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SUMMARY

In this paper, current prediction methods and algorithms for both T- and B cell epitopes are reviewed, and a
comprehensive summary of epitope prediction software and databases currently available online is also provided.
This review can offer researchers in this field a sense of direction and insights for future work. However, our main
purpose is to introduce clinical and basic biomedical researchers who are not familiar with these biological analysis
tools and databases to these online resources and to provide guidance on how to use them effectively. Copyright #
2008 John Wiley & Sons, Ltd.
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INTRODUCTION
Epitopes are of particular interest to both clinical
and basic biomedical researchers as they hold huge
potential for vaccine design, disease prevention,
diagnosis and treatment. Vaccine development in
the past depends exclusively on biochemical and
immunological experiment, such as phage display
library, overlapping peptides, ELISA, NMR,
immunoflurorescence, radioimmunoassay, Wes-
tern blotting, immunohistochemistry, X-ray crys-
tallography studies of antibody/antigen structure
and attenuation of the wild type pathogens by ran-
dom mutations and serial passages, which is very
expensive, time-consuming, with low immuno-
genicity and reversible. Now, with the aid of epi-
tope predictive software and databases, we are
able to narrow protein of our interest, and drasti-
cally reduce the number of wet experiments. Effec-
tive individual vaccine designs are made cheaper
and faster. Given the potential importance of epi-
tope identification in developing vaccines against
infectious, immune and other antigen-related dis-
eases, epitopes are studied widely by researchers
in various fields, and a large expansion of data-
bases, predictive methods and software focussing
on different types of epitopes has been witnessed.
The average immunologists are overwhelmed

with such a broad array of immunological analysis
tools that are highly specific in use, not well under-
stood or defined, tested on limited data and not
publicly accessible [1]. There have been some
reviews on computational methods and tools for
MHC/peptide interaction studies [2–5] and B epi-
tope prediction methods [5,6], but no work has
been done on reviewing currently available meth-
ods, software and databases for both T- and B cell
epitope prediction. Our primary purpose is to
facilitate biomedical researchers’ work by familiar-
ising them with the essential updated internet
resources on epitopes and assist them make
informed selection among these diversely avail-
able tools.

EPITOPE PREDICTION METHODS
Antigenic determinants or epitopes are the regions
of an antigen that bind to antigen-specific mem-
brane receptors on lymphocytes or to secreted
antibodies, thereby eliciting either cellular or
humoral immune response. Epitopes can be classi-
fied into continuous (or linear) and discontinuous
(or conformational) epitopes. Continuous epitopes
are linear peptide fragments which are usually
amphipathic helical 9–12 mers and recognised by
Th cells or TCRs (T cell receptors). Prior to MHC
binding and presentation to TCRs and Th cells,
antigens must be processed into peptide fragments
or epitopes through different antigen processing
pathways, mostly being cleaved by proteasomes,
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although protein splicing is also observed [7], and
there is about 0.05% chance of immunogenicity for
every antigen [8]. Discontinuous epitopes are
structurally more complicated, nonlinear and dis-
crete 15–22 mers, aggregated together due to fold-
ing in natural protein, which can be recognised by
both B cells and Th cells in their native structure.
According to their respective receptors, epitopes
are categorised into B- and T cell epitopes. B cell
epitopes contain both continuous (�10%) and dis-
continuous (�90%) epitopes, while the majority of
T cell epitopes are continuous. B cell epitopes are
recognized by B cell receptors or antibodies in
their native structure. Consequently, there has
been a considerable amount of interest in studying
Ag-Ab binding site topography and the amino
acids residues in CDRs, or Specificity Determining
Residues (SDRs) that directly interact with anti-
gens [9,10]. The number of epitopes is enormous,
with discontinuous epitopes estimated at
about >> 1011, continuous epitopes composed of
nine amino acids > 1011, and a comparable amount
of T cell receptors [11], MHC haplotypes, combina-
torial antibodies and B cell clonotypes [12]. B cell
epitopes can also be divided into three categories
based on their immunogenic potency (antibody
level increase after administration of vaccines):
immunodominant (two–threefold), immunogenic
(onefold) and non-immunogenic (zerofold).

Epitope prediction dates back to 1981 when the
first B cell epitope prediction method was devel-
oped by Hopp and Woods. Since then many
more methods have been developed or adapted
from other computational tools; for example B
cell epitope prediction [13–16] and T cell epitope
prediction [17–20]. Despite the early start, how-
ever, prediction systems for B cell epitopes are still
in their infancy. Attention is, however, shifting to
discontinuous B cell epitope prediction. For T cell
epitope prediction, MHC I binding predictions
are now very strong and have wide allelic
coverage by integration with predictions of protea-
somal cleavage and TAP binding sites. MHC II
binding predictions are not as well developed as
MHC I binding predictions, but are progressing at a
fast pace.

General epitope prediction methods
Currently, four approaches are employed to pre-
dict epitopes: sequence-based methods, structure-
based methods, hybrid methods and consensus

methods. While prediction accuracy for hybrid
methods is higher than sequential and structural
approaches, consensus methods give the best pre-
diction results.

Sequence-based epitope prediction
Sequence-based method utilises the notion that
sequence dictates structure and identical structure
in turn leads to identical functions. T cell epitopes
have a common sequence pattern or motif, as well
as MHC allele specificity determining subpatterns.
The regions recognised by T cells on an antigenic
protein are largely distinct from regions recog-
nised by antibodies, and correspond to helices in
the intact protein or can be modelled into amphi-
pathic helices. To make useful, informative epitope
prediction, epitope physicochemical properties are
also used, such as exposed surface, accessibility,
flexibility, hydrophilicity, charge, number of proline
residues, the proximity of the segment towards the
C- or N-terminal of the protein, etc. Due to the
enormous number of physicochemical properties
that are associated with epitopes, simpler quanti-
tative descriptors of amino acid properties are
sometimes used to simplify computation.

Techniques, such as binding motifs, quantitative
matrices (QM), virtual matrices, machine learning
algorithms (ANN, HMM, SVM), evolutionary
algorithms [21], linear programming [22], etc. are
used to identify the binding peptide. They all
have their relative advantages and disadvantages
[23]. For example, in a comparative study, Yu
et al. suggested that motifs give the most accurate
MHC-peptide binding predictions with a limited
dataset, but as the data volume increases, machine
learning predictions become more reliable [24].
Among machine learning methods, Bahsin and
Ragahava have compared QM, SVM (support
vector machine) and ANN (artificial neural
network) techniques, and found that SVM techni-
ques performed best [25]. SVM is particularly
attractive to biological analysis, due to its
ability to filter noise, large input spaces and
good performance [27]. BLAST and FASTA are
common sequence–sequence comparison methods
used to find sequence homologues and assign
amino acid scores by multiple alignment of query
protein sequence with template sequences in a
database.

