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Abstract: B-cell epitopes are a group of residues on the surface of an antigen which invoke strong humoral respons-
es. Predicting epitopes is crucial for disease diagnosis, vaccine design, antibody design and immunological therapy.
It is also indispensable for elucidating interactions between antigen and antibody on a molecular level. Since reli-
able experimental methods are expensive and time consuming, the prediction of B-cell epitope has developed
quickly in recent years, but the performance of current prediction methods is far from satisfactory. The results show
that our method achieves a sensitivity of 0.59, specificity of 0.64, positive predictive value of 0.45, accuracy of 0.70
and F-measure of 0.49. Compared with the antibody-specific epitope propensity method, the Mapitope method and
four other methods, our method could provide reliable, rational results and showed comparable sensitivity, preci-
sion and accuracy. In this work, we propose a new conformational B-cell epitope prediction method by binding with
individual antibodies using phage display peptides. It is more effective when used to predict the conformational

B-cell epitope binding with an individual antibody.
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Introduction

A B-cell epitope [1] is a special group of resi-
dues on the surface of an antigen which invokes
strong humoral responses. It is recognized by
either a particular B-cell receptor (BCR) or a
particular antibody molecule of the immune
system [2]. Locating B-cell epitopes is impor-
tant for vaccine design [3], development of
diagnostic reagents and interpretation of the
antigen-antibody interactions on a molecular
level [4]. The experimental approaches are reli-
able, but they are always laborious and compli-
cated. With the development of information
technology and the increasing verification num-
ber of epitopes, the B-cell epitope prediction by
computational method arises at a historic mo-
ment [5].

B-cell epitopes can be classified into two cate-
gories by their spatial structure: linear epitopes
and conformational epitopes [6]. The linear epi-
topes are composed of short contiguous stret-
ches of amino acids in the antigen sequence.

The conformational epitopes are composed of
sequential segments that are brought together
in spatial proximity when the corresponding
antigen is folded. It has been demonstrated
that more than 90% of B-cell epitopes were
conformational [7]. Therefore, conformational
epitope predictions are more meaningful [8].

The conformational B-cell epitope prediction
methods can be classified into two kinds: the
method based on the 3D structure of the anti-
gen and the method based on random peptide
library screening [9]. In recent years, both kinds
of methods have developed quickly.

Antigen structure-based conformational B-cell
epitope prediction methods took the 3D struc-
ture of the antigen as input. These methods
used the 3D structure of antigen, epitope-relat-
ed propensity scales, geometric attributes and
specific physicochemical properties. The first
structure-based conformational B-cell epitope
prediction method was CEP [10]. Then other
methods based on different structure charac-
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Table 1. The testing dataset of the work

Template

PDB_ID chain Target Mimotope size Reference
1D4V B receptor superfamily member 10B 13*9 20156289
1EER A EPO-R 1*8 8662529
1FLT X Vascular endothelial growth factor A 4*7 17401149
1G1S D P -selectin 5*17 12393589
1GOM G Anti -gp120 monoclonal antibody 17b 10*12,1*10 14596802
1HX1 B Heat shock cognate 71 kDa protein 8*15 7649995
1114 A Fibroblast growth factor receptor 2 30*7 12032665
1JRH | A6 59*5 11123892
1K4U S Neutrophil cytosol factor 2 28%9,2*%10,4%12,2*%6,1*8 8663333
1MQ8 B Intercellular adhesion molecule 1 12%9,1*8 11532073
10C0O B Plasminogen activator inhibitor 1 8*13,1*7,1*11 16813566
1SHY A Hepatocyte growth factor receptor 2*%12,1*13 17947467
1SQ0 A Platelet glycoprotein Ib alpha chain 3*11 18363340
ATET P TE33 10*9 16273596
1WLP A Neutrophil cytosol factor 1 4%5.3%9,1%10,1*8 7624379
1WLP B Cytochrome b-245 2+%8,31*9 7592831
1YCR B MDM2 20*16 21423613
1ZTX E E16 14+%22 16813566
2ADF A 82D6GA3 3*8 12855771
2C9F T Penton protein 6*3 7588601
2C9F A Fiber protein 6*38 7588601
2DSQ | IGFBP-1 1*20 9636028
2GHW A 80R 9%16,9%15,19*%14,4*13 16630634
2NY7 G Anti-gp120 monoclonal antibody b12 1*%10,1*%13,17*14 16940148
20SL P Rituximab 13*9 16705086
3BT1 A Urokinase plasminogen activator surface receptor 19*15 8041758
3DAB F Cellular tumor antigen p53 9*12 19255450
3DOW B CRT peptide 5*12 17916189
3EZE B Phosphoenolpyruvate-protein phosphotransferase 11*6 9350871
3I1U3 | Basiliximab 6*9 17440057
4HTC | Alpha-thrombin 1*7 12565725

