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Abstract: This work deals with the use of predictors to identify useful B-cell linear epitopes to develop immunoassays.
Experimental techniques to meet this goal are quite expensive and time consuming. Therefore, we tested 5 free, online
prediction methods (AAPPred, ABCpred, BcePred, BepiPred and Antigenic) widely used for predicting linear epitopes,
using the primary structure of the protein as the only input. We chose a set of 65 experimentally well documented epitopes
obtained by the most reliable experimental techniques as our true positive set. To compare the quality of the predictor
methods we used their positive predictive value (PPV), i.e. the proportion of the predicted epitopes that are true, experi-
mentally confirmed epitopes, in relation to all the epitopes predicted. We conclude that AAPPred and ABCpred yield the
best results, as compared with the other programs and with a random prediction procedure. Our results also indicate that
considering the consensual epitopes predicted by several programs does not improve the PPV.
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1. INTRODUCTION

Nowadays, defined antigenic regions are incresingly be-
ing used for immunoassays either as unique molecules, as a
mixture of several components, or as single multiepitope
molecules obtained by antigen fusion [1-2]. Experimental
methods to identify B epitopes from infectious microorgan-
isms are quite expensive and require long-term ftrials, pre-
venting their use in the study of antigenic regions of com-
plete proteomes from microorganisms [3-4]. Therefore, the
development of in silico tools to reliably predict antigenicity
can reduce the experimental work required to identify the
regions of interest [4]. In particular, when researchers under-
take the identification of diagnostic epitope candidates using
sequence databases information, usually the tertiary structure
of proteins is unknown, their primary structure being the
only one that can be used. Accordingly, when the aminoacid
(AA) sequence is available, linear epitope prediction is the
most reliable approach currently used to select putative epi-
topes [5]. Hence, it is desirable to gain knowledge about the
performance of programs focusing on linear epitopes.

The literature addressing applicability of B-cell epitope
predictors is mainly oriented to identify vaccine candidates
[4]; hence, some criteria important for the development of
clinical diagnosis reagents are lacking in these assessments.
Thus, sensitivity and specificity are indicators commonly
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used to assess the quality of prediction programs, and the
program ability to find the real epitopes of a protein, de-
scribed by the positive predictive value (PPV) is generally
omitted. Indeed, in epitope-based vaccine research, a single
epitope may be crucial to achieve an immunoprotective re-
sponse [6-7]; hence, good sensitivity of predictors is a highly
desired feature. However, to reduce the number of experi-
mental procedures to confirm the epitope diagnostic utility,
the reliability of the predicted epitope is more important than
its sensitivity because any effective antibody-epitope interac-
tion within the antigen could be useful to detect specific an-
tibodies against the infection agent, the combination of many
epitopes being necessary to ensure sensitivity [8-9]. It is im-
portant to differentiate both parameters because prediction
programs may produce a low sensitivity indicator but, at the
same time, if real epitopes are predicted, programs may ren-
der a high PPV.

Since the early report of Hopp et al [10] in 1981, several
procedures have become popular to detect linear epitopes
against B Lymphocytes (BL) starting from the primary struc-
ture of a protein. Then, since the advent of computing tech-
nologies a wide repertory of methods have been developed
based on different algorithms that can be grouped by their
similarity. For example: BcePred [11], Antigenic [12] and
LEPDs [13] employ a simple combination of propensity
scales even using the same scales. AAPpred [14], BCpreds
[15], FBCpred [16], LEPs [17] and COBEpro [18] use the
support vector method using propensity scales and antigenic-
ity of AA pairs. Other programs, such as ABCpred [19] and
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Bepipred [20], are supported by a neural network system and
the Hidden Markov Model, respectively.

The performance of linear epitope prediction programs,
unfortunately, has not still achieved optimal efficiency, as
stated by the authors of the different programs [11-12-14-19-
20]. In general, these authors have assessed their respective
program by comparing it with simple algorithms of propen-
sity scales (which evaluate, e.g., hydrophobicity of AA-
windows, as compared with that of the whole protein), with-
out comparing the performance of the new predictor algo-
rithm with those previously proposed by other authors [11-
12-14-19-20]. The lack of published literature comparing
prediction programs prevents users from making the best
choice. In the present work, we performed this comparison
with the aim of evaluating the usefulness of prediction pro-
grams in selecting epitopes from database sites for the devel-
opment of reliable diagnostic reagents. We evaluated and
compared the five high popular, online available programs
that are useful to identify linear epitopes from the protein
primary structure available. We selected programs that are
representative of each kind of algorithms employed.

