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Summary. Identification of antigenic sites on proteins is of vital impor-

tance for developing synthetic peptide vaccines, immunodiagnostic tests

and antibody production. Currently, most of the prediction algorithms rely

on amino acid propensity scales using a sliding window approach. These

methods are oversimplified and yield poor predicted results in practice. In

this paper, a novel scale, called the amino acid pair (AAP) antigenicity

scale, is proposed that is based on the finding that B-cell epitopes favor

particular AAPs. It is demonstrated that, using SVM (support vector

machine) classifier, the AAP antigenicity scale approach has much better

performance than the existing scales based on the single amino acid

propensity. The AAP antigenicity scale can reflect some special sequence-

coupled feature in the B-cell epitopes, which is the essence why the new

approach is superior to the existing ones. It is anticipated that with the

continuous increase of the known epitope data, the power of the AAP

antigenicity scale approach will be further enhanced.
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1. Introduction

An epitope is the part of a macromolecule that is recog-

nized by the immune system, specifically by antibodies,

cytotoxic T cells, or B cells. Although epitopes are usu-

ally thought to be derived from nonself proteins, se-

quences derived from the host that can be recognized

are also classified as epitopes.

Located on the surface of the antigen, the B-cell epi-

topes are antigenic determinants recognized and bound by

the B-cell receptor. B-cell epitopes are classified as either

linear or discontinuous epitopes: the former comprises a

single continuous stretch of amino acids within a protein

sequence; while the latter consists of residues that are

distantly separated in the sequence but are brought into

physical proximity via protein folding. So far most experi-

mental epitope detections have been focused on the linear

B-cell epitopes. For simplicity, hereafter the B-cell epi-

topes will just refer to the linear ones.

Identification of epitopes on proteins is of vital impor-

tance for developing synthetic peptide vaccines, immuno-

diagnostic tests and antibody production. Most of the pre-

vious prediction methods in this regard were based on a

single physicochemical property (or propensity scale) of

the constituent amino acids, such as tight turns (Chou

and Fasman, 1978), surface accessibility (Emini et al.,

1985), flexibility (Karplus and Schulz, 1985), hydropho-

bicity (Parker et al., 1986), and antigenicity (Kolaskar and

Tongaonkar, 1990). Currently, there are a set of linear B-

cell prediction softwares available on the web, such as

PREDITOP (Kolaskar and Tongaonkar, 1990), PEOPLE

(Alix, 1999), and BEPITOPE (Odorico and Pellequer,

2003). All these algorithms have a common feature, i.e.,

calculating the average amino acid propensity value over

a sliding window along a query protein sequence. The

peak of the resulting profile is considered to correspond

to the location of the B-cell epitope for the protein con-

cerned. Unfortunately, to one’s disappointment, a recent

study by Blythe and Flower (2005) led to the conclusion

that ‘‘single-scale amino acid propensity profiles cannot be

used to predict epitope location reliably’’, as reflected by

the fact that even the best amino acid propensity scales could

only yield a success rate marginally better than that by

randomly using ROC (receiver operating characteristics)

� Electronic supplementary material: Supplementary material is avail-

able in the online version of this article at http:==dx.doi.org=10.1007=

s00726-006-0485-9 and is accessible for authorised users.



plot (Delacour et al., 2005). As the data of linear B-cell

epitopes are accumulating, it is possible to increase the

prediction quality by using machine learning approaches

(Sollner, 2006; Sollner and Mayer, 2006), and the predic-

tion accuracy has been improved by so doing. Yet, it

would not change the key issue, i.e., how to extract appro-

priate features from the primary sequence of B-cell epi-

topes no matter what kind of machine learning approach

is used.

Stimulated by the facts that it can significantly enhance

the success rates if the sequence coupling effects can

be effectively taken into account as observed in the pre-

dictions of beta-turns (Chou, 1997b; Chou and Blinn,

1997), alpha-turns (Chou, 1997a), HIV-protease cleavage

sites in proteins (Chou, 1993; Chou and Zhang, 1993;

Zhang and Chou, 1993), specificity of GalNAc-transferase

(Chou, 1995), signal peptides (Chou, 2001a, b; Liu et al.,

2005), as well as the reports in three relevant reviews

(Chou, 1996, 2000, 2002), we are to use the simplest

amino acid coupling mode, i.e. the amino acid pairs

(AAPs), to improve the prediction quality for the B-cell

epitopes. The AAP approach has been successfully used

to enhance the success rates for predicting the secondary

structural contents in a protein (Chou, 1999; Liu and

Chou, 1999). Actually, it is indicated through a statisti-

cal analysis on the epitope and non-epitope data sets

that some particular AAPs are significantly higher than

the others in the occurrence frequency. The present study

was initiated in an attempt to use this kind of cou-

pling effects to improve the prediction quality for B-cell

epitopes.

