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Abstract. Identifying antigenic peptides that bind to Major Histocompatibility 
Complex (MHC) molecules plays a central role in determining T-cell epitopes 
suitable as vaccine targets. Prediction of the binding ability of antigenic  
peptides to MHC class II molecules is more complex that for class I. Class II 
molecules bind to peptides of different lengths and the core region that interacts 
with the binding site on the class II MHC molecule is located anywhere within 
the peptide. Obtaining an alignment for these binding sites is an important first 
step in determining the binding motif of MHC class II alleles. In this paper, we 
exploit entropy and evolutionary distance of the key binding positions (anchor  
positions) of an alignment in determining the best possible alignment for a 
given set of peptide data. Once an optimal alignment is found, a weight matrix 
representing the binding motif is estimated. The weight matrix designed is  
subsequently applied to predict MHC binding peptides.  

1   Introduction 

T cells play a key role as the mediators of immune response against diseases. These 
cells recognize viral antigens (short peptides) bound to Major Histocompatibility 
Complex (MHC) molecules through T cell receptors (TCR). Predicting such binding 
peptides assists in selecting epitopes for use in vaccine design. Prediction of MHC 
class II peptide binding is more difficult than that of class I [1]. This is due to the 
open-ended nature of MHC class II peptide binding groove which allows binding to a 
broader range of peptide lengths (approximately 11 to 22aa) [1,2]. While MHC class I 
binds to peptides of a narrow range (usually 8-10 aa), a core of nine aa within a pep-
tide is sufficient to bind to MHC molecules of both classes [3]. However, often, the 
exact location of the binding core (motif) within a peptide longer than nine aa is un-
known. Therefore, given a set of experimentally validated MHC class II binders of 
different length distribution, an accurate alignment of the binding cores must be first 
obtained before a motif can be determined. According to previous studies carried out 
on the structural features of MHC class II molecules indicate five binding sites, also 
known as anchor positions at positions 1,4,6,7 and 9 within a 9-mer peptide [4-6].  

A peptide binding motif is represented either by a consensus sequence or as a 
quantitative matrix [7]. A widely used representation of a motif is the quantitative 
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matrix. Each element in the matrix depicts a weight corresponding to the interaction 
between an amino acid and a position in the motif. Derivation of quantitative matrices 
based on experimentally derived position specific binding profiles is costly and time 
consuming. Hence, such matrices can not be easily updated as with machine-learning 
techniques when new data become available [8]. Other popular computational tools 
available for finding motifs in protein sequences are: MEME [9][23], Gibbs motif 
sampler [10] and Rankpep [11].  

In this study, our aim is to obtain an optimal alignment of the binding cores for 
MHC class II, I-Ab molecule peptide sequence dataset. This is carried out with the 
help of an evolutionary algorithm [12] by simultaneously optimizing the relative en-
tropy and the evolutionary distance of possible alignments. The obtained best align-
ment is then used to derive the quantitative matrix which will subsequently be used to 
predict binding peptides. Relative entropy, a measurement of uncertainty is often used 
to analyze sequence features and alignments, to measure sequence conservation. The 
evolutionary distance is measured using the BLOSUM62 substitution matrix, a matrix 
suitable for modeling evolutionary problems [13]. As anchor positions are known to 
influence peptide-MHC binding, a higher weightage is given to such positions during 
the estimation of evolutionary distance. In order to reduce the sequence redundancy in 
an alignment, we employed sequence clustering followed by sequence weighting. 

2   Materials and Methods 

2.1   Peptide Sequence Dataset 

Peptide sequences and their binding affinities were obtained from SYFPEITHI [4], 
MHCPEP [17], AntiJen [20] and EPIMHC [21] databases. An independent test data-
set was used to evaluate the predictive ability of the I-Ab mouse model. The extracted 
dataset consists of 251 unique binders with a length distribution ranging from 9 to 24 
amino acid residues and 58 non-binders.  Binder set was divided into two sets, train-
ing and test set so that there is no overlap between the two datasets. While training set 
consists of 167 binders, the testing dataset consists of 84 binders and 58 non-binders.  

2.2   Peptide Sequence Clustering and Weighting 

Sequence clustering and weighting is carried out according to [14]. A set of sequences 
with sequence identity greater or equal to 62% forms a cluster. Cluster assignment is 
followed by the sequences weighting. Sequence weighting reduces over-
representation of sequences in an alignment. A peptide s of length k-mer in cluster, c 
is assigned a weight, ws = 1/nc, when n is the number of sequences in cluster c. 

2.3   Pseudo-count  Correction 

Pseudo-count correction is carried out as given in [15], which uses the prior knowl-
edge of amino acid relationships represented by substitution matrices. For a given 
column, pseudo-count frequencies, gal, for amino acid a at position l of the alignment 
are calculated according to the following equation where fbl, qb, and qab represent 
observed frequency of amino acid b in position l, background frequency of amino 
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acid b, and the target frequency implicit in the substitution matrix (the frequency by 
which amino acid a is aligned to amino acid b), respectively. 
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where qa|b is the conditional probability derived from the BLOSUM62 substitution 
matrix. The effective amino acid frequencies were then determined according to [15] 
by applying weight on pseudo-count correction as below: 
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Where α and β represent the effective sequence number and an arbitrary weight on the 
pseudo-count correction, respectively. Let the number of peptide clusters generated be 
C, and the value of α = C – 1. An empirically determined suitable setting for  
β = 10 [15]. 