To meet our objective, we investigated the quality of
programs, mostly focusing on the rate of true positively pre-
dicted vs. the total number of predicted epitopes. Then, in-
stead of evaluating sensitivity and specificity, we determined
the PPV. We manually curated an epitope database to en-
hance the accuracy of the results. We studied 11 proteins that
had been whole mapped experimentally using highly reliable
techniques for epitope detection [21]. Each program was run
and the predicted epitopes were compared with the 65 true
epitopes displayed in these proteins. We analyzed if the epi-
topes consensually predicted by several programs were more
antigenic than those that had been predicted by only one of
the programs studied. Finally, to monitor the program pre-
diction efficiency, we compared the PPV with that obtained
when using randomly selected regions as possible epitopes
of the molecule under study.

2. MATERIALS AND METHODS
2.1. Proteins Studied

The criterion to select the linear epitopes to be included
in our dataset was previous experimental confirmation of
epitopes by Enzyme-Linked Immunosorbent Spot (ELISpot)
assays [21] or by using multispecific panels of monoclonal
antibodies that recognized linear epitopes. Considering that
our goal was to assess the true linear epitopes recognized by
prediction programs, we constructed our own dataset instead
of using an extended dataset available because the latter con-
tain experimentally heterogeneous data. As a result, we
manually selected 11 proteins for which a total number of 65
BL epitope data were obtained. We selected the proteins
from BciPep Database [22], HIV Molecular Immunology
database  (http://www.hiv.lanl.gov/content/immunology/in-
dex.html) and from the literature [23-25] (see database or
author sources for each protein in Table 1). BciPep is a B
epitope database focused on vaccine research projects and
HIV Molecular Immunology Database is an annotated,
searchable collection of HIV-1 T-cell epitopes and antibody
binding sites. Minimal, experimentally determined linear AA
sequences responsible for antibody recognition from the pro-
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quences responsible for antibody recognition from the pro-
teins are listed in Table 1. Furthermore, unlike other authors
who benchmarked predictor programs, we worked with the
whole proteins instead of separated peptides to detect real
antigenic zones. Thus, our results are closer to the real sce-
nario because program users generally input the whole pro-
tein. Additionally, we selected proteins that do not partici-
pate in autoimmune response to restrict the assessment of the
programs to epitopes recognized by antibodies developed
against pathogens.

2.2. Theory and Setting up of the Programs

Some representative, free, online available programs
were used to predict the linear epitopes from the protein AA
sequences. All these programs use mathematical algorithms
together with propensity scales and/or experimental anti-
genicity data. Unless otherwise stated, each program was run
using the default parameters. The programs assessed in this
study were AAPPred [14], ABCpred [19], BcePred [11],
BepiPred [20] and Antigenic [12].

AAPPred [http://www.bioinf.ru/aappred/] determines the
antigenicity of individual AAs by support vector method. It
evaluates the frequency with which AA pairs occur, together
with the propensity scales of hydrophobicity [26], flexibility
[27], accessibility in a protein [28], turn location [29], anti-
genicity [30] and polarity [31]. The program allows us to
perform the analysis using AA pairs together with propensity
scales (SVM1) or alternatively, using AA pairs alone
(SVM2). We used the SMV1 mode.

ABCpred  [http://www.imtech.res.in/raghava/abcpred/]
allows for prediction of BL epitopes of a defined length 10,
12, 14, 16 or 20 AAs. The analysis is performed using a neu-
ral network system trained with a database of known epi-
topes [19]. In the present work, the program was set up to
obtain epitopes of 20 AAs in length.

BcePred  [http://www.imtech.res.in/raghava/BcePred/]
uses methodologies developed by other authors to assign
antigenicity values to each individual AA, such as propensity
scales of hydrophobicity [26], flexibility [27], accessibility in
a protein [28], turn location [29], surface exposure [32], po-
larity [31] and antigenicity [30]. We performed the analysis
taking into account all the mentioned features together.

BepiPred [http:/iwww.cbs.dtu.dk/services/BepiPred/]
defines antigenicity values for each AA applying the Hidden
Markov Model to a hydrophobicity scale [26].

Antigenic  [http://femboss.bioinformatics.nl/cgi-bin/em-
boss/antigenic]. This program determines variable length
epitopes using the Kolaskar algorithm [12]. This program
combines information of known antigenic determinants with
values of flexibility, hydrophobicity and accessibility [26].