ters were subsequently proposed. The repre-
sentative methods include DiscoTope [11],
ElliPro [12], EPCES [13] and CeePre [14]. These
methods have made some progress, but they
are still at an infancy stage.

The random peptide library screening-based
B-cell epitope prediction method was based on
both the 3D structure of antigen and the pep-
tide sequences obtained from phage peptide
library screening [15]. To attain these peptide
sequences, firstly the random peptides were
displayed on the surface of filamentous phag-
es; then the ones that bound to a monoclonal
antibody with a certain degree of affinity were
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screened, eluted and amplified. After several
rounds of this operation, there were fewer but
higher affinity resulting peptides [16]. The
selected affinity peptides were called mimotop-
es [17], and this kind of conformational B-cell
epitope prediction was called the mimotope-
based conformational B-cell epitope predic-
tion. Mimotopes commonly share high sequen-
tial similarity which implies that certain key
binding motifs and physicochemical preferenc-
es exist during the interactions [18].

The core idea of mimotope-based conforma-

tional B-cell epitope prediction was mapping
these mimotopes back to the source antigen;
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Figure 1. The algorithm flow diagram of the method.

this could help find the genuine epitopes more
accurately. Since these affinity-selected pep-
tides and the genuine epitopes both can com-
bine the same paratope of monoclonal anti-
body and cause immune responses, it was
inferred that similar function may have a similar
sequence; so again, the selected mimotopes
may share high sequential similarity.

In 1995, Pizzi et al [19] designed the first mimo-
tope-based conformational B-cell epitope pre-
diction method, MEPS [20]. Since then, some
other algorithms and tools have been proposed,
such as: FINDMAP [21]; Mimox [22]; PepSurf
[23]; Pep-3D-Search [24]; EpiSearch [25] and
MimoPro [26]. In 2011, our team constructed a
benchmark dataset for mimotope-based con-
formational B-cell epitope prediction and evalu-
ated five prediction tools. The results showed
that in no method did the performance exceed
a 0.42 precision and 0.37 sensitivity [27].

An antigen can be combined with multiple anti-
bodies. The interaction sites of different anti-
bodies with an antigen are not completely the
same. The mimotope-based B-cell epitope pre-
diction methods are based on affinity peptides
which form a monoclonal antibody, therefore
these kinds of prediction methods are mainly in
connection with certain antibodies. Under this
circumstance, we tried to add the information
of the combination specificity of antigen and
antibody to the conformational B-cell epitope
prediction. In this work, we proposed a new
mimotope-based conformational B-cell epitope
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prediction method. This new method is based
on the antibody-specific epitope propensity
(ASEP) index [28] and affinity-peptide sequenc-
es. Firstly, the ASEP index was calculated by a
background database. Secondly, the method
divided the surface of antigen into overlapping
patches. Thirdly, the affinity peptide sequences
were transformed into amino acids pairs (AAPS)
[29] and the statistical significance of each AAP
was calculated. Fourthly, every patch was
scored according to the statistical significance
of AAPs; and for the patch with the highest
score; the amino acid in the patch was ranked
by the ASEP index. Finally, the top 75% amino
acids were taken as the candidate epitopes.
We selected a testing dataset from Benchmark
2.0 [30] to evaluate the performance of our
new method. On the testing dataset, the mean
sensitivity of our method achieved 0.59, the
mean specificity achieved 0.64 and the mean
accuracy (ACC) achieved 0.70. We compared
the performance of our method with some
other commonly used methods, our method
was a little better than the others on the testing
dataset.