2. Materials and methods

2.1 Data sets

The B-cell epitope data set was taken from Bcipep database (Saha et al.,

2005), which is a collection of experimentally determined B-cell epi-

topes. It comprises 2479 continuous epitopes from over 1000 anti-

genic proteins. To train any learning machine, one needs to fix the

length pattern. However, the B-cell epitopes are various in lengths. In

order to create fixed length pattern, we adopted a ‘‘truncation-exten-

sion treatment’’. According to such an approach, if a B-cell epitope is

longer than 20 amino acids, then only its central 20 residues are kept by

equally truncating the surplus residues at both the N- and C-terminals;

if a B-cell epitope is shorter than 20 amino acids, then the peptide

segment is equally extended toward both the N- and C-terminals along

the protein chain until it reach 20 residues long. If there were several

identical amino acid segments after such a truncation-extension treat-

ment, only one of them was kept. The epitope data set, also called

positive data set Sþ, thus derived from the original Bcipep database

(Saha et al., 2005) contains 872 unique epitopes with a same length of

20 residues. The non-epitope data set, also called negative dataset S�,

was generated by randomly picking the 872 peptide segments of

20 amino acids from the Swiss-Prot database with the criterion that

none of them is the same with any one of the segments in Sþ. Thus, we

have a positive dataset Sþ consisting of 872 B-cell epitopes, and a

negative dataset S� consisting of 872 non-B-cell epitopes (see Online

Supporting Information A and B, respectively). They are the same in

length but different in amino acid components and sequence order.

2.2 AAP Antigenicity scale

It is shown through a comparison of the Bcipep database with the Swiss-

Prot database that the AAP composition for the epitopes is very different

from that of the non-epitopes. AAPs are generated by decomposing the

peptides of protiens continuously. For example, the peptide AEACCGCA

can be decomposed into 7 AAPs: AE, EA, AC, CC, CG, GC, and CA.

Listed in Table 1 are the occurrence frequencies of some AAPs, which

indicate a great discrepancy between the epitopes and non-epitopes. If a

query peptide segment contains the AAPs that epitopes prefer, its chance

to be an epitope is higher, and vice versa. In order to capture this informa-

tion, we introduce the ‘‘AAP antigenicity scale’’ for every AAP that can be

interpreted as the likelihood of this AAP being associated with an epitope.

There are 20� 20¼ 400 AAPs (Liu and Chou, 1999), so the AAP anti-

genicity scale also contains 400 entries. The AAP antigenicity scale is

defined by

RAAP ¼ log

�
fþAAP

f�AAP

�
ð1Þ

where fþAAP and f�AAP are the occurrence frequencies of a given AAP in

the epitopes and non-epitopes, respectively, and they can be derived from

the Bcipep database and Swiss-Prot database, respectively. The AAP

antigenicity scale (1) is normalized into ½�1;þ1� through the following

conversion:

RAAP ¼ 2

�
RAAP � min

max�min

�
� 1 ð2Þ

where max and min represent the maximum and minimum values among

all the possible RAAP values before the normalization. The normalization

procedure of (2) will avoid the dominance of an individual feature in the

classifier learning.

2.3 The SVM classifier and its parameter selection

In the previous prediction methods, the sliding windows along the primary

sequence of a query protein was used and the propensity value of the

central amino acid for the sequence highlighted by the window was

adopted as a criterion in identifying whether the segment is a B-cell

epitope. Obviously, such an approach is oversimplified. Also, it is quite

arbitrary in choosing the threshold value. In this paper, the support vector

machine (SVM) (Vapnik, 1998) was used as the prediction engine. In

SVM each sample is represented by a vector. The SVM classifier basically

learns how to classify a query sample x into two classes f�1;þ1g from a

set of labeled training examples fx1; x2; . . . ; xmg. It derives a decision

boundary between the positive and negative data sets with the maximum

margin. Here, every component of the input vector x is a feature of the

Table 1. Difference of AAP composition in Bcipep and Swiss-Prot

database

AAP Bcipep (%) Swiss-Prot (%) Ratio

WG 0.276 0.077 3.563

PG 0.956 0.369 2.591

WK 0.202 0.069 2.911

MP 0.037 0.111 0.331

FI 0.067 0.242 0.278
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peptide. The AAP antigenicity component of x is the average of the AAP

antigenicity values of all the AAPs in the peptide.

