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Abstract Binding of Major histocompatibility complex

(MHC) peptide is a prerequisite for T cell activation in the

immune system. MHC-binding peptides have shown prom-

ising results for immunodiagnostics and immunotherapeutic

purposes. HLA-B*2705 is found to be associated with the

development of variety of autoimmune diseases including

Ankylosing spondylitis. Detecting MHC class I allele HLA-

B*2705 binding peptides can reduce the number of peptides

that need to be tested experimentally. This work describes the

implementation of SVM algorithm, developed for the iden-

tification of HLA-B*2705 binding peptides in antigenic

sequences. The specificity and sensitivity obtained during the

development of this server are 85 and 86 %, respectively.

Whereas average precision and average recall values were

observed to be 85 and 86 %, respectively. Training on wide-

scale data made this method more accurate and robust than all

available other methods for the HLA-B*2705 allele and

would prove its usability in the biomedical domain. A web

server HLA-B27pred is available at http://www.nuccore.org/

hlab27pred for academic and research purpose.

Keywords Ankylosing spondylitis � MHC-binding
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1 Introduction

The major role of immune system is to identify pathogen-

infected cells and differentiate them from healthy cells. It

has to be accomplished by major histocompatibility com-

plex (MHC) class I and class II antigen processing. The

presentation of peptides by MHC class I molecules and

their recognition by T cell receptors are fundamental for

cell-mediated immune response (Flower 2008). As T cell

recognition is limited to the peptides being presented by

MHC molecules, the basis for the anticipation of T cell

epitopes is the prediction of peptides that can bind to MHC

molecules (Flower 2003; Flower and Doytchinova 2002).

Some HLA alleles occur at a much higher frequency in

those suffering from certain diseases than in general pop-

ulation. The diseases which are associated with particular

MHC alleles include autoimmune disorders, disorders of

the complement system, certain viral diseases, some neu-

rologic disorders, and several different kinds of allergies

(Vyes and Tood 1996). The human MHC class I allele

HLA-B27 is one of the best investigated MHC class I

molecules, which is partly due to its strong association with

the development of variety of autoimmune diseases,

including Ankylosing spondylitis (AS) (Allen et al. 1999).

AS is a human leukocyte antigen HLA-B27-associated

disease that is characterized by chronic progressive

inflammation in the axial joints and enthuses (the ligaments

and tendon attachments in bone) (Kim et al. 2005).

An individual with HLA-B27 allele has a relative risk of

90 (means 90 times greater likelihood as compared to

someone in the general population) of developing the
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autoimmune diseases such as pelvic and spinal arthritis and

AS. A given disease may be quantified by determining the

frequency of the HLA alleles expressed by individuals

afflicted with the disease, then comparing these data with

the frequency of the same alleles in the general population

(Dale and Federman 1997). In addition HLA-B27 is known

to present antigenic peptides derived from major infectious

agents, such as Epstein-Barr virus, influenza virus, and

human immunodeficiency virus (HIV) to cytotoxic T

lymphocytes.

Among the HLA-B27 subtypes, HLA-B*2705 is the

most common and exhibits a very clear association with

AS (Khan et al. 2007; Acar et al. 2011; Diyarbakir et al.

2012). Study on Turkish patients of AS suggested that the

frequency of HLA-B27 subtypes is not significantly dif-

ferent between patients and controls. Polymorphic studies

have also been performed on HLA-B27 patients with

juvenile and adult-onset AS in Southern China (Mou et al.

2010). A recent study suggested that the Chinese traditional

herb ‘lei gong teng’ might be a potential drug for patients

who are HLA-B27-positive (Zhao et al. 2011). For the

treatment of such an autoimmune disease, it is important to

determine the peptides that would bind to MHC class I

molecules which will help in the treatment of these dis-

eases. The experimented methods for identification of these

peptides are both time consuming and cost-intensive,

which have been widely used to select a small number of

candidate epitopes for experimental verification (Purcell

et al. 2007).

A number of methods have already been proposed for

predicting MHC-binding peptides from an antigenic

sequence. Available computational methods are usually

based on different principles: (1) motif-based methods such

as position-specific scoring matrix (PSSM) (Parker et al.

1991; Rammensee et al. 1999) and statistical approach

based on Hidden Markov Model (HMM) (Mamitsuka

1998), (2) Machine-learning methods based on Artificial

Neural Network (ANN) (Nielsen et al. 2003); Support

Vector Machine (SVM) (Donnes and Kohlbacher 2006)

and kernel-based methods (Salomon and Flower 2006), (3)

Semi-supervised machine-learning methods (Murugen and

Dai 2005; Hertz and Yanover 2006), (4) structure-based

methods (Doytchinova and Flower 2001). A number of

algorithms have earlier been developed over the years for

the prediction of HLA-B*2705 binding peptides from an

antigenic sequence. Some of these algorithms are: Pro-

pred1 (Singh and Raghava 2003), nHLAPred (Bhasin and

Raghava 2007), SYFPEITHI (Rammensee et al. 1999),

SVMHC (Donnes and Kohlbacher 2006), BIMAS (Parker

et al. 1994) and RANKPEP (Reche et al. 2002). All of

these algorithms are based on different prediction methods

and are developed using limited number of binding and

non-binding data sets ranging from 20 to few hundreds (not

more than 300) in binding and non-binding sets each. The

better performance of the algorithms is defined by the size

and quality of the data used for its development or training.