Materials and methods
Background dataset

We collected a relative comprehensive dataset
which contains 161 antigen-antibody complex-
es for the conformational B-cell epitope predic-
tion. The dataset was from the representative
antigen-antibody complexes in Ponomarenko
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Table 2. The results on the testing dataset of this algorithm

inference of the antigen-antibody

MimoDB Complex Sensitivity Specificity PPV ACC F-measure

complex 3D structure by X-ray dif-

PPOO2  10CO_B 0.64 0.27 0.30 0.39
PPOO3  1HX1_B 0.45 0.69 0.28 0.64
PPOO4  1WLP_B 0.59 0.56 0.30 0.57
PPOO5  1WLP_A 0.87 0.40 0.68 0.68
PPOOG6  1K4U_S 0.56 0.50 0.54 0.53
PPO11 1FLT_X 0.41 0.62 0.23 0.58
PPO12 3DOW_B 1.00 0.00 1.00 1.00
PPO13  1SHY_A 0.10 0.81 0.07 0.72
PPO15  1SQO_A 0.26 0.78 0.17 0.70
PPO16  1D4V_B 0.15 0.71 0.06 0.65
PPO17 3BT1_A 0.26 0.73 0.25 0.61
PPO19  3EZE_B 0.70 0.65 0.45 0.66
PPO22 1MQ8_B 0.69 0.79 0.28 0.78
PP0O25 114_A 0.43 0.78 0.45 0.68
PPO27  1G1S_D 0.83 0.40 0.63 0.64
PPO30  2COF_T 0.89 1.00 1.00 0.90
PPO31  2C9F_A 0.13 0.92 0.08 0.88
PPO34  2DSQ_I 0.75 0.52 0.38 0.58
PPO35  1YCR_B 0.73 0.00 0.80 0.62
PP0O38 4HTC_I 0.57 0.75 0.70 0.66
PPO40  3DAB_F 1.00 0.00 0.75 0.75
PPO42  1EER_A 0.33 0.77 0.33 0.66
AAOO1  20SL_P 0.89 0.64 0.57 0.72
AA0O2 3IU3_I 0.65 0.73 0.41 0.71
AAOO3 1TET_P 0.82 1.00 1.00 0.83
AAOO8  2ADF_A 0.50 0.51 0.17 0.51
AAO10 2GHW_A  0.33 0.86 0.36 0.77
AAO14  2NY7_G 0.64 0.94 0.55 0.90
AAO16  1GOM_G 0.46 0.92 0.25 0.89
AAO19 1ZTX_E 0.64 0.74 0.35 0.73
AA025 1JRH_I 0.89 0.86 0.64 0.86
AVG 0.59 0.64 0.45 0.70

fraction. In this work, we define the

0.41 epitope as the antigen residue
0.35 . .
where the distance from any anti-
0.40 body residue is less than 4 A.
0.76
0.55 ASEP index
0.30
1.00 ASEP was first proposed by Shinji
0.08 Soga in the structure-based confor-
0.91 mational B-cell epitope prediction.
’ Shinji used the ASEP index to judge
0.08 the results of DiscoTope further.
0.25 The structure-based method pre-
0.55 dicted epitopes through the struc-
0.40 ture of antigen and epitope-related
0.44 propensity scales, and the method
0.71 is used to predict all potential
0.94 epitope residues. Comparatively,
0.10 the mimotope-based conformation-
0.50 al B-cell epitope predictions kept
0.76 the focus on the epitope resi-
dues of certain antibodies. There-
0.63 fore, the ASEP index may benefit
0.75 the mimotope-based conformation-
0.33 al B-cell epitope prediction. In this
0.69 work, we used a background data-
0.50 set to calculate the ASEP index.
0.90 _
0.95 Testing dataset
0.35 A testing dataset should meet the
0.59 requirement of non-redundant anti-
0.32 gen structures, the known B-cell
0.45 epitopes and the mimotope sequ-
0.74 ences. A non-redundant and abun-
0.49 dant dataset should ensure that

and Bourne [31], the protein docking Ben-
chmark 2.0 and the testing datasets in the rel-
evant papers [12, 13, 26, 32, 33]. We selected
all antigen-antibody complexes and excluded
the redundant structures and the ones which
have more than one antigen chain. The 3D
structures of these complexes were obtained
from Protein Data Bank (PDB) [34]. We calcu-
lated the ASEP index for each amino acid from
this background dataset. This large and reliable
dataset could meet the requirements for statis-
tical analyses.