When performing the classification with the SVM classifier, the choice

of the penalty factor C and the type of kernel is very important. In this

paper, if x consists of only one component, the dot kernel is used and the

penalty parameter C used to control the trade-off between the errors of

the SVM on training data and the margin maximization is selected

from the range [10, 200] with the interval of 10; if x consists multiple

components, i.e., a combination of different features of a peptide, the

RBF kernel is used. The RBF is by far the most popular choice of kernel

type used in SVM for its localization property. It is defined as (Scholkopf

et al., 1997):

Kðx; x0Þ ¼ exp

�
� kx� x0k2

2s2

�
ð3Þ

where s2 is a control parameter reflecting the kernel width. To identify the

optimal C and s2, a systematic grid search was conducted for C among

(2�2; 2�1; 20; 21 . . . ; 211; 212) and for s2 among (2�5; . . . ; 2�1; 20;

21; . . . ; 29). So there were 15�15 ¼ 225 combinations. Finally, it was

found that the optimal values for the two parameters are C ¼ 25 ¼ 32

and s2 ¼ 2, and they were used for performing the prediction.

2.4 Performance measure

In this study, both the five-fold and jackknife cross-validations have been

used. The five-fold cross-validation belongs to the sub-sampling test

method. In the five-fold cross-validation, the data set is randomly divided

into five subsets, each containing nearly equal number of peptides. The

five subsets are then grouped into a training set and a testing set. The

training set consists of four of these subsets and the testing set consists of

the remaining one. This procedure is repeated five times and every subset

is used once for testing. The final prediction results are the average of the

five testing results.

In the jackknife test, each protein in the benchmark dataset was

singled out in turn as a ‘‘test protein’’ and all the rule parameters were

calculated from the remaining proteins. During the process of jackknife

test, both the training and testing datasets were actually open, and a

protein was in turn moving from one to the other. As is known, the

single independent dataset test, sub-sampling test and jackknife test are

the three methods often used for cross-validation in statistical predic-

tion. Of these three, however, the jackknife test is deemed as the most

rigorous and objective one, as illustrated by a comprehensive review

(Chou and Zhang, 1995). Therefore, the jackknife test has been

recently increasingly used in literatures (Cao et al., 2006; Chen et al.,

2006; Chou and Shen, 2006a, b; Feng, 2001; Gao et al., 2005a, b;

Guo et al., 2006; Sun and Huang, 2006; Wen et al., 2006; Xiao et al.,

2005; Zhang et al., 2006; Zhou, 1998; Zhou and Doctor, 2003) for

examining the power of various prediction methods.

In this study, the default threshold for SVM classifier is set to zero and

all the results are given under this threshold. The following equations were

usually used to measure the prediction quality:

<sen ¼ TP

TP þ FN
�100%

<spe ¼
TN

TN þ FP
�100%

<aac ¼
TP þ TN

TP þ FP þ TN þ FN
�100%

<pos ¼
TP

TP þ FP

8>>>>>>>>>><
>>>>>>>>>>:

ð4Þ

where <sen reflects the sensitivity, i.e., the rate of epitopes that are cor-

rectly predicted as epitopes; <spe reflects the specificity, i.e., is the rate of

non-epitopes correctly predicted as non-epitopes; <acc reflects the accu-

racy, i.e., the rate of correctly predicted peptides; <pos reflects the positive

prediction rate, i.e., the rate that a predicted epitope is in fact an epitope;

TP represents the true positive; TN, the true negative; FP, the false

positive; and FN, the false negative (Fig. 1). Also, the Matthew’s correla-

tion coefficient is computed according to the following formulation:

MCC ¼ ðTPÞðTNÞ � ðFPÞðFNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½TP þ FP�½TP þ FN�½TN þ FP�½TN þ FN�

p ð5Þ

Fig. 1. An illustration to show: TP (true positive), the number of correct

predictions for the positive dataset Sþ; TN (true negative), the number of

correct predictions for the negative dataset S�; FP (false positive), the

number of incorrect predictions for the positive dataset Sþ; and FN

(false negative), the number of incorrect predictions for the negative

dataset S�

Table 2. The performance of SVM using AAP antigenicity scale with different window sizesa

Window

size

Sensitivity

(<sen)

Specificity

(<spe)

Accuracy

(<acc)

Positive prediction

rate (<pos)

Matthew correlation

coefficient (MCC)

10 59.60 69.26 65.87 64.39 0.2902

12 58.81 71.05 66.79 64.93 0.3001

14 59.72 75.55 71.11 67.54 0.3571

16 60.93 74.48 70.80 67.62 0.3574

18 60.63 75.10 70.52 67.92 0.3616

20 60.87 75.36 71.09 68.07 0.3663

a These results were obtained by using SVM with the dot kernel and the penalty parameter C was optimized over the range of

[10, 200] at the interval 10
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In addition to use of the threshold-dependent measure, we have

also compared the sensitivity and specificity across all the possible

thresholds to generate a ROC plot (Delacour et al., 2005). The ROC

plot is a threshold-independent measure which can evaluate the over-

all performance of a prediction method. It was obtained by plotting

all the sensitivity values (true positive rate) against their equivalent

(1-specificity) values (false positive rate). The area under the ROC

curve is deemed as an important measure of the overall prediction

accuracy.