However, prediction methods based on protein
sequence analysis are not preferred because
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some experiments have shown that proteins with
high sequence identity may possess differential
functions due to folding, interactions among vari-
able regions in the sequence and different cellular
compartmentisation [28]; and large datasets are
required for training.

Structure-based epitope prediction
The structure-based prediction model bases on 3D
protein structure to screen potential binders. Struc-
tural similarity between query protein and tem-
plate proteins are used to predict epitopes of
interest. Methods utilising structure in predicting
sequential and discontinuous epitopes is new when
compared to sequence-based approach. Existing
structure-based epitope identifying techniques
include mutagenesis, competition experiments,
free energy scoring function, knowledge-based
free energy scoring, protein threading [29,30],
homology modelling [31], virtual pockets, rigid/
flexible docking [32–36] and atomistic molecular
dynamics simulations. The molecular dynamics
modelling technique is fairly new and not many
prediction methods and software have been based
on it.

The structure-based epitope prediction approach
has several advantages over the sequence-based
one. Firstly, a smaller dataset is used for training.
Secondly, it can predict candidate peptides for
alleles that have not been extensively studied, and
where sequence-based approaches have failed or
were not attempted. Thirdly, it is only possible to
predict discontinuous epitopes through structure.
Lastly, even sequence-based approaches depend
on structure to make reliable predictions. As a
result, structural-based approaches give more accu-
rate prediction. However, structure-based approach
has been greatly limited due to high computational
cost, development complexity and scarcity of 3D
protein structures.

Hybrid prediction methods: combining sequential
with structural analysis
Given the poor performance of epitope predictors
based on sequence or structure analysis, it is clear
that any single method cannot accurately predict
epitopes. Consequently, some researchers turned
to building predictive methods taking advantage
of both sequential and structural information. For

example, a new method which integrates 3D pro-
tein structure with physicochemical properties of
amino acids using machine learning methods like
Hidden Markov Model (HMM), supporting vector
machine (SVM), ANN, etc. improved the predic-
tion precision to a though small but significant
degree [37]. Like structural-based approach, its
further development is hampered by the limited
availability of 3D structure data of antigens and
true negative datasets, both to construct better pre-
dictors and evaluate the algorithms. There is also
the possibility of false positives because different
antibodies have overlapping binding sites.

Consensus from multiple methods
To gain even higher sensitivity and specificity,
consensus method is utilised to combine strengths
of various methods. Table 1 illustrates how a con-
sensus method works. Theoretically, this is simple
and easy to understand. In practice, many pro-
blems exist with this approach, such as computer
computational limitations, compromised predic-
tion speed, different output formats and the diffi-
culty of integrating prediction results into the final
consensus result. For example, a sequence seg-
ment is given a high score, but is predicted fewer
times as an epitope, it is hard to decide whether
high score or more prediction times should be
included in the generation of consensus output.
However, despite the increased difficulties in con-
structing a consensus method, a few consensus
prediction software with increased epitope predic-
tion accuracy are available online.

T cell epitope prediction
T cell epitopes are largely predicted indirectly by
identifying MHC binders. MHC binding predic-
tion consists of MHC I and II binding prediction.
Prediction methods for MHC I and II are distinct
from each other, as MHC I binding grove is
closed, while the binding grove for MHC II is
open at both ends which can accommodate pep-
tides of variable length, typically 13–25 amino
acids long (see Figure 1). As a result, MHC II bind-
ing prediction have much lower accuracy rate
than that of MHC I binders. The predicted MHC
II binding cores are often extended at both ends
to obtain an effective T cell epitope. T cell epitope
prediction methods and algorithms can be
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roughly grouped into several distinct types: bind-
ing motifs, QM, free energy scoring functions
(Fresno), machine learning techniques (ANN,
HMM, SVM, etc.), MHC peptide threading, 3D-
QSAR (three-dimensional quantitative structure
and activity relations), and molecular modeling
[38]. For a comparison of T cell epitope prediction
methods, see Table 2. Although prediction accu-
racy are improving, these indirect methods still
cannot give highly reliable predictions, as some
MHC binders do not elicit immune response
[26]. Moreover, not all predictors employing these
methods have the uniform specificity and sensi-
tivity, depending on the data selection for model
building, training, validation, epitope types and
users’ ability to correctly use these predictors. In
a bid to build better prediction tools and
help users use these software, some researchers
have made tentative attempts to establish a

framework for building prediction tools from
these methods [39].

B cell epitope prediction
Existing methods used to predict B cell epitopes
are: for continuous B cell epitopes, Hopp and
Woods (1981) [40], Kyte and Doolittle (1982),
Welling et al. (1985) [41], Parker et al. (1986) [42],
Kolaskar and Tongaonkar (1990) [43], PEOPLE
(Alix, 2000) [44], and for discontinuous B cell epi-
topes, Kolaskar and Urmila Kulkarni (1999), Dis-
ctope, etc. Continuous B cell epitope prediction is
very similar to T cell epitope prediction, which has
mainly been based on the amino acid properties,
such as hydrophilicity, charge, exposed surface
area, secondary structure, etc. Discontinuous B
cell epitope prediction requires 3D structure of
Ag-Ab complex. The binding of antigen to anti-
body is shown in Figure 2. Currently, only a few
methods and prediction tools for discontinuous B
cell epitopes are available, and their performances
are very poor, with an area under the Receiver
Operating Characteristic curve value (ROC) of
approximately 0.6 [37]. B cell epitope prediction
methods are compared in Figure 3. The poor per-
formance of current prediction methods, which is
a reflection of the generality of antigenicity, has
prompted some researchers to doubt the existence
of epitope as a discrete and intrinsic entity of
protein [45]. Assuming epitopes exist, one reason
for the intractable problem in predicting B cell
epitopes is that B cell epitopes are mostly discon-
tinuous, enormously diverse and existing compu-
tational tools for analysis of sequences are not
applicable. Another reason is due to small training
database. The prevalent low prediction accuracy
rate for discontinuous B cell epitopes is not hard
to explain when one considers the ratio of defined

Table 1. Consensus method for epitope prediction

Prediction M 1 M 2 M 3 M 4 Consensus
methods Method

Prediction Non-epitope Non-epitope Non-epitope Non-epitope 0% epitope
result Epitope Non-epitope Non-epitope Non-epitope 25% epitope

