2006), and Pepitope(Mayrose et al. 2007a).

The Pep-3D-Search (http://kyc.nenu.edu.cn/Pep3DSearch/) program is based 
on mimotope analysis to predict conformational B-cell epitopes (Huang et  al. 
2008). The algorithm flow is as follows: First, input a three-dimensional struc-
ture of the antigen (a PDB file) and a set of mimotopes or a motif. Pep-3D-Search 
identifies all surface residues of the query antigen and creates a graph of surface 
residues. Second, either of two modes can be used: the mimotope mode and motif 
mode. In the mimotope mode, the ACO (ant colony optimization) algorithm is 
employed to search for matching paths on the surface of the antigen. Each match-
ing path is scored to the corresponding mimotope. Finally, a P-value calculation 
algorithm and DFS (depth-first search) algorithm are used to screen and cluster 
these paths and the candidate epitopes are revealed. In the motif mode, the motifs 
are located on the antigen surface using the ACO algorithm and the paths with a 
high score are directly output as candidate epitopes.

Phage display peptide library technology combined with computer modeling 
for the prediction of conformational epitopes has a more solid experimental foun-
dation and therefore, predictions are more reliable. However, its limitation is obvi-
ous. It can only predict the epitopes of antigens for which a monoclonal antibody 
is available, thus, it is difficult to carry out more extensive applications for epitope 
prediction.

14.3.4 � Protein–Protein Interface Method

The interaction between antigen and antibody is a type of protein–protein inter-
action, therefore, some prediction tools based on protein–protein interactions 
can also be used to predict B-cell epitopes. The predictions using these methods 
depend on the identification of the characteristics of amino acid residues in the 
protein complex interface. In recent years, there has been a rapid growth of data 
on the three-dimensional structures of proteins, and a number of protein–protein 
interface databases have been created for use. These databases can be used to ana-
lyze the characteristics of amino acid residues in the protein–protein interface, 
the features of sequence conservation, secondary structure, solvent accessibility, 
and side-chain conformational entropy that all make a prominent contribution in 
epitope prediction. The recently created servers for predicting protein–protein 
interfaces include the following: ClusPro (Comeau et  al. 2004) (http://structure.
bu.edu) and PatchDock (Schneidman-Duhovn et  al. 2003) (http://bioinfo3d.
cs.tau.ac.il/sources.html), both of which are based on protein–protein docking; 
PPI-PRED (Bradford and Westhead 2005) (http://bioinformatics.leeds.ac.uk/ppi-
pred), which combines a support vector machine approach with surface patch 
analysis to predict protein–protein binding sites; PIER (Kufareva et  al. 2007)  
(http://abagyan.ucsd.edu/PIER/), which is based on local statistical properties of 
the protein surface derived at the level of atomic groups for predicting interfaces.

http://kyc.nenu.edu.cn/Pep3DSearch/
http://structure.bu.edu
http://structure.bu.edu
http://bioinfo3d.cs.tau.ac.il/sources.html
http://bioinfo3d.cs.tau.ac.il/sources.html
http://bioinformatics.leeds.ac.uk/ppi-pred
http://bioinformatics.leeds.ac.uk/ppi-pred
http://abagyan.ucsd.edu/PIER/
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Prediction of conformational B-cell epitopes is generally required to deter-
mine the tertiary structure of the antigen and computer programs are able to pre-
dict the tertiary structures for those antigens with unknown tertiary structures. 
The currently published tools for the prediction of conformational B-cell epitopes 
have some limitations, but computer prediction programs combined with biologi-
cal experiments, or integrated with the induced fit mechanism of antigen–anti-
body recognition, will all contribute to improve the accuracy of future successful 
epitope prediction.