Prediction programs define the antigenicity degree by
means of a score, provided for each epitope in some pro-
grams or, alternatively, for each individual AA in others. In
the latter case, an epitope or antigenic region can be defined
in the primary structure when several AAs with high score
are adjacent. Moreover, the number of epitopes or antigenic
regions that prediction programs yield depends on a thresh-
old that is set by the user. All the prediction programs are set
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Table1l. Experimental database: Proteins selected for this study. Protein NCBI accession code, total length, number of actual
epitopes experimentally determined and location of epitopes or antigenic regions are indicated. * Proteins are from Bci-
Pep Database (A), HIV Molecular Immunology Database (B) or taken from the literature (see reference number 17 for
VVP1, 16 for protein N, and 18 for Gliadin).
Protein (¥) NCBI Se- Length (in num- Qua.ntlty of
quence Code ber of AA) Epitopes Location of Epitopes or Antigenic Regions
MPT70 (A) NP_217391 193 2 31-70, 100-120
MSP-1 (A) BAF62280.1 1693 3 29-39, 1594-1611, 1644-1662
Exotoxin A NP_249839 638 8 297-313, 324-333, 354-387, 412-421, 510-522, 528-539, 557-593, 596-638
GV
GAG1 (A) P20873 504 10 11-25, 113-122, 142-156, 176-214, 216-268, 280-308, 312-321, 330-367,
406-416, 428-448
Gp160 (A) NP_057856 856 13 30-141, 161-191, 211-231, 252-281, 294-344, 346-413, 424-511, 525-558,
561-615, 639-701, 724-747, 761-778, 822-855
Pr55 (B) NP_579876 132 2 11-38, 51-78
Rev (B) NP_057854 116 4 5-15, 32-51, 70-91, 96-116
VP1 (17) ABC87248 781 12 31-41, 55-65, 85-95, 151-161, 292-392, 316-326, 493-500, 529-539, 547-
554,571-578, 667-707, 712-722
Gliadin (18) A27319 296 3 31-72, 165-176, 237-264
Protein N (16) AAP13445 422 6 1-6, 45-61, 153-192, 211-223, 225-235, 354-412
Protease (B) CAB66012 99 2 1-7, 36-47

at the optimum threshold (defined by the respective authors),
by default. However, the results obtained for several proteins
when using this setting predicted the whole protein se-
quences as being antigenic. This prompted us to input the
protein sequences, run each program using its default thresh-
old but considering as epitopes only top scored n/60 AA
(where n is the protein length). Actually, one epitope in ap-
proximately 60 AAs is the real epitope frequency in the pro-
teins studied.

The minimal AA length that a sequence should have to
be recognized by antibodies is still under discussion [33-35].
Each program commonly predicts antigenic determinants of
different lengths in the range of 1-30 AAs. In this work, we
consider that a sequence is a predicted epitope if it has, al
least, 6 AA in length. This has been proposed as the minimal
AA length adequate to be bound by an antibody [36] in
agreement with the criterion adopted by several authors [12-
27-28-37]. Although prediction programs normally display
separate epitopes, when results showed overlapped se-
quences, we considered all of them to be single antigenic
region.

Sequences of 6 or more AAs, which were identified as
antigenic by several programs, were evaluated and classified
into two groups: weak and strong consensus groups. Epi-
topes were considered as belonging to the weak consensus
group when they were predicted by three programs as anti-
genic with a low score, or they were graded as very antigenic
displaying a high score by two programs. The strong consen-
sus group contained epitopes that were predicted by a mini-

mum of three different programs and simultaneously, at least
one of them assigned it a high score or at least four programs
marked them with low scores. We considered a score high
when it was in the upper third of the rank of values of the
method. Otherwise, we considered it a low score.