Epitope Epitope Non-epitope Non-epitope 50% epitope
Epitope Epitope Epitope Non-epitope 75% eitope
Epitope Epitope Epitope Epitope 100% epitope

Figure 1. MHC I and II molecules. Left. HLA-A*0201 (MHC I

molecule) in complex with a peptide LLFGYPVYV from HTLV-

1 TAX protein (PDB: 1HHK). Right. HLA-DR1 (MHC II molecule)

in complex with peptide PKYVKQNTLKLAT from Influenza A

virus (PDB:1FYT). Note that the binding groove for MHC I mole-

cule on the left is closed at both ends and therefore the peptides it

is capable of presenting are short (nine residue-peptide in the

closed groove above). On the right, MHC II binding groove is

open at both ends which allows it to bind long peptides (13 resi-

due-peptide in the open groove above), complicating MHC II

binding prediction. The N and C termini of the binding peptides

are marked by white triangular arrows

8080 X. Yang and X. YuX. Yang and X. Yu

Copyright # 2008 John Wiley & Sons, Ltd. Rev. Med. Virol. 2009; 19: 77–96.
DOI: 10.1002/rmv

Petitioner Merck, Ex. 1171, p. 80 
Merck Sharp & Dohme LLC v. Halozyme Inc. 

PGR2025-00030



T
a
b
le

2
.
C
o
m
p
a
ri
so
n
o
f
T
ce
ll
e
p
it
o
p
e
p
re
d
ic
ti
o
n
m
e
th
o
d
s

M
e
th
o
d

T
ra
in
in
g
d
a
ta
se
t

P
re
d
ic
ti
o
n
d
a
ta
se
t

R
O
C

a
n
a
ly
si
s

C
o
rr
e
la
ti
o
n

co
e
ffi
ci
e
n
t

A
ll
e
le

B
in
d
e
r

N
o
n
-b
in
d
er
s

A
ll
e
le

B
in
d
e
rs

P
P
V

N
P
V

A
U
C

S
e
n
si
ti
v
it
y

S
p
ec
ifi
ci
ty

A
cc
u
ra
cy

3D
Q

S
A

R
A

*0
20

1
84

18
A

*0
20

1
50

—
—

—
—

—
—

r2
¼

0.
67

9
(F

lo
w

er
,

20
01

)
[1

37
]

3D
A

d
d

it
iv

e
8

al
le

le
s

—
—

>
50

26
60

89
%

18
%

—
50

–7
3%

52
–5

8%
60

%
—

(K
an

g
u

ea
n

e,
20

03
)

[1
38

]
A

N
N

(A
d

am
s,

19
95

)
[1

39
]

A
*0

20
1

10
38

—
A

*0
20

1
—

—
—

0.
78

—
—

—
—

A
N

N
þ

Q
M

30
al

le
le

s
—

—
—

—
94

.0
%

—
—

91
.8

%
94

.9
%

93
.6

%
—

(B
h

as
in

,
20

07
)

[1
40

]
B

IM
A

S
(P

ar
k

er
,

19
94

)
[6

2]
H

L
A

-A
2

—
15

4
H

L
A

-A
2

—
—

—
—

—
—

—
—

C
C

L
D

(Z
en

g
,

20
01

)
[1

41
]

A
*0

20
1

—
—

—
—

—
—

—
—

—
—

—
D

y
n

aP
re

d
A

*0
20

1
—

—
A

*0
20

1
38

3
—

—
0.

92
90

%
83

%
87

%
—

(A
n

te
s,

20
06

)
[1

42
]

E
A

-A
N

N
D

R
B

1*
04

01
33

8
31

2
B

1*
04

01
62

—
—

—
—

—
—

—
(B

ru
si

c,
19

98
)

[2
1]

E
p

iD
o

ck
A

*0
20

1
—

—
A

*0
20

1,
B

*2
70

5
—

—
—

80
–1

00
%

76
–8

5%
75

–8
5%

—
(R

o
g

n
an

,
20

02
)

[1
43

]
F

E
S

F
(R

o
g

n
an

,
19

99
)

[3
4]

A
*0

20
1,

H
-2

k
A

*0
20

4,
H

-2
k

24
,

16
—

—
—

—
—

—
—

H
M

M
(B

ru
si

c,
20

02
)

[2
4]

H
L

A
-A

2
—

—
4

al
le

le
s

—
—

—
—

—
—

—
—

H
M

M
-S

M
M

D
R

B
1*

01
01

30
5

47
2

D
R

B
1*

01
01

—
—

—
0.

89
—

—
—

—
(K

o
b

ay
as

h
i,

20
02

)
[1

44
]

P
o

ck
et

s
11

H
L

A
-D

R
—

—
51

al
le

le
s

22
3

—
—

—
—

—
80

%
—

(H
am

m
er

,
19

99
)

[1
45

]
S

D
S

(M
al

lo
s,

19
99

)
[1

46
]

D
R

I
52

6
98

D
R

I
—

—
—

—
96

.8
%

73
.5

%
93

.1
%

—
S

V
M

(C
u

l,
20

07
)

[1
47

]
30

al
le

le
s

74
60

15
91

30
al

le
le

s
10

21
—

—
—

—
—

86
–9

9%
—

S
V

M
H

C
26

al
le

le
s

—
—

6
al

le
le

s
—

—
—

—
—

—
91

–1
00

%
—

(E
lo

fs
so

n
,

20
02

)
[1

48
]

T
h

re
ad

in
g

10
al

le
le

s
12

3
—

—
10

6
—

—
—

—
—

71
%

�
0.

61
to

0.
07

(M
ar

g
al

t,
20

00
)

[1
49

]

Epitope prediction methods and softwareEpitope prediction methods and software 8181

Copyright # 2008 John Wiley & Sons, Ltd. Rev. Med. Virol. 2009; 19: 77–96.
DOI: 10.1002/rmv

Petitioner Merck, Ex. 1171, p. 81 
Merck Sharp & Dohme LLC v. Halozyme Inc. 

PGR2025-00030



epitopes to undefined epitopes. It has been esti-
mated that there are about one trillion (1012) anti-
bodies in our body, excluding T cell receptors,
hence a comparable number of comformational
epitopes exist. But the current epitope database
contains only several thousands of entries of Ag-
Ab complexes, which are well defined and vali-
dated by experiments, and the various prediction
methods are developed by analysing known epi-
tope structures, or trained and validated using
these databases.