3. Results and discussion

Listed in Table 2 are the 5-fold cross-validation results

obtained by using the AAP antigenicity scale for different

window sizes of 10, 12, 14, 16, 18 and 20. The parameter

C is optimized over the range [10, 200] of the interval

10. As we can see from the table, the maximum pre-

diction accuracy ranges from 64.39 to 68.07% with

the window size of 20 achieving the largest value of

68.07%. Therefore, such a window size is used for fur-

ther investigation.

We then compare the performance of linear SVM clas-

sifier using AAP antigenicity scale with that using AP

scales. The AP scales include accessibility, flexibility,

beta turn, antigenicity and hydrophilicity, which are

thought to be correlated to the B-cell epitopes. Tables 3

and 4 show the results obtained by the 5-fold and jack-

knife cross-validation tests, respectively. From the two

tables, we can see that the AAP antigenicity scale has

outperformed the AP scales in all the cases.

Table 3. Comparison of performance of SVM using different scales and their combination by the 5-fold cross-validationa

Scale Sensitivity

(<sen)

Specificity

(<spe)

Accuracy

(<acc)

Positive prediction

rate (<pos)

Matthew correlation

coefficient (MCC)

Turns 53.32 65.48 60.44 59.31 0.1901

Accessibility 58.65 53.39 55.09 55.80 0.1211

Antigenicity 58.31 54.59 56.41 56.28 0.1295

Hydrophilicity 59.33 59.16 60.22 59.13 0.1852

Flexibility 57.66 57.60 57.59 57.47 0.1530

AAP antigenicity 60.87 75.36 71.09 68.07 0.3663

Combination of all 63.56 76.48 72.54 70.06 0.4040

a These results were obtained with the window size set at 20. The relevant parameters used for SVM in the combination method were

C ¼ 32 and s2 ¼ 2

Table 4. Comparison of performance of SVM using different scales and their combination by the jackknife cross-validationa

Scale Sensitivity

(<sen)

Specificity

(<spe)

Accuracy

(<acc)

Positive prediction

rate (<pos)

Matthew correlation

coefficient (MCC)

Turns 51.61 65.71 60.08 58.66 0.1749

Accessibility 56.08 52.87 54.33 54.47 0.0895

Antigenicity 57.45 53.67 55.36 55.56 0.1113

Hydrophilicity 60.67 57.11 58.58 58.89 0.1779

Flexibility 54.82 58.03 56.64 56.42 0.1285

AAP antigenicity 58.94 74.31 69.65 66.63 0.3366

Combination of all 62.04 77.87 73.71 69.95 0.4042

a See footnote of Table 3 for further explanation

Fig. 2. ROC plot for AP scales, AAP antigenicity scale and their com-

bination (for the colour version of this figure, the reader is referred to the

online version of this paper under www.springerlink.com)
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We also combined the AAP scale and the five AP scales

using the SVM classifier in order to further improve the

prediction accuracy. The last lines of Tables 3 and 4 show

the results by the combination method. As we can see, the

results obtained by such a combination are the best.

Finally, we also compared the performance of AAP an-

tigenicity scale, AP scales, and their combination at dif-

ferent threshold levels with a ROC plot (Fig. 2). Again, as

we can see from the plot, the combination method has the

best performance at nearly all the threshold levels.

4. Conclusion

Prediction of the B-cell epitopes is an important but also

very difficult and complicated problem. Based on the find-

ing that B-cell epitopes favor particular AAPs, we have

introduced a new scale, the so-called AAP antigenicity

scale, to deal with the problem. The AAP antigenicity

scale approach can give much better performance than

various AP scale approaches used in the existing B-cell

epitope prediction algorithms. The AAP antigenicity scale

reflects the preference of B-cell epitopes for certain

AAPs, which can be regarded as some kind of sequence-

coupled effects. This accounts for its superiority over the

AP scales. It is quite encouraging to see that if the AAP

approach was combined with the existing AP approaches,

the prediction quality would be further improved. It is

expected that with the epitope data increasing, the perfor-

mance of AAP antigenicity scale will be further improved.
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