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A Meta-predictor for MHC Class II Binding Peptides Based on
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Abstract—Prediction of class II MHC-peptide binding is a
challenging task due to variable length of binding peptides.
Different computational methods have been developed;
however, each has its own strength and weakness. In order to
provide reliable prediction, it is important to design a system
that enables the integration of outcomes from various
predictors. In this paper, we introduce a procedure of building
such a meta-predictor based on Naive Bayesian approach. The
system is designed in such a way that results obtained from any
number of individual predictors can be easily incorporated.
This meta-predictor is expected to give users more confidence
in the prediction.

I. INTRODUCTION

T cell-mediated immune responses are initiated by the
activation of effector T cells. The activation process
requires the recognition of the complex formed between an
antigen peptide and a major histocompatibility complex
(MHC) protein by the T cell receptor. The identification of
peptides that bind to MHC molecules plays a crucial role in
understanding the mechanisms of both humoral and adaptive
immunity as well as developing epitope-based vaccines.
Experiments for measuring the binding affinities of peptides
to MHC molecules are time consuming and expensive. It is a
prohibitive task to identify potential binding peptides from
the host and pathogen proteins on a genome-wise scale.
Therefore, considerable efforts have been made on the
development of computational tools for the identification of
MHC-binding peptides [1],[2].

Two major types of MHC molecules are involved in the
peptide binding process. MHC class I molecules present
endogenous antigens (e.g. viral peptides or tumor antigens
synthesized within the cytoplasm of a cell) to CD8+
cytotoxic T cells. MHC class II molecules, on the other
hand, present exogenously derived proteins (e.g. bacterial
proteins or viral capsid proteins) through antigen presenting
cells (APC) to CD4+ helper T cells [3]. Generally, antigen
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peptides that bind to both MHC class I and class II
molecules are approximately nine amino acid residues long.
However, the peptide-binding groove of a MHC class II
molecule is open at both ends, which makes it capable of
accommodating longer peptides of 10-30 residues [4]-[6].

The length variability complicates the prediction of
peptide-MHC class II binding. However, analyses of the
binding motif and the structure of peptide-MHC class II
complexes have suggested that a core of 9 residues within a
peptide is  essential for peptide-MHC  binding.
Computational methods for the prediction include simple
binding motifs [7], [8], quantitative matrices [9], [10], [11],
[12], hidden Markov models [13], artificial neural networks
[14], [15], support vector machines [16], and linear
programming [17]. Some of these methods require a
preprocessing step to align binding sequences with various
lengths for the identification of subsequences of the binding
cores. Since each method has its own strength and
weakness, it is hard for an immunologist to select a single
method from the pool of existing predictors. Therefore, a
system that produces reliable prediction through the
integration of outcomes from major prediction methods is in
clear need.

In this paper, the procedure for building such a system
based on the Naive Bayesian [18] approach is presented.
The Bayesian framework has the flexibility to incorporate
any predictor that makes prediction from a computed score
correlated with the binding affinity of MHC class II
peptides. Three individual predictors, i.e., ProPred, the
Gibbs sampler, and the LP model were selected based on
their availability and overall performance.

ProPred, designed by Singh and Raghava [10], applied
the quantitative matrices from 51 HLA-DR alleles for the
prediction of MHC class II binding peptides. These matrices
were generated from a pocket profile database described by
Sturniolo et al. [9] and covered the majority of human
HLADR specificity.

Nielsen, et al. [11] proposed an advanced motif sampler
method based on the Gibbs sampling technique, which
efficiently samples the possible alignment space of binder
sequences. For each alignment a log-odds weight matrix was
calculated for the identified binding core subsequences. This
matrix serves as the position-specific scoring matrix for the
computation of a score for a nonamer.

Motivated by a text mining model designed for building a
classifier from labeled and unlabeled examples, Murugan
and Dai [17] developed an iterative supervised learning
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model for the prediction of MHC class II binding peptides.
The iterative learning model, based on linear programming
(LP), enables the use of non-binder information for the
detection of the binding cores from a set of putative binding
cores and for the construction of the predictor
simultaneously. The outcome of this predictor is a position
specific weight matrix that can score amino acids at each
position of a nonamer.

II. MATERIALS

In our study, datasets of binding and nonbinding peptides
for specific MHC class II alleles were obtained from two
databases: AntiJen [19] and MHCBN [20]. Considering the
size of training set, 9 alleles were selected: HLA-
DRB1*¥0101, HLA-DRB1*¥0301, HLA-DRB1*0401, HLA-
DRB1*0701, HLA-DRB1*0802, HLA-DRB1*1101, HLA-
DRB1*1302, HLA-DRB1*1501, and HLA-DRB5*0101.
These peptides were preprocessed to reduce the redundancy.
The numbers of MHC class II binding peptides and
nonbinding peptides in each allele used for building the
Bayesian model are shown in TABLE I. The predictors
chosen were ProPred, the Gibbs sampler, and the LP model.
Every predictor can score the binding ability for an
individual peptide. The scores from all predictors for all
peptides in a particular training set were used to build the
Bayesian model.