Despite the doubt on the existence of epitopes,
recently, there is a suggestion that continuous B
cell epitopes can be classified into two classes
(classes 1 and 2) based on the protectivity they eli-
cit, which should be predicted separately [46].
Classes 1 and 2 protectivity are defined as inhibi-
tion of antigen function or pathogenic organism
activity and destruction of organism, respectively.
This is very similar to MHC I and II epitopes, in
terms of their function. Molecular and mathemati-
cal modelling of antigen–antibody interaction,
simulation of immune system and protein–protein
interaction study are developing at a fantastic
speed [53–55]. Large, special benchmarking data-
bases of well-defined B cell epitopes are being con-
structed. These developments hold potential for
further improving B cell epitope prediction sensi-
tivity.

Performance evaluation of epitope
prediction methods
To make prediction results valid, and to assess and
compare the performance of various epitope pre-
diction methods and software, ROC analysis is
used. An ROC analysis includes PPV, NPV,
AUC, specificity, sensitivity and accuracy. AUC
analysis is often used. By selecting a threshold
between the maximum and minimum value, the
distribution of positive and negative prediction
results are divided into two areas: area above
and below the threshold. Positives above the
threshold are considered true positives and false
negatives are negatives in this area. Then an
AUC curve is then obtained by plotting true posi-
tives on the y-axis against false positives on the
x-axis. The area under the rectangular hyperbola
curve represents specificity or sensitivity of
prediction. To make evaluation more accurate,
cross-validation or jacknife method is usually
used [47], and then an average AUC value is calcu-
lated from many AUC values obtained. An AUC
value of 0.5 is considered equal to random gues-
sing, while an AUC value of 1.0 corresponds to

Figure 2. Antigens bind with antibody. a. Antigen binds to the

pocket formed by the various regions of the heavy chain (VH)

and light chain (VL). b and c. Antigens bind to the grooves on

the antibody. d. Antigens can also bind antibody through

extended surface on the light and heavy chains. These binding

properties for antibodies complicate B cell epitope prediction

by requiring 3D protein structures. (Modified from Janeway,

2005)

Figure 3. Comparison of B cell epitope prediction methods. The

numbers on the x-axis refer to different B cell epitope prediction

methods: 1 Hydrophilicity (Parker et al., 1986); 2 Accessibility

(Emini et al., 1985); 3 Flexibility (Karplus and Schulz, 1985); 4 Sur-

face (Janin and Wodak, 1978); 5 Polarity (Ponnuswamy et al., 1980);
6 Turns (Pellequer et al., 1998); 7 Antigenic Scale (Koloaskar and

Tongaonkar, 1990); 8 [3]þ [1]; 9 [3]þ [1]þ [5]; 10 [3]þ [1]þ [5]þ [4];

11 [3]þ [1]þ [5]þ [4]þ [6]; 12 [3]þ [1]þ [5]þ [4]þ [6]þ [2]. [3]þ [1]

means method combining Flexibility and Hydrophilicity scales in

their prediction. Prediction methods after 6 have better perfor-

mance than the other six single scale-based methods. This shows

that B cell epitope prediction performance can be increased by

combining several methods. However, different epitope predic-

tion software employing the same method from above may pos-

sess different performance due to training datasets, thresholds

and other parameters chosen subjectively by both the software

developers and users. (All methods above are evaluated on a sin-

gle dataset by Sudipto Saha et al.)
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perfect prediction. To make prediction result
useful, an empirical AUC value of at least 0.7 is
required.

EPITOPE PREDICITON TOOLS
Antigenicity or epitope prediction approaches can
be classified into the following categories: predic-
tion of TAP binders, prediction of proteasomal
cleavage sites, prediction of MHC binding regions
and prediction of T- and B cell epitopes. Corre-
spondingly, there are epitope predictors and data-
bases focussing on one or several steps of this
multi-step process of epitope generation. Epitope
prediction complements wet bench experiment,
and can greatly enhance research by reducing
time, money and complexity of protein antigenicity
study. So, it is desirable for researchers outside this
field to possess adequate knowledge on how to use
these tools to their maximum capacity. In this sec-
tion, we intend to introduce the commonly used
tools for T- and B cell epitope prediction.

T cell epitope predictive software
and databases
With the number of MHC binding predictive soft-
ware expanding rapidly, many studies are
focussed on the comparison and evaluation of
these software, for MHC I binding [24,48–51] and
MHC II binding [52,56–58]. In short, these predic-
tors achieved impressive prediction accuracies of
70–90% for binders but only 40–80% for non-bin-
ders, with limited range of MHC allele coverage
and fixed peptide length [59]. T cell epitope pre-
dictive software with web interfaces publicly
available online are listed in Table 3.

Basically, the majority of these software and
databases are user friendly, and their outputs are
straightforward. But to get maximum performance
from these tools, one needs expert knowledge in
this field. For those who are not specialised in
this realm, tutorials are provided on these tools’
accompanying websites and by effectively select-
ing and combining prediction results from various
tools, a satisfactory prediction rate can be
achieved. For example, to predict T cell epitopes
from a known antigenic protein sequence, a com-
parison and combination of prediction results
from software predicting MHC binding, TAP
binding, proteasomal cleavage sites, even protein
structure, will yield better results than a single or

several randomly chosen prediction software. A
study has shown that a heuristic-based method
of combining the results of individual tools for
predicting MHC I binders obtained more accurate
prediction rate than any single tool [47].

Software utilising more than one method
Software that combine two or more methods
include nHLAPred (QMþANN for MHC I epi-
tope), AntiBP (ANNþQMþ SVM for antibacterial
peptides), CTLpred (QMþANNþ SVM for the
prediction of CTL epitopes instead of MHC I bin-
ders), IEDB binding I (ANNþARBþ SMM for
MHC I binding peptides) IEDB binding II (consen-
sus methodþARBþ SMMþ Sturniolo for MHC II
binders), WAPP (QMþ SVMþ SVMHC for pro-
teasomal cleavage, TAP binding and MHC bind-
ing prediction) and NetMHC (a combination of
sparse encoding, Blosum encoding, and input
derived from HMMs for MHC I epitope predic-
tion).