In order to calculate the ASEP index, we needed
to know the epitope residues in advance. There
are methods to define epitope according to the
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the performance of B-cell epitope
prediction methods is not overly
optimistic. The mimotope sequences were
especially important for mimotope-based con-
formational B-cell epitope prediction. In this
work, we collected a dataset which contains 31
representative values from the Benchmark 2.0.
Each value included the complex structure, the
template chain, the mimotopes obtained from
the corresponding phage display experiment
and the epitope information. Table 1 shows the
testing dataset of this work.

Algorithm flow diagram

The algorithm flow diagram of this work is
shown in Figure 1. Firstly, we calculated the
ASEP index for each amino acid according to

Int J Clin Exp Med 2016;9(2):2748-2757
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Figure 2. The proportion of epitopes in the patch on
the background dataset.

the background dataset. Secondly, we trans-
formed mimotope sequences into AAPs and
scored each pair by the frequency of the pairs;
meanwhile, we divided the antigen surface into
overlapping patches and defined the AAPs in
each surface patch. Thirdly, we scored each
patch by AAPs. Fourthly, we ranked the amino
acids in the patch which got the highest score
by the ASEP index. Finally, the top 75% amino
acids in that patch were taken as the candidate
epitopes.

AAPs from mimotopes

In most fields of biology, it is considered that
the fragment is more meaningful than the sin-
gle amino acid. In this work, we took two amino
acids as a fragment; these were then known as
AAP. The concept of AAP was first used in
Mapitope [35]. Mapitope first defined AAP with
a predefined distance threshold between the
central carbon atoms of two neighbor residues.
After that, it defined statistically significant
pairs (SSPs) by calculating the probabilities of
each AAP, and then the SSPs were mapped to
the 3D structure of an antigen to locate
epitopes.

Our work transformed the mimotope sequence
into overlapped AAPs. For example, a simple
mimotope “CYAKS....” can be divided into AAPs
as “CY” “YA” “AK” “KS” and so forth. To distin-
guish the AAPs in a patch, we named these
types of AAPs as mAAPs. For an antigen-anti-
body complex, we got mAAPs of the whole
mimotope sequence of the complex, and we
calculated the frequency of their occurrence as
the score of corresponding mAAPs.
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Scoring antigen surface patch

Scoring antigen surface patch was an impor-
tant algorithm in this method. It involves the fol-
lowing steps: 1) We extracted the unbound
structure of antigen in the antigen-antibody
complex structures. There are tools which can
extract the unbound structure of the complex-
es. In this work, we employed the extract func-
tion of Pep-3D-Search. 2) For each antigen, we
calculated the surface residues of the antigen.
As epitope residues are always located on the
surface of the antigen, the surface residues
were first extracted from an antigen structure
using solvent exposure. Solvent exposure was
commonly measured by relative solvent acces-
sibility (RSA) of the residue as the surface resi-

) ASA
due, with the formula: = ————.Inthe
RSA max ASA

formula, ASA of a residue was calculated as the
sum of exposed areas of atoms using a “rolling
ball” algorithm which was developed by Shrake
& Rupley. The algorithm was known as Surface
Racer [36]. The maximum exposed area was
measured as the exposed area of any type of
amino acid in an ALA-X-ALA tripeptide [37]. In
this work, firstly, ASA of each residue was calcu-
lated using Surface Racer 5.0 with a probe
radius of 1.4 A; secondly, the sum of ASA of all
member atoms was calculated automatically;
finally, any residue with an RSA larger than a
predefined threshold of 0.05 A2 was deter-
mined as a surface residue. 3) We divided the
antigen surface into overlapping patches. In
this work, the antigen surface was divided into
overlapped surface patches by a number N of
30. We took each surface residue as a center,
and then we calculated the nearest 30 surface
residues with the center to define the surface
patch. 4) The antigen surface patch was trans-
formed into AAPs. For the target antigen, the
AAPs defined by this method were named
pAAPs. For each patch, if the distance between
any two amino acids was less than 9 A, the two
amino acids were taken to be a pAAP, and the
patch was converted into a collection of pAAPs.
5) We used the scores of mAAPs to compute
the score for the antigen surface patch. Finally,
we matched the pAAPs in each patch and
MAAPs. Then we assigned the score of mMAAPs
which were obtained from the mimotope
sequences of the antigen to pAAPs of the
patches in this antigen, and took the sum score
of pAAPs as the score of the patch.