14.4 � Prediction of T-Cell Epitopes

T cells usually do not directly recognize the epitopes of native protein antigens. 
In order for the antigen to be recognized by the TCR, it must first be processed 
by an antigen-presenting cell (APC). First, after entering the cell by endocytosis, 
the native antigen is degraded into antigen peptides that then bind to the MHC 
molecule and form a peptide-MHC complex, which expressed on the surface 
of the APC and recognized by TCR. Thus, the primary goal in predicting T-cell 
epitopes is to determine the binding affinity of antigenic peptides and MHC mol-
ecules. There are two types of MHC molecules involved in antigen presentation, 
class I and class II. MHC-I molecules bind an endogenous antigen peptide that is 
then expressed on the surface of CD8+ cytotoxic T cells for recognition by TCR. 
In contrast, MHC-II molecules bind an exogenous antigen for recognition by 
the TCR on CD4+ helper T cells. Thus, bioinformatics methods to predict T-cell 
epitopes include predictions for both cytotoxic T-cell (CTL) epitopes and helper 
T-cell (TH) epitopes.

In the adaptive immune system, the binding of MHC-II molecules to antigenic 
peptides plays an important role in the immune defense response. Exogenous pro-
teins are enclosed in an endosome after entering the APC by endocytosis. This 
endosome merges with the primary lysosome to form a phagolysosome, where 
the exogenous proteins are degraded into peptides. The processed peptides bind to 
MHC-II molecules and form complexes that are transported to the APC surface for 
recognition by T helper cells. Since allergens are generally exogenous antigens, 
the main way to predict allergenic T-cell epitopes is to predict the binding affinity 
of the antigenic peptide with MHC-II molecules, but this approach is not able to 
predict the binding affinity of the antigen peptide with TCR.

An empty MHC molecule contains a groove that the peptides fit into. The ends 
of the groove of MHC-I molecules are closed, so a protein fragment must have a 
relatively fixed length to fit this groove. However, unlike MHC-I molecules, the 
ends of the groove of MHC-II molecules are open, allowing for some extension 
of the amino terminal and carboxyl terminal of the peptide (Nielsen et al. 2010b). 
This increases the complexity of predicting peptide binding to MHC-II molecules, 
where changes in the length of TH-cell epitopes are large, usually composed of 
9–25 amino acid residues, and sometimes more than 30 amino acids residues.  
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In addition, genes encoding MHC molecules are extremely diverse. Human 
MHC molecules are termed human leukocyte antigen (HLA), and the HLA gene 
is located on human chromosome VI. The HLA class I genotype mainly includes 
HLA-A, HLA-B, and HLA-C. The HLA class II genotype mainly includes HLA-
DP, HLA-DQ, and HLA-DR. So far, more than 3000 HLA II alleles have been 
found. When analyzing the MHC binding affinity with antigen peptide to predict 
T-cell epitopes, sufficient consideration should be given to the polymorphisms and 
geographical distribution differences of HLA alleles.

14.4.1 � Modeling Methods and Software

Since the late 1990s, researchers have put a lot of effort into computer-based 
methods for predicting T-cell epitopes, and there have been many prediction 
programs based on bioinformatics, so choosing a prediction tool with the high-
est accuracy is very important. Li et al. (2010) selected 309 known epitope pep-
tides, and comprehensively evaluated the accuracy, sensitivity, specificity, positive 
predictive value, and negative predictive value of seven popular epitope predic-
tion software programs that include ARB Matrix(Bui et  al. 2005), MHCPred 
(Guan et al. 2003), NetMHCII (Nielsen et al. 2007), NetMHCIIpan (Nielsen et al. 
2010a), Propred (Singh and Raghava 2001), RANKPEP(Reche et  al. 2004), and 
SYFPEITHI (Rammensee et  al. 1999). The results show the existence of differ-
ences in the reliability of the prediction methods, of which NetMHCIIpan and 
NetMHCII have the highest accuracy (see Table 14.1). We can combine the results 
of these two software programs to determine the epitopes with relatively high reli-
ability, which can provide important information for epitope modification and vac-
cine design.