Software for MHC I binding prediction
MHC I epitope prediction is very strong. The fact
that most software includes this function is not
unexpected. Software which are exclusively
focussed on MHC I epitopes include BIMAS,
CTLpred, IEDB, MHC I, MAPPP, ProPred-1, PRE-
DEP, to name just a few. BIMAS is a software uti-
lising a method to predict the relative binding
strengths of all possible nonapeptides to the
MHC I molecule HLA-A2 based on experimental
peptide binding data. Side chain of the peptide
contributes a certain amount to the stability of
the HLA-A2 complex that is independent of the
sequence of the peptide. To quantify these contri-
butions, the binding data from a set of 154 pep-
tides were combined together to generate a table
containing 180 coefficients (20 amino acids� 9
positions), each of which represents the contribu-
tion of one particular amino acid residue at a spe-
cified position within the peptide to binding to
HLA-A2. BIMAS and SYFPEITHI are considered
to be two of the most commonly used T cell epi-
tope prediction tools. IEDB binding I is a MHC I
binding peptides predictor using ANN, ARB and
SMM. In the IEDB binding I method, SMM (stabi-
lised matrix methods) is a model used to predic-
tion sequence recognition specificity of epitope
generation process.

Epitope prediction methods and softwareEpitope prediction methods and software 8383

Copyright # 2008 John Wiley & Sons, Ltd. Rev. Med. Virol. 2009; 19: 77–96.
DOI: 10.1002/rmv

Petitioner Merck, Ex. 1171, p. 83 
Merck Sharp & Dohme LLC v. Halozyme Inc. 

PGR2025-00030



T
a
b
le

3
.
T
-c
e
ll
e
p
it
o
p
e
re
la
te
d
p
re
d
ic
ti
o
n
se
rv
e
rs

a
n
d
re
so
u
rc
e
s

P
re
d
ic
ti
o
n
se
rv
e
r

U
R
L

D
e
sc
ri
p
ti
o
n

R
e
fe
re
n
ce
s

A
n

ti
B

P
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
an

ti
b

p
/

P
re

d
ic

ti
o

n
o

f
b

ac
te

ri
al

p
ep

ti
d

es
[6

0]
A

R
B

m
at

ri
x

h
tt

p
:/

/
ep

it
o

p
e.

li
ai

.o
rg

:8
08

0/
to

o
ls

/
m

at
ri

x
/

ie
d

b
_i

n
p

u
t?

m
at

ri
x

C
la

ss
=

I,
II

M
H

C
b

in
d

in
g

p
ep

ti
d

e
p

re
d

ic
ti

o
n

[6
1]

B
IM

A
S

h
tt

p
:/

/
w

w
w

-b
im

as
.c

it
.n

ih
.g

o
v

/
m

o
lb

io
/

h
la

_b
in

d
/

P
re

d
ic

ts
H

L
A

/
p

ep
ti

d
e

h
al

f
ti

m
e

o
f

d
is

as
so

ci
at

io
n

[6
2]

C
T

L
p

re
d

h
tt

p
:/

/
w

w
w

.i
m

te
ch

.r
es

.i
n

/
ra

g
h

av
a/

ct
lp

re
d

P
re

d
ic

ti
o

n
o

f
C

T
L

ep
it

o
p

es
b

as
ed

o
n

A
N

N
an

d
S

V
M

[2
5]

E
p

iD
ir

ec
t

h
tt

p
:/

/
w

w
w

.e
p

ip
re

d
ic

t.
d

e/
in

d
ex

.h
tm

l
M

H
C

II
re

st
ri

ct
ed

T
ce

ll
ep

it
o

p
es

an
d

li
g

an
d

s
n

/
a

E
p

iV
ax

b
h

tt
p

:/
/

w
w

w
.e

p
iv

ax
.c

o
m

M
H

C
I

an
d

II
co

n
se

rv
ed

an
d

p
ro

m
is

cu
o

u
s

ep
it

o
p

es
n

/
a

F
R

A
G

P
R

E
D

IC
T

h
tt

p
:/

/
w

w
w

.m
p

ii
b

-b
er

li
n

.m
p

g
.d

e/
M

A
P

P
P

/
cl

ea
v

ag
e.

h
tm

l
P

re
d

ic
ti

o
n

o
f

p
ro

te
as

o
m

e
cl

ea
v

ag
e

si
te

s
[6

3]
IE

D
B

b
in

d
in

g
h

tt
p

:/
/

w
w

w
.i

m
m

u
n

ee
p

it
o

p
e.

o
rg

/
an

al
y

ze
/

h
tm

l/
m

h
c_

p
ro

ce
ss

in
g

.h
tm

l
C

D
8
þ

T
ce

ll
ep

it
o

p
es

T
A

P
b

in
d

in
g

an
d

cl
ea

v
ag

e
si

te
s

[6
4,

65
]

IE
D

B
,

M
H

C
I

h
tt

p
:/

/
to

o
ls

.i
m

m
u

n
ee

p
it

o
p

e.
o

rg
/

an
al

y
ze

/
h

tm
l/

M
H

C
I

b
in

d
in

g
p

ep
ti

d
es

u
si

n
g

A
N

N
,

A
R

B
an

d
S

M
M

[6
1,

66
,6

7]
IE

D
B

,
M

H
C

II
h

tt
p

:/
/

to
o

ls
.i

m
m

u
n

ee
p

it
o

p
e.

o
rg

/
an

al
y

ze
/

h
tm

l/
m

h
c_

II
_b

in
d

in
g

.h
tm

l
M

H
C

II
b

in
d

in
g

p
re

d
ic

ti
o

n
[6

8–
70

]
IM

T
E

C
H

h
tt

p
:/

/
w

w
w

.i
m

te
ch

.r
es

.i
n

/
ra

g
h

av
a/

m
h

c/
p

ag
e4

.h
tm

l
P

re
d

ic
ti

o
n

o
f

th
e

M
H

C
b

in
d

in
g

co
re

[7
1]

M
A

P
P

P
h

tt
p

:/
/

w
w

w
.m

p
ii

b
-b

er
li

n
.m

p
g

.d
e/

M
A

P
P

P
/

M
H

C
I

an
ti

g
en

ic
p

ep
ti

d
e

p
ro

ce
ss

in
g

p
re

d
ic

ti
o

n
[7

2]
M

H
C

b
en

ch
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
m

h
cb

en
ch

/
E

v
al

u
at

io
n

o
f

M
H

C
b

in
d

in
g

p
re

d
ic

ti
v

e
al

g
o

ri
th

m
s

n
/

a
M

H
C

2P
re

d
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
m

h
c2

p
re

d
S

V
M

b
as

ed
m

et
h

o
d

fo
r

p
ro

m
is

cu
o

u
s

M
H

C
II

b
in

d
er

s
n

/
a

M
H

C
P

re
d

h
tt

p
:/

/
w

w
w

.je
n

n
er

.a
c.

u
k

/
M

H
C

P
re

d
M

H
C

/
p

ep
ti

d
e

o
r

T
A

P
/

p
ep

ti
d

e
IC

50
b

in
d

in
g

v
al

u
es

[7
3–

75
]