TABLE I
Numbers (after homology reduction) of MHC class II
binding and nonbinding peptides used for building the
Bayesian predictor.

MHC class 11 Number of Number of non-
alleles binding peptides binding peptides
DRB1%0101 395 19
DRI]—BIIf’I‘:)_3 01 394 199
DRB1%0401 891 186
DRI]—3HIH>Q)-7m 222 80
DRBL+0S02 86 7
DRI];IIIJ’?I-IOI 363 120
DRB11302 164 58
DRBI*1501 493 7
DRBS*0101 366 58

III. METHODS

The Bayesian predictor is trained based on the prediction
outcomes obtained from each of the individual predictors on
the set of training peptides. The system is flexible to

incorporate results from any number of predictors and we
can accommodate as many as m predictors. In general, the
requirement for each predictor is the generation of a score
for a given peptide sequence. This score of a peptide is
designated as the highest value among all scores that are
assigned to the overlapping nonamers of the peptide by a
predictor. A peptide is predicted as a binder (resp.
nonbinder) if this score is above (resp. below) a prescribed
threshold value.

In order to build a Bayesian predictor, we first prepared a
training dataset for each allele. Any peptide sequence with
length less than nine residues or with undetermined residues
in certain positions was discarded. Then the dataset was
reduced to account for redundancy. This step was necessary
to prevent overestimation of the performance of a predictor.
After the reduction there were no two peptide sequences in
the set with sequence identity >90% over an alignment of
length at least nine residues. For each individual predictor,
the predictive score for each peptide in the training set
(including binding and nonbinding sequences) was obtained.
These scores formed the input set from which the Bayesian
predictor was built.

For each predictor a set of threshold values that produce
distinct pairs of sensitivity and specificity on the training
sets is determined. The sensitivity and specificity are defined
as TP/(TP+FN) and TN/(TN+FP), respectively, where TP
and FN are the respective numbers of predicted binders and
nonbinders which are true binders; TN and FP are respective
numbers of predicted nonbinders and binders which are true
nonbiners. Upon the completion of this step, a set of
threshold wvalues for predictor j was obtained, say

7 =(8],...,87), j=1,..,m, where #; is the number of

possible threshold values with the above property for
predictor .
In order to build the input data to training the Bayesian

classifier, the best combination &*=(5 ,...,8 ") of

threshold values has to be determined, where each O Y
(=1,...,m) is the selected threshold value for predictor ;.
This combination was determined by finding the highest
average area under receiver operating characteristic curve
(AROC) value for the Bayesian predictor with a k-fold
cross-validation procedure. To perform the k-fold cross-
validation, the ratio between the number of binders and the
number of nonbinders in all £ folds was kept approximately
equal.

For each combination of threshold values (55 s 01 ), 2
prediction outcome table was setup for the (k-1)-folds of the
training peptides, where 51,’; is the ith threshold value for

predictor j, j=1,...,m and i=1,...,t;,, This table is of size
nxm, where n is the number of peptides in the training
folds. The outcome obtained from predictor j for a peptide is
denoted by a binary number f;: f=1 if the peptide is predicted
as binder, f=0 otherwise. Accordingly, the prediction
outcome obtained from the m predictors for each peptide
will be coded by a binary string fif;...f,., The probability
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table for the Bayesian predictor is built from the nxm
table described above. Let y; denote the label of each
peptide: y;=1 if it is a binder, y,=-1 if it is not a binder. The
probabilities for each value f; of the m features for the binder
class and the nonbinder class were computed as follows.

> 10, =D
p(f; =1|binderclass) = totalrll::;rllber of binders” J=bem, O
> 10;=0)
p(f; =0{binderclass) = total I;irnllber of binders” J =L @
Z I(f; =1)
p(f; =1|nonbinder class) = total m:r:t;;r of nonbinders’ j =L, )
and
2 1(f;=0)
p(f, =0|nonbinder class) = e J=L...m.(4)

total number of nonbinders’

where /() =1 if the condition in the parenthesis is true;

1(-) = 0 otherwise. Note that (i) the total numbers of

binders and nonbinders are respectively those in the (k-1)
training folds; (ii) the index i in the numerator of each
formula runs through all peptides in the (k-1) training folds;
and (iii) f; is the prediction by predictor j for the nonamer
with the highest score from peptide i.