Table 14.1   Statistical results of epitope prediction software (Li et al. 2010)

Software Accuracy Sensitivity Specificity Positive predictive 
values

Negative predictive 
values

ARB 0.77 0.80 0.71 0.87 0.37

RANKPEPE 0.74 0.68 0.89 0.94 0.34

SYFPET 0.84 0.86 0.84 0.93 0.40

Propred 0.81 0.75 0.96 0.98 0.37

NetMHCIIpan 0.88 0.83 0.85 0.93 0.40

NetMHCII 0.88 0.83 0.87 0.94 0.40

MHCPred 0.61 0.54 0.05 0.76 0.11
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According to the different modeling methods that are based on peptide 
sequences, the prediction methods can be divided into the binding motif method, 
quantitative matrix method and machine learning method as described below:

•	 Binding motif method

This early modeling method is based on binding motifs, and its principle is that 
when a linear polypeptide binds to MHC molecules, only few amino acids con-
tribute to the binding with their side chains and the tightest binding occurs at con-
served amino acids located at both ends of the peptide. This binding site is called 
an “anchor site” and the corresponding amino acid residues at anchor sites are 
called “anchor residues.” Some of these anchor residues together form a fixed pat-
tern, commonly referred to as a “motif.” This modeling method works by evaluat-
ing whether the peptide fragment has known motifs in order to determine whether 
there will be binding between peptide and MHC-II molecule. Thus, the more veri-
fied MHC-II binding motifs there are, the better the accuracy of TH-cell epitope 
prediction.

SYFPEITHI (http://www.syfpeithi.de/) is a representative motif modeling 
method. Its database is based on T-cell epitopes and MHC ligands that have 
been verified in the literature and covers 7000 peptides that bind to MHC-I and 
MHC-II molecules (Rammensee et al. 1999). Each peptide has been cited in the 
literature and is directly linked to the EMBL and PubMed databases. Thus, the 
number of peptides is constantly updated. This prediction method is based on 
published motifs (pool sequencing and natural ligands) and takes into account the 
amino acids at anchor positions and auxiliary anchor positions, as well as other 
frequently occurring amino acids. A score for the amino acid residue is calcu-
lated from a set of criteria that looks at whether or not they are anchor residues, 
auxiliary anchor residues or preferred residues. Ideal anchor residues are given 
10 points, unusual anchor residues 6–8 points, auxiliary anchor residues 4–6 and 
preferred residues 1–4 points. Amino acid residues that are considered to have a 
negative effect on the binding ability is given a score between −1 and −3. Recent 
studies on anchor residues have shown that, due to great variability in the binding 
groove of MHC-II molecules, the restriction of anchor residues is not as strong as 
that of MHC-I. In addition, some peptides that bind to MHC-II molecules are not 
required to exactly match the anchor site. Thus, using binding motif methods to 
predict T-cell epitopes is not very accurate and the reliability of SYFPEITHI pre-
diction method is only about 50 %.

•	 Quantitative matrix method

The development of quantitative matrix modeling methods to identify MHC-
II binding peptides heralded a new stage in epitope prediction. The principle of 
quantitative matrix modeling is that the contribution of each amino acid residue in 
a peptide to binding to MHC-II molecules is independent, and the binding values 
can be added linearly. In the quantitative matrix, a protein sequence is fragmented 
into 9-mer peptides in a sliding window, each amino acid in the 9-mer peptides 
is assigned a binding value based on the type of amino acid and its position, and 

http://www.syfpeithi.de/
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then the values of each amino acid in the 9-mer peptide are added to obtain a total 
score. This score is compared with a threshold score to determine the likelihood 
that a peptide will bind to MHC molecules. In general, the prediction accuracy of 
the quantitative matrix approach is higher than the binding motif method.