M
H

C
-T

H
R

E
A

D
h

tt
p

:/
/

w
w

w
.c

sd
.a

b
d

n
.a

c.
u

k
/
�

g
jl

k
/

M
H

C
-T

h
re

ad
/

P
re

d
ic

ts
p

o
te

n
ti

al
M

H
C

II
b

in
d

in
g

p
ep

ti
d

es
[7

6]
M

M
B

P
re

d
w

w
w

.i
m

te
ch

.r
es

.i
n

/
ra

g
h

av
a/

m
m

b
p

re
d

/
M

u
ta

te
d

h
ig

h
af

fi
n

it
y

an
d

p
ro

m
is

cu
o

u
s

M
H

C
I

b
in

d
er

s
[7

7]
M

o
ti

fS
ca

n
h

tt
p

:/
/

w
w

w
.h

iv
.l

an
l.

g
o

v
/

co
n

te
n

t/
im

m
u

n
o

lo
g

y
/

m
o

ti
f_

sc
an

F
in

d
H

L
A

an
ch

o
r

re
si

d
u

e
m

o
ti

fs
n

/
a

N
et

C
h

o
p

h
tt

p
:/

/
w

w
w

.c
b

s.
d

tu
.d

k
/

se
rv

ic
es

/
N

et
C

h
o

p
C

le
av

ag
e

si
te

s
o

f
th

e
h

u
m

an
p

ro
te

as
o

m
es

[7
8,

79
]

N
et

C
T

L
h

tt
p

:/
/

w
w

w
.c

b
s.

d
tu

.d
k

/
se

rv
ic

es
/

N
et

C
T

L
P

re
d

ic
ts

C
T

L
ep

it
o

p
es

in
p

ro
te

in
s

[8
0]

N
et

M
H

C
h

tt
p

:/
/

w
w

w
.c

b
s.

d
tu

.d
k

/
se

rv
ic

es
/

N
et

M
H

C
B

in
d

in
g

af
fi

n
it

ie
s

fo
r

H
L

A
-A

2
an

d
H

-2
K

k
[8

1–
83

]
n

H
L

A
P

re
d

h
tt

p
:/

/
w

w
w

.i
m

te
ch

.r
es

.i
n

/
ra

g
h

av
a/

n
h

la
p

re
d

/
N

eu
ra

l
n

et
w

o
rk

b
as

ed
M

H
C

I
b

in
d

in
g

p
re

d
ic

ti
o

n
[8

4]
P

A
P

ro
C

h
tt

p
:/

/
w

w
w

.p
ap

ro
c.

d
e

P
re

d
ic

ti
o

n
al

g
o

ri
th

m
fo

r
p

ro
te

as
o

m
al

cl
ea

v
ag

es
[8

5]
P

cl
ea

v
ag

e
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
p

cl
ea

v
ag

e
S

V
M

b
as

ed
m

et
h

o
d

fo
r

p
ro

te
as

o
m

e
cl

ea
v

ag
e

p
re

d
ic

ti
o

n
[8

6]
P

R
E

D
E

P
h

tt
p

:/
/

m
ar

g
al

it
.h

u
ji

.a
c.

il
M

H
C

I
ep

it
o

p
e

p
re

d
ic

ti
o

n
n

/
a

P
ro

P
re

d
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
p

ro
p

re
d

/
M

H
C

II
b

in
d

in
g

p
ep

ti
d

e
p

re
d

ic
ti

o
n

se
rv

er
[8

7]
P

ro
P

re
d

-1
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
p

ro
p

re
d

1
M

H
C

I
b

in
d

in
g

p
ep

ti
d

e
p

re
d

ic
ti

o
n

[8
8]

R
A

N
K

P
E

P
h

tt
p

:/
/

im
m

u
n

ax
.d

fc
i.

h
ar

v
ar

d
.e

d
u

/
T

o
o

ls
/

ra
n

k
p

ep
.h

tm
l

P
re

d
ic

ti
o

n
o

f
M

H
C

I
an

d
II

b
in

d
in

g
p

ep
ti

d
es

[8
9–

91
]

R
E

M
U

S
h

tt
p

:/
/

14
0.

12
1.

19
6.

30
/

re
m

u
s.

as
p

U
n

iq
u

e
se

g
m

en
t

fr
o

m
re

la
te

d
p

ro
te

in
se

q
u

en
ce

s
fi

n
d

er
[9

2,
93

]
S

M
M

h
tt

p
:/

/
ca

g
t.

b
u

.e
d

u
/

p
ag

e/
S

M
M

_s
u

b
m

it
P

re
d

ic
ti

o
n

o
f

h
ig

h
af

fi
n

it
y

H
L

A
-A

2
b

in
d

in
g

p
ep

ti
d

es
[9

4]
S

V
M

H
C

h
tt

p
:/

/
w

w
w

-b
s.

in
fo

rm
at

ik
.u

n
i-

tu
eb

in
g

en
.d

e/
S

V
M

H
C

/
P

re
d

ic
ti

o
n

o
f

M
H

C
cl

as
se

s
1

an
d

2
b

in
d

in
g

p
ep

ti
d

es
[9

5]
S

Y
F

P
E

IT
H

I
h

tt
p

:/
/

w
w

w
.s

y
fp

ei
th

i.
d

e
E

p
it

o
p

es
,

b
in

d
in

g
m

o
ti

fs
,

ep
it

o
p

e
al

ig
n

m
en

ts
fo

r
M

H
C

n
/

a
T

A
P

P
re

d
h

tt
p

:/
/

w
w

w
.i

m
te

ch
.r

es
.i

n
/

ra
g

h
av

a/
ta

p
p

re
d

P
re

d
ic

ts
b

in
d

in
g

af
fi

n
it

y
o

f
p

ep
ti

d
e

to
T

A
P

tr
an

sp
o

rt
er

[9
6]

T
E

P
IT

O
P

E
b

n
/

a
P

re
d

ic
ti

o
n

o
f

p
ro

m
is

cu
o

u
s

M
H

C
cl

as
s

2
ep

it
o

p
es

[9
7]

W
A

P
P

h
tt

p
:/

/
w

w
w

-b
s.

in
fo

rm
at

ik
.u

n
i-

tu
eb

in
g

en
.d

e/
W

A
P

P
P

ro
te

as
o

m
al

cl
ea

v
ag

e,
T

A
P

b
in

d
in

g
an

d
M

H
C

I
b

in
d

er
s

[9
8]

n
/

a
in

d
ic

at
es

th
at

th
e

re
le

v
an

t
in

fo
rm

at
io

n
ar

e
u

n
av

ai
la

b
le

.