2.3. Program Comparison

The parameter we used to compare the programs was the
PPV, i.e., the proportion between true and predicted epi-
topes, defined as:

Ce
PPV =—2 100 %

ep

where Cg, is the number of correctly predicted epitopes
which agrees, at least by 6 AAs with actual, experimentally
found epitopes, and T, is the total number of epitopes, pre-
dicted or produced by programs or by the consensus. PPV
was calculated for each program and each protein studied.
We also evaluated whether the results produced by the pro-
grams were more truthful than epitopes obtained by a ran-
dom prediction procedure. For this purpose, we calculated
the average length of the epitopes predicted by the best pro-
gram studied (AAPPred), and divided each protein into
fragments of the calculated average length. Then, we evalu-
ated how many of those fragments matched with real epi-
topes, and finally calculated PPV considering Tep, the total
number of the fragments obtained for the protein under
study.
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2.5. Statistical Analysis

Firstly, we verified the normal distribution of probability
of the results obtained with the prediction programs and by
random prediction. For this purpose, we calculated the
asymmetry and Curtois indices, these belonging to (-1.174;
1.333) and (-0.540; 0.612) ranges, respectively. Results were
graphed as a function of their cumulative frequency and, in
all cases they turned out to be straight lines. Secondly, and
once the Gaussian distribution of the probability was veri-
fied, the confidence intervals of PPVs were set at 90% level
of significance for each different prediction procedure. As
the same sample space was used to run all the programs, to
compare the performance between them, we were able to
calculate the difference among the PPVs using paired com-
parisons. Results were expressed as the 90% confidence in-
tervals for each couplet of programs compared showing, with
90% of confidence, which program produced a PPV value
different from that calculated for another program.

3. RESULTS

AAPPred, BcePred, ABCpred, BepiPred and Antigenic
programs were run online to predict linear epitopes of all the

R
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proteins listed in Table 1. As an example, we present the
comparison of the results obtained for MPT70 protein using
the different prediction programs and procedures (Fig. 1).

The assessment of programs with the full panel of epi-
topes used in this work allowed us to determine the PPVs
and the confidence intervals, set at 90% significance level
(Fig. 2). As an example, for the AAPPred predictor, a mean
PPV value of 69.1 % means that of 100% of predicted epi-
topes (by this program itself, or by the weak- or by the
strong-consensus), 69.1% are indeed experimentally found
epitopes.

The differences of the means of the PPV between pro-
grams were calculated using the 65 experimental epitopes
(Table 2). When the confidence intervals contained the zero
(0) value, then PPV means were considered to be equal (E),
stated with 90 % significance; otherwise, PPV means were
considered to be non-equal (NE).

4. DISCUSSION

The selection of data to evaluate program performance is
always a quite difficult task; indeed, no database is to be
considered gold standard because databases are incomplete
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Figure 1. Linear epitopes predicted for MPT70 protein. The first line displays the real, experimentally found epitopes. In addition, there are
results predicted by AAPPred, ABCpred, BcePred, BepiPred, Antigenic, weak consensus procedure and strong consensus procedure. Dark

gray zones correspond to high score epitopes.
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Figure 2. Comparison of the confidence intervals of the positive predictive value obtained for AAPPred, ABCpred, BcePred, BepiPred, An-
tigenic, weak and strong consensus, and the random prediction procedures, using all the experimental epitopes from the 11 proteins consid-

ered in this work (Table 1).
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Table2. Program Comparison: Results of the Paired Comparison Between Each Couplet of Programs Studied, the Weak and
Strong Consensus and Random Procedure, Having Set the Level of Significance at 90%. E=equal. NE=non-equal. See
text.

AAPPred ABCpred BepiPred Antigenic Bcepred Weak consensus Strong consensus
ABCpred E
BepiPred NE NE
Antigenic NE NE E
Bcepred NE NE NE E
Weak consensus NE NE E E NE
Strong consensus E E E E NE E
Random NE NE E E E E E

and based on heterogeneous experimental data [38]. There-
fore, the automatic assessment of linear epitope prediction
programs, using the whole database available is not reliable
enough. Considering this difficulty, we used a moderate
sample space, which in turn was very controlled. All the pro-
teins were manually and carefully selected on the basis of the
experimentally determined real epitopes. Furthermore, it
should be noted that we did not use experimental negative
epitopes simply because they are not necessary to determine
the performance of programs when indicator PPVs are calcu-
lated. Hence, we consider that our results are highly reliable
because negative epitopes, used to estimate specificity, are
much less robustly defined in the experimental data available
than positives epitopes [38], and because we made a meticu-
lous selection of positive epitopes based on homogeneous
experimental data. In addition, we have determined a confi-
dence interval for our sample space that takes into account
the number of epitopes analysed and the scatter of the PPV
obtained; hence our comparison is of statistical significance.