TEPITOPE (http://www.imtech.res.in/raghava/propred/) is a typical quantita-
tive matrix method that has been widely used to study a variety of subunit vaccines 
(Sturniolo et  al. 1999). The MHC-II type alleles have enormous polymorphisms 
(there are more than 690 kinds of known HLA-DR alleles) to allow for binding 
to different peptides, so prediction of peptide molecule binding to MHC-II is 
complex. TEPITOPE covers more than 50 HLA-DR alleles. Using TEPITOPE 
as its foundation, Raghava et al. established the online server Propred that has an 
improved graphical display so that a variety of specific HLA-DR binding peptides 
can be displayed overlapping with each other at a glance, and these overlapping 
regions may be the heterozygous T-cell epitopes.

•	 Machine learning method

The machine learning method is an advanced method developed in recent years 
to predict helper T-cell epitopes and overcomes the disadvantages of the motif 
method and the matrix method. It can reveal the complicated nonlinear relation-
ship in dataset with high specificity, accuracy, and adaptability, so it has been 
widely used. The main mode of the machine learning method is to first use 
machine learning approaches to determine the binding center, and then to estab-
lish prediction model based on the recognized binding center. A typical modeling 
method of machine learning was proposed in 1998 (Brusic et  al. 1998), which 
was a MHC-II binding peptides prediction method based on an evolutionary algo-
rithm (EA) and an artificial neural network (ANN). The main steps of this type of 
modeling are: (1) Binding data extraction—peptide sequences and their binding 
affinities are collected from a variety of sources; (2) Peptide alignment—an EA is 
used to generate alignment matrices that are then used to find and align putative 
nonamer cores of known binders; (3) ANN training and classification—the ANN 
training set comprising aligned binding nonamer cores and nonbinding nonamers 
is used to train ANNs to predict the binding affinity of query peptides. Machine 
learning algorithms include artificial neural networks, evolutionary algorithms, 
hidden Markov chains, Gibbs sampling, and support vector machines. NN-align 
and NetMHCIIpan are representative servers that are based on artificial neural net-
works to predict T-cell epitopes.

NetMHCIIpan 2.0 (http://www.cbs.dtu.dk/services/NetMHCIIpan-2.0/) is an 
improved pan-HLA-DR binding prediction method that uses concurrent align-
ments and a weight optimization training program (Nielsen et  al. 2010a). This 
method is a pan-specific version of the earlier published allele-specific NN-align 
algorithm. It does not require pre-alignment of the input data, which means that it 
does not require a certain amount of data related to MHC molecules in the training 
data to generate an accurate result of specific alleles. Thus, this method is useful 
for making predictions for alleles with limited known binding data. Using large 
and diverse benchmark data to evaluate the predictive accuracy of NetMHCIIpan 

http://www.imtech.res.in/raghava/propred/
http://www.cbs.dtu.dk/services/NetMHCIIpan-2.0/
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2.0, the results showed that the method was significantly better than the earlier 
MHC-II prediction methods and was particularly improved for alleles with very 
limited binding data where the conventional methods often have poor prediction 
accuracy.

14.4.2 � Application of Software Prediction

With advances in bioinformatics, a number of T-cell epitope prediction tools have 
been developed but the accuracy of these predictions must be experimentally 
verified. Ailin Tao et  al. from Guangdong Provincial Key Laboratory of Allergy 
and Clinical Immunology have worked extensively in this field. They used the 
NetMHCII 2.2 online server to predict the TH-cell epitopes for nearly 20 kinds 
of representative allergens including mites (Der f 1, Der f 2, Der f 3, Lep d 2, 
and Sar s 14), cat (Fel d 1), house (Equ c 1), fungi (Mal f 1), Parietaria judaica 
(Par j 1), birch (Bet v 1), ryegrass (Lol p 5b), oysters (Cra g 1), mackerel (Sco j 
1), soybean (Gly m 4), peanut (Ara h 2 and Ara h 8), lentils (Len c 1), and so on. 
Then, in order to reduce their allergenicity, the strong binding sites of the allergen 
were modified by site-directed mutagenesis PCR to attenuate their MHC-II bind-
ing affinity. Finally, the allergenicity was evaluated using a human dendritic cell 
model as well as with sensitized mice models to verify the prediction accuracy of 
the epitope modification.
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