8484 X. Yang and X. YuX. Yang and X. Yu

Copyright # 2008 John Wiley & Sons, Ltd. Rev. Med. Virol. 2009; 19: 77–96.
DOI: 10.1002/rmv

Petitioner Merck, Ex. 1171, p. 84 
Merck Sharp & Dohme LLC v. Halozyme Inc. 

PGR2025-00030



Software for MHC II binding prediction
MHC II binding peptide and epitopes are more
difficult to predict than MHC I epitopes, owning
to the inherent physical and chemical properties
of MHC II molecules. A few software that are built
specially for MHC II binding prediction exist, such
as EpiDirect, MHC-THREAD, IEDB, MHC II,
MHC2Pred and ProPred. IEDB binding MHC II
is for the prediction of MHC II binding peptides.
The prediction method list box allows choosing
between four MHC class II binding prediction
methods: consensus method, ARB (average rela-
tive binding), SMM, Sturniolo. According to their
website, the performance of MHC II binding
predictions rank as (1) consensus, (2) SMM, (3)
Sturniolo and (4) ARB. By default, the overall
best method (consensus) is selected. This software
requires amino acid sequences being specified in
single letter code and the input format can be
either space separated sequences or one continu-
ous sequence or FASTA format.

Software for MHC I and II binding prediction
Software which can be used to predict both MHC I
and II binders are usually hybrid method based, or
have incorporated several methods. RANKPEP,
SVMHC, ARB Matrix, AntiBP and EpiVaxb are
such examples. SVMHC is a software based on
SVM for both MHC I and II epitope prediction.
A singular feature of SVMHC is the ability to ana-
lyse the effects of SNPs (single nucleotide poly-
morphism) on MHC epitopes. RANKPEP uses
PSSMs (position-specific scoring matrices) or
profiles for the prediction of peptide–MHC I
binding as a basis for CD8 and CD4 T cell
epitope identification. A feature implemented
in RANKPEP is a variability masking function
which focusses on the conserved sequence core
rather than highly variable ones. RANKPEP can
therefore be used to discover promiscuous T cell
epitopes. ARB matrix method identifies MHC I
and II epitopes by directly predicting IC50 values,
allowing combination of searches involving differ-
ent peptide sizes and alleles into a single global
prediction.

Software for proteasomal cleavage sites prediction
Proteasomal cleavage sites prediction is an alterna-
tive way to predict T cell epitopes, but prediction

sensitivity is not very high, since proteasomal clea-
vage is just the first step in epitope generation pro-
cess, and during later stages, the majority of
peptides will be non-MHC binders. However,
they complement predictive software in other
steps. NetChop FRAGPREDICT, WAPP, PAProC
and Pcleavage are just a few software that fall
into this category. NetChop predicts proteasomal
cleavage sites and MHC I ligands using neural net-
works. Pcleavage is an SVM-based software for the
prediction of constitutive as well as immunopro-
teasome cleavage sites in antigenic sequences
and is currently considered to be the best method
for proteasomal cleavage site prediction. Proteaso-
mal cleavage site prediction methods are not
exclusive, and can give acceptable prediction
results for MHC binders and epitopes prediction
as well. PAProC is a prediction tool which predicts
cleavages by human and yeast proteasomes. It is
also useful for immunologists working on antigen
processing and the prediction of MHC I molecule
ligands and CTL epitopes.

Software for TAP binding prediction
TAP transport is an inconsequential step in epi-
tope generation process in terms of epitope predic-
tion, since many TAP binders are found to be not
naturally presented by MHC molecules. As a con-
sequence, exclusive TAP (transporter associated
with antigen processing) binding prediction soft-
ware are few, although such software do exist,
for example, TAP Pred. Software that possess the
functionality of predicting TAP binding peptides
are IEDB Binding, MHCPred, TAP Pred, etc.
TAP binding prediction alone is not very informa-
tive in identifying potential epitopes, they are
usually used in conjunction with other software
to obtain a more reliable epitope prediction result.

Software for promiscuous epitope prediction
To achieve maximum allele and pathogen cover-
age and to combat mutated pathogens, it is desir-
able to develop vaccines or drug based on
conserved epitopes or peptide cores. For this pur-
pose, a host of software proved to be useful by pre-
dicting promiscuous epitopes, namely epitopes
which can bind to many MHC alleles or contain
conserved sequence or structure. Such software
including, but not limited to: TEPITOPEb,
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MMBPred, MHC2Pred and EpiVaxb, etc. TEPI-
TOPE method is based on the Gibbs sampling
method, and locates the binding motif in a set of
sequences and characterises the MHC I and II
binding motif in terms of a weight-matrix, which
is then used to identify epitopes. SMM combines
both AIB method and general method, which takes
into account independent contributions and pair-
wise interactions between two positions on the
peptide sequence.

Software for epitope processing prediction
There are a few software which integrate the
whole process of epitope generation into one
method. The performance of software based on
this approach is varied, depending on the specific
software incorporated (See Figure 4). In theory,
this approach should be superior to all single
step-based software. WAPP is just such a software,
which combines proteasomal cleavage sites, TAP,
and MHC binding into one system. However, it
is a pity that WAPP does not include the final
step of epitope generation—epitope presentation
or recognition—into the prediction method.
IEDB binding is a MHC I epitope predictive meth-
od which combines proteasomal cleavage, TAP
transportation and MHC class I binding. This

kind of software, along with consensus software,
is expected to further improve epitope prediction
performance.

T cell epitope databases
T cell epitope databases are more abundant than B
cell epitope databases as discontinuous epitopes
are inherently more difficult to analyse. T cell epi-
tope databases usually contain tens of thousands
of epitopes, which is much larger than that of B
cell epitopes. These databases can be searched or
browsed for epitopes. Among these databases,
IEDB (immune epitope databases and analysis
resources) is one of several complete databases
containing large number of epitopes, include
about 63 332 peptide epitopes, 167 non-peptide
epitopes and displays relatively complete informa-
tion about each epitope while well cross-linked
with other databases. IEDB covers a wide range
of epitopes, subsuming both T- and B cell epitopes,
and for a spectrum of host organisms, including
humans. It can be browsed and searched by epi-
tope structure, source and types. For epitope struc-
ture, you can input protein sequence, select
protein or other non-protein epitopes. Epitope
types search allows you to search T cell epitope,
B cell epitope, MHC binders, MHC ligand
elution, and by host organism and MHC alleles.
Other T cell epitope databases can be found in
Table 2.