2.4   Identification of Binding Core of Peptides  

The first step in designing a weight matrix is to obtain an accurate alignment of th 
binding cores that are distributed within experimentally determined binding peptides 
of varying length.  Therefore, our goal here is to identify the starting position of the 
binding core in each peptide. Let S be a set of N peptide sequences, S = {s1,s2,… 
si,…sN}. For a given alignment, let sil denotes the ith peptide whose binding core starts 
at the lth position within the peptide. Let κ = ( k1k2…k9 ) represents the selected best 
nine aa length binding core in a peptide. Once all the starting positions are identified, 
an alignment is obtained for the binding peptides so that the weight matrix can be 
derived. 

    k1 k2 k3 k4 k5 k6 k7 k8 k9  
K P V S K M R M A T P L L M 
              
              
              
              
              
     9-aa Binding Core  

Fig. 1. An illustration of putative 9 aa binding cores within a peptide sequence, si. Highlighted 
positions indicate anchor positions within a putative binding core. 

2.5   Generating an Optimal Alignment 

We use the evolutionary approach described in [12] to optimize two objective func-
tions associated with relative entropy (E) and evolutionary distance (D) of all align-
ments. Each individual in the evolving population represents possible starting  
positions of binding cores within each experimentally determined binding peptide in 
the training dataset. An individual is represented by a concatenated string of starting 
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positions of peptides in an alignment. The bit size for representing each starting posi-
tion is determined as below. Given a peptide of length r, the number of 9-mer pep-
tides that can be derived from r is p=r-9+1. Hence, the starting positions are located 
between 0 and p-1 where each peptide is overlapped by a single amino-acid.  The bit 
size, θ, is chosen such that p < min (2θ) whereby all 9-mer peptide positions in the 
peptide are taken care of. 

Based on the starting positions embedded in an individual, an alignment is gener-
ated for the N peptides. The alignment is then use to estimate D and E for anchor 
positions as given by the Eq. (3) and Eq. (4) below. The evolutionary distance be-
tween two peptide sequences sm and sn at anchor positions κ’ = (k1 k4 k6 k7 k9) of the κ 
binding core in the alignment is calculated as below, where B(.) is the score estimates 
from the BLOSUM62 substitution matrix for sm and sn. Then D is estimated as: 
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Where W is a weighting factor; W=w for j= κ’ and W=1.0 otherwise. 

And E is estimated as: 
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where gaj is the frequency of amino acid a occupying at position j in the alignment, 
g’aj is the frequency of pseudo-count and sequence weight corrected amino acid a at 
position j, and qa is the background frequency of amino acid a. A number of different 
approaches are available for estimating background frequencies, also known as back-
ground model or null model: amino acid distribution in the SWISS-PROT database 
[16], a flat distribution where all amino acid frequencies are equal to 1/20, or an 
amino acid distribution estimated from a non-binder dataset.  

Fitness of an alignment is scored according to Eq.(3) and Eq(4). Best population 
comprises of individuals that maximize Eq.(3) and minimize Eq.(4) simultaneously. 
The alignment, which scored the highest D and lowest E is then used to build the 
weight matrix, M, and subsequently for predicting binders in the testing datasets. 
Each position of the weight matrix, maj is calculated according to the equation given 
below.  
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3   Experiments and Results 

The experiment in determining the weight matrix representation of I-Ab binding motif 
is carried out as follows.  The values for the parameters β in Eq.(2) and w in Eq.(3) 
are chosen as 10.0 and 2.0, respectively. 
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During a single iteration of the evolutionary process, the values of the objective 
functions, D and E are estimated for the resulting alignments embodied in the indi-
viduals. A population of 1000 was evolved for 500 generations with the empirically 
determined values 0.9 and 0.0004 as the crossover and mutation probability. By using 
Eq. (5), the weight matrix, M is built with the best alignment, and subsequently used 
to test the peptides in the testing dataset. A peptide in the testing set is evaluated by 
scoring all possible 9 aa length binders within the peptide against the weight matrix. 
Of all the scores, the highest value obtained is assigned as the binding score of the 
tested peptide. Binding and non-binding status of peptides were determined using a 
threshold. The performance was measured by estimating Area under Receiver Operat-
ing Characteristics (AROC). Let the score estimated for the binding core κ in the 
peptide si be ei. The binding status, binder (b) or non-binder (nb) is determined ac-
cording to a threshold, t, as follows:  
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We obtained an ROC curve by evaluating sensitivity and specificity values for 
various thresholds as illustrated in Figure 2. The final AROC value estimated for the 
testing dataset is 0.79, a value considered as good prediction accuracy according to 
[22]. We also compared our results with MEME [23]. The same training dataset was 
submitted to the on-line web server http://meme.sdsc.edu/meme/meme.html, and the 
resulting log-odds matrix was used to measure the prediction accuracy. The AROC 
value estimated for the testing dataset is 0.71. 
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Fig. 2. The ROC plot illustrating the specificity and sensitivity values at different thresholds 

4   Discussion and Future Directions 

A weight matrix representing motif for MHC class II, I-Ab was derived by simultane-
ously optimizing entropy and evolutionary distance. The anchor positions of a puta-
tive binding core were given higher weightage during the calculation of evolutionary 
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distance. In order to reduce the sequence redundancy in an alignment, we employed 
sequence clustering and weighting. The weight matrix developed was subsequently 
applied to discriminate binders from non-binders. The initial results are promising. 
Better predictive accuracy can be envisaged by incorporating structural properties as 
an additional objective function.  Currently we are extending our investigations to-
wards evaluating different background models, predictive accuracy of the proposed 
method on multiple alleles of HLA class I and class II molecules, and determining the 
applicability of multiple substitution matrices. 
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