Int J Clin Exp Med 2016;9(2):2748-2757
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Table 3. The average prediction performance with

different N

N Sensitivity Specificity PPV~ ACC F-measure
20 0.50 0.61 0.37 0.70 0.37
21 0.52 0.62 0.38 0.71 0.38
22 0.51 0.62 0.39 0.70 0.39
23 0.51 0.63 0.38 0.70 0.38
24 0.53 0.65 0.44 0.71 0.39
25 0.51 0.63 0.37 0.70 0.39
26 0.54 0.69 0.35 0.69 0.41
27 0.53 0.62 0.42 0.72 0.45
28 0.56 0.66 0.43 0.71 0.46
29 0.53 0.60 0.37 0.70 0.48
30 0.59 0.64 0.45 0.70 0.49
31 0.56 0.66 0.44 0.69 0.49
32 0.51 0.69 0.44 0.70 0.42
33 0.53 0.61 0.42 0.70 0.46
34 0.54 0.70 0.42 0.68 0.43
35 0.51 0.65 0.41 0.68 0.45

Epitope prediction using ASEP index

After above steps, we took the highest scoring
patch as the resulting patch, and ranked the
amino acids in the patch by the ASEP index. In
the end, the top 75% amino acids in the patch
were predicted as the candidate epitopes.
Specifically, so that the number of epitope resi-
dues to the number of antigen surface residues
was no less than 0.75, the algorithm took the
whole patch as candidate epitopes.

Results and discussion
Evaluation parameters
Sen(sensitivity or true positive rate) =% (WD)
Spe(specificity) = FPZ% 2

PPV(positive predictive value) =TPI+7PFP (3)

TP+TN
ACC(accuracy) =TP+TN+W (4)
* *
F(F-measure) = % 5)

In the above equations, TP was the number of
predicted epitope residues proven to be the
true epitope residues. FP was the number of
predicted epitope residues proven not to be the
true epitope residues. TN was the predicted
non-epitope residues proven not to be the true
epitope residues. FN was the number of pre-
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dicted non-epitope residues proven to be the
true epitope residues. Sensitivity and specifici-
ty were two commonly used statistical mea-
sures of the performance of binary classifica-
tion tests. ACC and F-measure were two
synthetic measures. We took these measures
and tried to give a complete and fair evaluation
of the prediction performance of this work.

Prediction results on the testing dataset

Table 2 shows the results on the testing datas-
et of this method. Sensitivity, specificity, posi-
tive predictive value (PPV), ACC, F-measure and
average value (AVG) are listed.

In the case of 3DOW_B, the number of antigen
surface residues was seven, and the entire
antigen surface residue was epitopes; for
3DAB_F, the number of antigen surface resi-
dues was 12, and the number of epitope resi-
dues was nine. For these two cases in the data-
set, the number of epitopes to the number of
antigen surface residues is greater than 0.75,
then the algorithm predicted the whole resi-
dues in the highest scoring patch as candidate
epitopes. As seen in Table 2, the average pre-
dicted performance of our method on the test-
ing dataset achieved a sensitivity of 0.59; spec-
ificity of 0.64; precision of 0.45 and ACC of
0.70.

Effects of algorithm parameters

The work calculated the ASEP index for every
20 amino acids, scored each antigen surface
patch through AAPs, got the highest scoring
patch, ranked the amino acids in the patch by
ASEP index and took the top 75% as the candi-
date epitopes. There were three parameters in
this work: the first was the parameter N which
was used to divide the antigen surface patch;
the second was the parameter D which was
used to define patch-AAPs (pAAPSs) in the anti-
gen surface patch; the last was the parameter
M which was used to determine the epitope
residues in the highest scoring patch.