Compared to other existing prediction algorithms, we have

used large amounts (969 peptides) of high quality data

from a more accurate and suitable database resource.

Immune epitope database and analysis resource (IEDB;

www.iedb.org), which provides a catalog of experimentally

characterized data, has been used as the data resource to

extract nonamer binding peptides of HLA-B*2705 (Vita

2010). To increase the performance and also to overcome

the limitations of existing algorithms, we propose a more

precise SVM-based algorithm for the prediction of human-

specific HLA-B*2705 binding peptides.

2 Materials and methods

2.1 Data sets

Our data set consists of 969 unique MHC-binding peptides

extracted from IEDB (Vita 2010). Same number of non-

binding peptides (all peptides other than binding peptides)

was generated randomly from a random selection of human

proteins obtained from Unitprot. The MHC-binding and

non-binding peptides final ratio was kept at 1:1 to evaluate

the performance of the method by considering the accuracy

of kernel parameters. SVM-based prediction for binding

and non-binding peptides was categorized into two classes

as ?1 and -1, respectively. The machine-learning methods

like SVM and many others do not understand alphabets,

but accept digits as inputs and also return results in digits

again. Hence, we used binary sparse encoding to represent

the peptides. Each amino acid is represented as a bit vector

of 20 elements, where the combination of 1 and 0s repre-

sents a particular amino acid e.g., (Ala: 100000000

00000000000, Cys: 01000000000000000000, etc.), hence

every nonameric peptide is represented by a binary vector

of total length of 180 bits (9 9 20).

2.2 SVM predictor

SVM classification of a sample with a vector x of predic-

tors is based on:

f xð Þ ¼ sign
X

i

yi /i k xi;x
� �

þ b;

" #
ð1Þ

where the kernel function k measures the similarity of its

two vector arguments. For a linear SVM, the inner product

kernel function f(x) is used. If f(x) is positive, then the

sample is predicted to be in class ?1, otherwise in class

-1. The summation is over the set of ‘‘support vectors’’
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that defines the boundary between the classes. Support

vector xi is associated with a class label yi that is either ?1

or -1. The {ai} and b coefficients are determined by

‘‘learning’’ the data. For two-group classification, the SVM

separates the classes with a surface that maximizes the

margin between them. We have implemented SVM using

SVM_light (Joachims 1999).

Optimal parameters for any classification task are not

known from the beginning, it is necessary to test different

parameters to find the optimal ones. This is best done by a

systematic sampling of the parameter space by grid search.

Here, several combinations of two parameters, c and c,

were tested, given the start, stop, and step size for each of

the parameters. In general, the radial basis function (RBF)

kernel is a reasonable first choice which nonlinearly maps

samples into a higher dimensional space, unlike the linear

kernel, and can handle the case when the relation between

class labels and attributes is nonlinear. Four variables are

defined and used for this purpose: true positives (TP)—the

number of binders predicted as such, true negatives (TN)—

the number of non-binders predicted as such, false posi-

tives (FP)—the number of predicted binders that actually

are non-binders, and false negatives (FN)—the number of

predicted non-binders that actually are binders. A perfect

correlation of real and predicted values will result in MCC

value of 1, random predictions would result in lesser val-

ues, close to 0, whereas negative correlation would result in

values closer to -1. Hence, the value of MCC is another

parameter that defines the quality of the model generated

and used for training the SVM algorithm. Sensitivity

defines the rate of prediction of true positives from the set

of prediction that are truly accepted and falsely rejected

whereas, specificity determines the rate of true negatives

from the set of predictions that are truly rejected and fal-

sely accepted. For evaluation of the performance of

methods, we have used standard parameters.

Sensitivity ¼ TP=TPþ FN

Specificity ¼ TN=TNþ FP

Accuracy ¼ TPþ TN=TPþ FPþ TNþ FN

Mathew
0
s Correlation Coefficient MCCð Þ

¼ TP�TNð Þ � ðFN� FPÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TPþFNð Þ � TN þFPð Þ � TPþFPð Þ � ðTN þFNÞ

p

ð2Þ

SVM-based algorithms are particularly appealing for

binding and non-binding peptide prediction because of the

ability of SVMs to build efficient prediction models when

the dimensionality of the data is high and the number of

observations is limited. A machine-learning method needs

a sufficient amount of data for training, so we investigate

969 binders for training, extracted from IEDB27. We

generated five different sets randomly from the original set

of binding and non-binding peptides, for the purpose of

training and testing the SVM algorithm for any given set of

parameters, hence called five cross validation. Each set

contains 20 % test and 80 % train data. In our problem for

dealing with 969 peptides data, each set contains 387

peptides from test and remaining 1,551 peptides from train

data sets, respectively.