In this work, we studied the programs AAPPred, AB-
Cpred, BcePred, BepiPred and Antigenic. With all of these
programs, the protein primary structure can be input. We
compared their respective aptitude to predict linear epitopes
that were already identified by experimental methods. Other
comparative evaluations of prediction programs have also
been published by Blythe & Flower [39] and Reimer [40],
respectively. The former work evaluates propensity scales
rather than online available programs. In that work, 484 pro-
pensity scales were used to predict AA antigenicity by using
different, rather simple algorithms. Most of these algorithms
compared the averages of the values of the propensity scales.
The authors calculated Matthew’s correlation and the mutual
information coefficients, and concluded that the use of pro-
pensity scales only allowed for slightly better epitope predic-
tion than random prediction [39]. It is noteworthy that, ex-
cept for the algorithm used by BcePred program, which is
comparable to those used by Blythe and Flower, the algo-
rithms used by the programs studied in our work are very
different and more complex. In fact, most of them use
Markov chain or neural network models to perform calcula-
tions. Reimer’s work, instead, evaluated two of the five pre-
diction programs we studied, ABCpred and BepiPred [40].

The parameters assessed were program sensitivity, defined
as the ratio between the number of epitopes correctly pre-
dicted over the total number of experimentally found epi-
topes, and program specificity, defined as the ratio between
the number of the correctly predicted non-epitopes over the
total number of non-epitopes experimentally found for dif-
ferent proteins. The author concludes that these programs
predict slightly better than random prediction. However,
these values (sensitivity and specificity) do not provide in-
formation on the reliability with which the program predicts,
i.e., if the expected degree of confidence about the predicted
epitope region is consistent with real epitope regions. Con-
versely, the analysis presented in our work allows us to
evaluate reliability by calculating the program 90% confi-
dence interval of PPV, as defined in the “Program compari-
son” subsection.

In the case of BcePred and ABCpred programs, the PPV
was determined by their authors using their own database
but, conversely to our analysis, confidence intervals have not
been determined [11-19]. The PPVs reported were 58.7%
and 65.6% for BcePred and ABCpred, respectively. As
shown in Fig. 2, using our well controlled experimental epi-
tope dataset, the PPV confidence interval obtained with
BcePred ranged between 17.2-44.6 %, which is lower than
the PPV reported by the authors, whereas with ABCpred,
PPV ranged between 47.1-78.6%, with some values greater
than those reported by the authors. Then, ABCpred was one
of the prediction programs that best performed, as shown by
the 90% confidence, whereas BcePred together with Anti-
genic did not perform better than random prediction (see
Table 2).

Regarding the program AAPPred, the authors did not
evaluate the PPV [14]. For this predictor, our results show
that PPV ranges between 51.9-86.2%, with 90% confidence
(Fig. 2), indicating that AAPPred is one of the best perform-
ing programs together with ABCpred for the evaluated pro-
teins (see Fig. 2). Interestingly, AAPPred uses the support
vector method, also employed by other current programs,
i.e.. BCpreds [15], FBCpred [16], LEPs [17] and COBEpro
[18].
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One putative reason to explain the difference among re-
sults produced by the programs studied is that the algorithms
used by the programs are quite different. When comparing
the results produced by AAPPred, which shares six of the
seven propensity scales used by BcePred, except the one
relying on surface exposure, it is apparent that programs lead
to very different results (see Fig. 2 and Table 2), therefore
suggesting that the algorithm itself is the factor that best con-
tributes to the differential prediction ability of a program. At
the same time, even when quite simple algorithms appropri-
ately weigh the physicochemical properties evaluated by
several propensity scales, improved PPVs can be obtained
[11-37].

Fig. 2 and Table 2 show that if we consider true epitopes
only the regions that overlap those proposed as antigenic by
several programs, this procedure by itself does not improve
the PPV value, as compared with results produced by each
program individually.

CONCLUSIONS

Having set the significance level at 90%, we obtained
that the mean value of the positive predictive value, PPV,
varied between 31% and 69%, BcePred resulting the only
program displaying a mean PPV lower than PPV obtained
with the random procedure (see Fig. 2). Our results also in-
dicate that only two of the programs studied, AAPPred and
ABCpred, predicted epitopes with a statistically significantly
higher PPV than a random procedure (see Table 2). These
two programs produced predictions with up to 86.2% and
78.6% accuracy, respectively, stated with 90% confidence.
We also determined that the quality of the results obtained
with programs that employ propensity scales are mainly de-
termined by the algorithm used by the program rather than
by the scale itself.
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AA = amino-acids
BL = B lymphocytes
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