For the parameter D, we assigned the value 9 A
in the same way as the Mapitope did. For the
parameter N, we first calculated the relation-
ship between the size of the patch and the pro-
portion of epitope residues on the patch using
the background dataset and then we tested the
new method with a different N using the testing
dataset. The results are shown in Figure 2 and
Table 3.

Int J Clin Exp Med 2016;9(2):2748-2757
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Table 4. The average performances on the testing

dataset with different M

chose the best result as the predicting
result of parameter N. That is to say, Table

Percent Sensitivity Specificity PPV

ACC F-measure

3 shows the testing result of different N

5% 0.03 0.93 0.23 0.69
10% 0.05 0.91 0.28 0.69
15% 0.11 0.89 0.33 0.69
20% 0.15 0.88 0.32 0.68
25% 0.19 0.85 0.35 0.68
30% 0.21 0.83 0.38 0.68
35% 0.24 0.80 0.38 0.68
40% 0.28 0.79 0.41 0.68
45% 0.30 0.77 0.41 0.68
50% 0.32 0.74 0.41 0.68
55% 0.35 0.73 0.42 0.68
60% 0.39 0.711 0.42 0.68
65% 0.41 0.70 0.43 0.68
70% 0.49 0.63 0.45 0.68
75% 0.59 0.64 0.45 0.70
80% 0.48 0.64 0.45 0.69
85% 0.50 0.63 0.45 0.68
90% 0.54 0.60 0.46 0.68
95% 0.56 0.56 0.46 0.68
100% 0.59 0.52 0.46 0.67

0.05
0.08
0.19
0.25
0.29
0.31
0.33
0.36
0.38
0.40
0.42
0.44
0.45
0.46
0.49
0.49
0.51
0.51
0.51
0.51

with different M. As displayed in Table 3,
the average sensitivity, precision and
F-measure were all highest when N
equaled 30. The values for specificity and
the ACC were not the highest, but the sum
of sensitivity and specificity was the high-
est. The whole performance was best
when N equaled 30, so 30 was assigned
to N in our method.

Then, for the parameter M, we tested the
M from 5% to 100%, and we took 5% as
the step size. The average performances
of the new method on the testing dataset
are shown in Table 4.

Table 4 shows the average predicted per-
formances on the testing dataset with dif-
ferent M. The sensitivity is higher with the
increased M, while the specificity becomes
lower with the increased M. When M
equaled 75%, the sum of sensitivity and
specificity reached the highest value. For

Table 5. The predictive performance of our method,

ASEP and Mapitope

ACC, the highest value was 0.70 with M
equaling 75%. The precision and F-mea-
sure was comparatively higher when M
was assigned 75%. Since the sum of sensi-

Sensitivity Specificity PPV ACC F-measure

tivity and specificity and the ACC were rela-

ASEP 0.54 0.43 0.33 0.46
Mapitope 0.32 0.5 0.33 0.65
Our method 0.59 0.64 0.45 0.7

0.35
0.37
0.49

tively comprehensive measures, according
to this analysis, 75% was assigned to M in
our method.

We took Ca of every antigen surface residue as
the center, and calculated the nearest N sur-
face residues to form a patch, while the assign-
ment of N was from O to 400. From Figure 2, it
can be seen that when the number of the patch
was 17, the proportion of epitopes in the patch
reached 61.51%; when the number of the patch
was 30, the proportion of epitopes in the patch
reached 80.02%. Results showed that when N
equaled 30, the proportion of epitopes was sta-
tistically significant (Mann-Whitney test, P<
0.05).

Conversely, we tested the method with a differ-
ent N using the testing dataset. We also took
the Ca of every antigen surface residue as the
center, and took N from 20 to 35.

To make a fair comparison, we changed the
parameter M from 5% to 100% for each N, and
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Comparison with other methods

To validate the effectiveness of the methods in
this work, we compared the predictive perfor-
mance of our method to others. For the ASEP-
based method, we took the ASEP index as the
only feature for prediction. We calculated the
ASEP index for every antigen surface amino
acid and ranked them by ASEP index, and then
we took the top 75% (75% was obtained as the
parameter M in this work) as the predictive epi-
topes. For the AAP-based method, we chose to
use Mapitope. Table 5 shows the comparison
results.