B cell epitope prediction software
and databases
Because B cell epitopes are mostly discontinuous,
the prediction of which requires 3D protein struc-
ture and notoriously difficult to predict, predictive
software and databases are with lower accuracy
rate, in a smaller scale and fewer. Nevertheless, a
few software and databases on discontinuous
epitopes, including some specialised ones, are cur-
rently available. See Table 5. For more information
on epitope prediction tools, website links are pro-
vided in Table 6.

Discontinuous B cell epitope prediction software
B cell epitope generation does not contain as
many steps as T cell epitope generation, and
they can be recognised by B cell epitope receptors
on B cell surface or by antibody in their native

Figure 4. Performance comparison of integrated software: EpiJen,

NetCTL, WAPP, SMM. These software integrate several steps of

the T cell epitope generation process and are theoretically more

accurate. However, from this figure, the false positive value for

all four software is very high and not one software performed pre-

dominantly better than the other three. It has to be pointed out

that the performance measurement data TP (true positive), FN

(false negative), FP (false positive), sensitivity and PPV (positive

predictive value) for each software are obtained by testing on dif-

ferent datasets by their respective developers. It might be inter-

esting to compare their performance using a single benchmark

dataset to eliminate biases

8686 X. Yang and X. YuX. Yang and X. Yu
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structure. Continuous B cell epitopes are easier to
predict. However, the majority of B cell
epitopes are discontinuous. This makes discontin-
uous B cell epitope prediction software develop-
ment a major task for epitope prediction
community. Therefore, software focussed on dis-
continuous B cell epitopes and their perfor-
mances are expected to increase significantly in
the future. The input for discontinuous B cell epi-
tope prediction software is usually 3D protein
structures and the output can also be viewed gra-
phically as 3D structures. CEP is among the first
few software to predict discontinuous epitopes or
antibody binding sites of antigens. It uses an algo-
rithm that utilises per cent accessible surface area
(%ASA) and distance as criteria to map continu-
ous and discontinuous epitopes from X-ray
crystals of Ag-Ab complexes. Apart from predict-
ing discontinuous epitopes, CEP also predicts
antigenic determinants and continuous epitopes.
Discotope predicts discontinuous B cell epitopes
by calculation of surface accessibility (estimated
in terms of contact numbers) and an epitope pro-
pensity amino acid score, which contribute to the
final scores.

Continuous B cell epitope prediction software
Continuous B cell epitopes are easier to predict
than their discontinuous counterparts, because
they share many common characteristics with T
cell epitopes. The input format for continuous B
cell epitope prediction software can be either
sequence or structure. Common predictive soft-
ware on discontinuous B cell epitope include
ABCpred, BCEPred, BEPITOPE and BepiPred.
ABCpred is a predictive software based on stan-
dard feed-forward (FNN) and recurrent neural
network (RNN) for predicting B cell epitopes in
an antigenic sequence. BcePred predicts continu-
ous B cell epitopes by a method which combines
four amino acid properties, hydrophilicity, flexibil-
ity, polarity and exposed surface. IEDB antibody
epitope prediction predicts continuous B cell
epitopes, with the option of six amino acid
property-based methods, Chou and Fasman
Beta-Turn Prediction, Emini Surface Accessibility
Prediction, Karplus and Schulz Flexibility Predic-
tion, Kolaskar and Tongaonkar Antigenicity,
Parker Hydrophilicity Prediction, Bepipred Linear
Epitope Prediction.T
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b
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B cell epitope databases
CED is a discontinuous epitope database that has
been developed by Jian Huang et al., with all epi-
topes in the database manually curated from pub-
lished literature [116]. This database is much
smaller than other T cell epitope databases, but it
provides a complement to other existing epitope
databases. Most epitopes in CED can also be
viewed interactively in the context of their 3D
structures. In addition, the entries are also hyper-
linked to various databases such as Swiss-Prot,
PDB, KEGG and PubMed, providing wide back-
ground information. Apart from CED, many other
databases which contain B cell epitopes are avail-
able as well, see Table 4.

These databases do not only provide compre-
hensive information about B cell epitopes, they
are also useful tools for extracting and analysing
this information. But, limitations of current epi-
tope databases exist: (1) There is the obvious
scarcity of discontinuous epitope databases.
(2) Epitope entries in these databases are limited.
(3) The information regarding the epitope is
incomplete, for example, the potential to generate
protective antibody. (4) Few databases contain all
types of epitopes, binders and non-binders, clea-
vage sites, etc. (5) Integration of database with epi-
tope prediction software is rare.

APPLICATIONS OF EPITOPE PREDICTION
The implication of epitope prediction in both pub-
lic health and basic scientific research is vast. It
is applicable to all epitope-related research, such
as discovery of peptide candidate for subunit
vaccines, autoimmune diseases study, allergy
treatment, protein structural study, experiment
design, etc. Developing epitope predictive meth-
ods and software to identify and map potential
epitopes from an antigen protein is vital to
contest the immune and infectious diseases. Drug
development is the major financial drive for epi-
tope prediction. Epitope-based vaccines have
been shown to have promising results and confer
protection to animal models in clinical trials
[65,136], supporting the prophylactic, therapeutic
and protective effects of these vaccines. The
advantages of subunit vaccines over other types
of vaccines are pronounced. Therefore, huge
resources are being channeled into developing
subunit vaccines against important, intractable
diseases such as cancer, HIV/AIDS, HCV and

many other infectious, viral and immune dis-
eases.

However, despite its huge implications in public
health, security and scientific arena, epitope pre-
diction tools may be abused by terrorists to make
biochemical weapons, and accelerate pathogen
evolution and mutation. Another concern is that
the application of epitope predictive software in
discovering epitopes bias subsequent predictors,
as researchers would normally narrow peptide tar-
gets by predicting possible epitopes first and then
conduct experiments to discover epitopes, which
in turn will be analysed to develop other epitope
predictive software.

CONCLUSIONS
This review is intended as an introduction to the
epitope predictive methods, software and data-
bases publicly accessible online, which is expand-
ing exponentially. We hope to assist researchers
locate and take advantage of these tools and to
provide insights into future development in this
field. Although current prediction methods and
tools are not perfect, especially so for B cell epi-
topes and discontinuous epitopes discovery, bio-
medical and immunological scientists still have a
lot to gain through discreet usage, comparison
and combination of different predictive software.
As this field progresses, improvements over tradi-
tional methods and completely new ones are
expected to make epitope prediction more reliable
and drug discovery even less expensive and time-
consuming.
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