3 Results and discussion

A web server HLAB27pred has been developed that allows

prediction of HLAB*2705 (MHC class I alleles)-based

nonamer epitopic binding peptides. This server implements

SVM for the purpose of prediction. HLAB27pred is

applicable for the all possible protein sequences. User can

select SVM from the submission form (Fig. 1) to the pre-

diction algorithm for their query protein sequences. They

can either upload a file containing single or multiple

sequences in FASTA format, or sequence can be pasted in

the provided text area.

The results (Fig. 2) from this server are displayed in two

different formats as: (i) Plain Tabular and (ii) Enriched

Tabular. Both formats present information in different

forms. The plain tabular format displays only the sequence

submitted by user and the predictions made by this server

in a tabular form. The enriched tabular format additionally

displays a summary table containing several decisive

details that might be of interest to the user (Fig. 2). For

SVM method, user can set a threshold value, and the

nonamer peptides above this threshold value will only be

displayed. This would help the users to easily select the

candidate-binding peptides. By default it is 0.4. For a

prediction with higher specificity, one can choose a higher

threshold values, whereas for a high sensitivity the

threshold value should be low or close to the optimum.

Users can also specify to display the top n predicted pep-

tides from the submission form. In case if this number

entered by users is higher than the number of binding

peptides predicted and the number of binding peptides

above the threshold score, users will be able to see the later

number only.

The overall performance of the method was compared

on the parameters sensitivity, specificity, accuracy and

MCC. The final data set is divided into five sets and each of

these parameters was evaluated to identify the best value of

c and c, at which we need almost equal as well as higher

value of sensitivity and specificity. After whole process of

optimization, the value of regulatory parameters c and c of

RBF kernel was decided. The specificity and sensitivity

obtained during the development of this server are 85 and
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86 %, respectively. Whereas average precision and average

recall values were observed to be 85 and 86 %,

respectively.

Cross-validation techniques are being used characteris-

tically for evaluating the performance of prediction meth-

ods. But the best way of evaluating the performance of a

newly developed method is to test it on some independent

data set that contains peptides other than those used in the

training and testing of the algorithms. An independent

blind data set has been derived from associated databases

such as SYFPEITHI (Rammensee et al. 1999), MHCBN

(Lata et al. 2009), MHCPEP (Brusic et al. 1996), etc.,

which contains 1,000 human epitopic nonamer peptides,

not used in the training and testing of HLAb27pred algo-

rithm. It has been found that method is working fine while

evaluating the performance of this method on independent

data set (data set is available upon request). The overall

significant accuracy of 88 % of the developed method for

independent data set was achieved.

We also performed a comparative study of binding

peptides from proteins, Q5MH36, Q5MH37, Q5MH38,

Q9MYH5, P00458, and O19193, binding to HLAB*2705.

The binding nonamers and rank of these with different

predictor’s are shown in Table 1. All these are found at

higher ranks in HLAb27pred than with other methods and

prove the accuracy and rational wide usage of this method.

This accuracy has been achieved due to training on larger

data set than any other method available for this particular

allele.

There are evidences where several studies have been

performed to evaluate various immunological parameters

for several disease and disorders (Chandra et al. 2010;

Chandra and Singh 2012; Gupta et al. 2011) and it is

believed that this study will also provide biological insights

for the cure of autoimmune diseases. Main objective of the

present study was to develop improvised algorithm for the

prediction of HLA-B*2705 binding peptides from anti-

genic sequences of humans. Since this method is trained

specifically on larger data set of human HLA-B*2705

binding peptides, it is more accurate and better in perfor-

mance as all other previously developed methods have

been trained on fewer amounts of data sets and also with

multiple alleles together which can create ambiguousness

in training. Our method is more specific and this specificity

and training on large data set make it more robust and

useful for associated autoimmune diseases like AS and

Fig. 1 An overview of the homepage of HLAB27Pred server
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others. Web server HLA-B27pred is available at http://

www.nuccore.org/hlab27pred for academic and research

use.

4 Conclusion

In summary, we have developed an accurate method

based on SVM to predict the binding epitopic peptides.

This type of analysis is important for in silico analysis of

epitopes and the minor histocompatibility antigens (mi-

HAgs), those have a role in autoimmune diseases. This

method would mainly find applications in immunodiag-

nostics, immunotherapeutics and molecular understanding

of autoimmune susceptibility. A user-friendly web inter-

face as well as the good prediction performance will

make HLAB27pred a very important tool for peptide-

based vaccine design.
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