For the average performance, the results show
that our new method is effective in epitope pre-
diction. Especially for PPV and F-measure, the
values of our method were much higher than
both ASEP and Mapitope. The results showed
that our new method was effective in epitope
prediction.

Int J Clin Exp Med 2016;9(2):2748-2757
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Figure 3. The predictive performance of our method and four other methods.

To further describe the performance of our new
method, we chose three graph-based methods
and one structure-based method for compari-
son. Graph-based methods are typical in the
field of epitope prediction. The main idea of the
method is to model the amino acids from an
antigen as a graph structure and then use
graph search methods to locate potential epit-
opes. PepSurf, Pep-3D-Search and MimoPro
are similar methods. PepSurf searched the
best-matched paths from the graph built from
the antigen with mimotope sequences using a
color-coding and a dynamic programming algo-
rithm. Pep-3D-Search searched for the match-
ed paths on the antigen surface with an ant
colony optimization (ACO) algorithm. Candidate
epitopes were then formed by clustering the
resulting paths with a high p-value score by the
Depth-First Search algorithm. MimoPro divided
the antigen surface into overlapping patches by
an adaptable distance threshold (ADT) regulat-
ed by compactness factor (CF), a novel param-
eter proposed in this method. Then on each
single patch, the search was conducted to
guarantee the best alignment for each mimo-
tope sequence. Dynamic programming and
branch-bound methods were also adopted for
both, avoiding repetition in searches and fur-
ther narrowing the search space. CeePre is a
structure-based prediction method of confor-
mational B-cell epitopes. It uses a new feature
B factor (obtained from X-ray crystallography),
combined with other basic physicochemical,
statistical, evolutionary and structural features
of each residue. Figure 3 shows the predictive
performance of our method and four other
methods.

Figure 3 shows the overall performance of the
four methods and our method on testing datas-
ets. From the figure, it can be seen that the
Sen, PPV, ACC and F-measure of our new meth-
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od is the highest among the

five methods. However the
O PepSurf specificity is lower than for the
B MimoPro PepSurf and Pep-3D-Search.
oy Syserch For 3DOW_B, 1YCR_B and
00ur method 3DAB_F, the number of anti-

gen surface residues is a lot
fewer, and the number of epit-
opes to the number of the
three antigens is no less than
0.75. The algorithm then pre-
dicted the whole residues in
the highest score patch as the
candidate epitopes, this step had a high sensi-
tivity but a specificity of O. This is the main rea-
son for the lower specificity of our new method.
If we do not count these three cases, specificity
will reach 0.71. So specificity of our method will
be the highest of the five methods. However
neither sensitivity nor specificity could evaluate
the performance of a method individually.
According to the prediction results, the sum of
sensitivity and specificity of our new method is
the highest when compared with the other four
methods. This indicates that our new method is
effective in conformational B-cell epitope
prediction.

Conclusions

B-cell epitope prediction is important for vac-
cine design, development of diagnostic re-
agents and interpretation of the antigen-anti-
body interactions on a molecular level. Lo-
calizing epitopes by experimental methods is
expensive in terms of time, cost and effort;
therefore computational methods featured for
low cost and high speed are employed to pre-
dict B-cell epitopes. In this work, we propose a
new conformational B-cell epitope prediction
method of binding with individual antibodies
using phage display peptides. With this meth-
od, we first calculated the patch that potentially
includes the most epitopes by dividing the
mimotopes and antigen surface patch into
AAPs, and then predicted the candidate epit-
opes using the ASEP index. This method is
more effective than the single AAP and ASEP
methods. The performance of the new method
was measured with an average sensitivity of
59%, a specificity of 64%, a precision of 45%,
an accuracy of 70%, and an F-measure of 0.49.
When compared with other existing methods
on the testing dataset, our method provides
better predictive performance in sensitivity,
PPV, accuracy and F-measure.
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Our research is a new attempt to combine the
idea of the AAP-based method and the ASEP
index. It is more meaningful when it is used to
predict the conformational B-cell epitope bind-
ing with individual antibodies. As seen from the
results, for extremely difficult cases where
amino acids forming the epitope include both
consecutive segments and isolated amino
acids, such as 3BT1 and 2HYM, the method
failed in producing useful mappings. This indi-
cates that we should make the prediction more
efficient in future work.
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