For each overlapping nonamer s; of a peptide x from the
testing fold, the ratio of probabilities was computed

p(f; | binder class)
o PU=105) [rt

p(f=0ls) H p(f; [nonbinder class)

J=1

(%)

and the highest one was selected as the ratio R, of the
peptide x, where fl./. was the prediction outcome obtained

from predictor j for nonamer s; This formula is a
straightforward application of the Bayesian rule, without the
inclusion of the ratio of prior probabilities p(binder) and
p(nonbinder). The influence of prior probabilities on
prediction will be implicitly considered through threshold of

ratio R;. With a prescribed threshold &, for the Bayesian
predictor, the peptide was predicted as a binder if R, was
greater than O 5. otherwise as a nonbinder. Varying the

threshold values ford,, the AROC value for the current

testing fold was calculated.

This same procedure was repeated for the other £-1 sets of
the different training and testing folds to obtain the average
AROC value from the k testing folds. After obtaining the
average AROC values for all possible combinations of

(8! ,...,0/"), the best combination 5*=(5",..,0 ")

was identified that corresponded to the highest average
AROC value. The final Bayesian predictor was constructed
by using the outcome table determined from the best

combination of threshold 8% = (5 ™,...,8 ™) for the entire

training peptides. By varying the threshold values ford,,

the corresponding sensitivity and specificity for the entire
training set were obtained and the AROC value was
computed. The general framework of building a Bayesian
predictor is summarized in Fig. 1.

The threshold & p for the final Bayesian classifier has to

be determined for the prediction of the MHC class II binding
ability of an unknown peptide. The recommended value for

o 5 s that the sensitivity and specificity of the predictor are
approximately equal. However, it is also possible to select a
value for O, at which the sensitivity is higher than the

specificity; or conversely, choose a value for 0, at which
the specificity is higher than the sensitivity. The Bayesian
predictor predicts a peptide as a binder if the highest value
among the ratios p(f=1| s)/ p(f=0]s,) for all
overlapping nonamers s; from the peptide is great thand, ;
otherwise predicts it as nonbinder.

Training
dataset

Sequence
identity
reduced

dataset

Seql: scorg Seql: score Seql: score
Seql: score, Seq2: score, Seq2: score,
Seq3: score, Seq3: score; LA Seq3: score;
Seql: f; Seql: f; Seql: f
Seq2: f, Seq2: f, Seq2: [,
Seq3: f3 Seq3: f. sl . Seq3: f:
\_/r_x SRR %—\
Predictor 1 Predictor m
pas e
Binder class

Probability Table

Nonbinder class

Bayesian
Predictor

Fig. 1. Illustration of the framework for building a Bayesian predictor.

IV. RESULTS

The performance of the Bayesian predictor to predict the
training set was evaluated by using a 5 fold cross-validation
technique on the training dataset, since there were no
independent test set for all the alleles. The result was
compared with that of the three individual predictors (i)
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ProPred, (ii) Gibbs sampler, and (iii) the LP predictor.
TABLE II shows the comparison of the performance of the
different methods over the various alleles. Details can be
found in TABLE I

TABLE II
AROC values of the different methods

Gibb
MHC class II alleles s LP Propred Bayesian
HLA-DRB1*0101 0.766  0.940  0.847 0.929
HLA-DRB1*0301 0.613 0.769  0.619 0.730
HLA-DRB1*0401 0.724 0.849  0.758 0.804
HLA-DRB1*0701 0.764 0.973  0.775 0.957
HLA-DRB1*0802 0.805 0.975  0.762 0.941
HLA-DRB1*1101 0.717 0.859  0.674 0.817
HLA-DRB1%1302 0.796 0.981  0.771 0.931
HLA-DRB1*1501 0.644 0.925 0.677 0.886
HLA-DRB5*0101 0.863 0.962  0.714 0.949

Of the 9 alleles HLA-DRB1*0101, HLA-DRB1*0301,
HLA-DRB1*¥0401, HLA-DRB1*0701, HLA-DRBI1*0802,
HLA-DRB1*1101, HLA-DRB1%*1302, HLA-DRB1*1501,
and HLA-DRB5*0101 on which the methods were tested,
the AROC values of the best performing individual method
were 0.940, 0.769, 0.849, 0.973, 0.975, 0.859, 0.981, 0.925
and 0.962, while the AROC values of the Bayesian method
were 0.929, 0.730, 0.804, 0.957, 0.941, 0.817, 0.931, 0.886
and 0.949 respectively. Thus the Bayesian predictor had an
average AROC value of 3% less that of the best performing
method. However, the Bayesian predictor is expected to give
users more confidence in the prediction results, by using the
combined information from different methods. The
corresponding web server for the Bayesian Prediction model
can be accessed at http:/array.bioengr.uic.edu/cgi-
in/mhc2srv/testing.web.pl.

V. CONCLUSION

A new MHC class II binding peptide prediction method
combining the existing methods has been developed based
on the Bayesian Model. The performance of the new model
is comparable to that of other models. However, the model
is more reliable as it combines the strengths from the various
methods. A future step is the introduction of weight to each
method for further improvement of performance of the
Bayesian model.
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