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Abstract. We propose a hybrid classification system for predicting peptide
binding to major histocompatibility complex (MHC) molecules. This system
combines Support Vector Machine (SVM) and Stabilized Matrix Method
(SMM). Its performance was assessed using ROC analysis, and compared with
the individual component methods using statistical tests. The preliminary test
on four HLA alleles provided encouraging evidence for the hybrid model. The
datasets used for the experiments are publicly accessible and have been
benchmarked by other researchers.

1 Introduction
The concept of peptide vaccines uses the basic principle that T lymphocytes recognize
antigens as peptide fragments that are generated from degradation of protein antigens.
Peptides are subsequently bound to MHC class I or II molecules and displayed on the
surface of the antigen presenting cells. Identification of epitopes and peptides that can
bind MHC molecules is important for understanding the basis of cellular immune
responses and the design of vaccines. Peptides that are presented by MHC molecules
and recognized by T cells are termed T-cell epitopes. Human MHC is known as
human leukocyte antigen (HLA).
Prediction of MHC binding peptides and T-cell epitopes has become one of the
popular areas of bioinformatics applications in immunology. Statistical modeling and
machine learning techniques have been used to build the prediction models based on
the available databases. Recent analysis by Lin et al [1] showed that Matrix-based
Models, Artificial Neural Networks (ANN) and Support Vector Machines (SVM)
produce high accuracy in predicting the binding or nonbinding peptides to some MHC
molecules. Because of the large number of different HLA molecules, where more
than 2000 variants have been identified in humans, and variable performance of
prediction methods for different HLA molecules, it is not possible to identify the best
model for this type of prediction. Hybrid models were proposed, aimed at
improvement of prediction performance. Moutaftsi et al [2] performed prediction of
HLA binding peptides using the combination of prediction results from multiple
matrices including Udaka [3], Parker [4], ARB [5,6] and SMM [7]. Bhasin and

Raghava [8] proposed a hybrid prediction model which combined a quantitative
matrix based approach (QM) and a neural network (NN) approach. This method was
implemented as nHlaPred server (http://www.imtech.res.in/raghava/nhlapred) and
reported that the NN and QM can complement each other, leading to reduction in
false prediction.
The performance of prediction models can be evaluated by several measures,
including classification rate, sensitivity (SE) and specificity (SP). A common measure
for assessing prediction accuracy is using receiver operating characteristic (ROC)
curve. ROC curve plots SE vs 1-SP for a full range of decision thresholds. The area
under the ROC plot (AUC) gives the overall evaluation of the model. By convention
the AUC values range between 1.0 (perfect skill) and 0.5 (zero skill). The bigger the
value is, the better overall performance of the model is represented. More details
about ROC curve and its applications can be found in [9].
In this paper, we studied a hybrid method which combines the SVM and stabilized
matrix method (SMM). The performance of the models was evaluated using ROC
curve and compared with the single models.

2 SVM and Matrix Techniques for Prediction of MHC Binding
Peptides
2.1 Support Vector Machine (SVM)
SVM is a kernel based machine learning technique that originated in modern
statistical learning theory [10]. SVM can make data sets linearly separable by
transferring them into a feature space of higher dimension. SVMs have excellent
generalizing capability [11]. They use kernel functions to map the data; the most
popular kernels use linear, polynomial, and Gaussian function. SVM can be applied
for both classification and regression tasks. Some reports state that SVMs
outperformed most other systems in a wide variety of applications [12]. SVMs have
been used to predict MHC-binding peptides and they were reported as highly accurate.
Dönnes and Elofsson [13] developed a model SVMHC based on support vector
machines to predict the binding of peptides to MHC class I molecules. They
compared its performance with two profile based methods, SYFPEITHI [14] and
HLA_BIND [4] and claimed a slightly better result. Bhasin and Raghava [15] applied
SVM for prediction of peptides binding with the MHC class II allele HLADRB1*0401. Their results showed good performance of SVM compared with other
classification methods including Matrices, Motifs and ANN.
Zhang et al [16, 17] have also shown the advantages of SVM for predicting the
MHC binding peptides. They reported a system based on SVM that outperformed
ANN and Hidden Markov Model (HMM) [17], and then improved the model by
adding the data representation of peptide/MHC interaction [16]. SVM regression
models (SVR) were also used for prediction of peptide binding affinity to MHC
molecules [18] and for binding/nonbinding peptide classification based on certain
output cutoff values [19].

These models mainly used the binary coding of peptide sequences as the input
variables. Zhao et al [20] encoded each amino acid in the peptide sequences by ten
factors which were obtained from 188 physical properties of 20 AAs via multivariate
statistical analyses by Scheraga’s group [21] for their SVM classification model. The
SVM model was used for T-cell epitopes prediction and was also compared with
ANN and Z-Matrix based approaches [22]. Cui et al [23] also reported high
performance of SVM for a variety of HLA alleles including 18 class I and 12 class II,
and prediction of newly reported epitopes with high accuracy (11 out of 15).
In general, SVM has been reported by many researchers to perform well for
prediction of MHC binding peptides and epitopes regardless of the kernels which
were used with the models. This demonstrated the ability of SVMs to build effective
predictive models when the dimensionality of the data is high and the number of
observations is limited [11].
On the other hand, it has also been claimed that the performance of SVM strongly
depends on both the quality and quantity of data. It fails if an unbalanced data set is
used for learning. Riedesel et al [24] used the least square optimization method (LSM)
with a weighting procedure to deal with asymmetric data sets with a small number of
binding and a large number of non-binding peptides. This approach was expected to
yield higher prediction accuracy than SVM. However, in their paper the assessment
for the model performance using ROC curve showed better performance of SVM than
LSM.
There are three important algorithms for training SVM: Chunking, Sequential
Minimum Optimization, and SVMlight [25]. SVMlight is an implementation of an SVM
learner which addresses the problem of large tasks. It decomposes the problem with
many training examples into a series of smaller tasks. The main advantage of this
decomposition is that it suggests algorithms with memory requirements linear in the
number of training examples and in the number of support vectors [26].
2.2 Stabilized Matrix Method (SMM)
The Matrix methods assign scores for 20 amino acids (AAs) to all positions of
MHC grooves. These scores are calculated based on the frequencies of the AAs
appearing at the positions within a large number of binding experiments [27]. Brief
reviews of methods for building matrix models can be found in [11] and [27]. Studies
have shown that simple predictions using scoring matrices yield reasonably good
results when little experimental data are available (typically tens to hundreds of
peptides) compared with the size of the sequence space (209 for 9-mers). This
indicates that the relationship between sequence and affinity can be approximated by
the independent binding assumption, i.e. amino acids at different positions of a
peptide contribute independently to the overall binding affinity of the peptide [5].
Peters et al [5] developed a matrix-based algorithm called the Stabilized Matrix
Method (SMM). First they create a matrix by using a frequency-based formula then
modify the matrix to compensate for the errors contained in experimental data. This
method was first tested on prediction of peptide binding HLA-A*0201 molecule using
a set of 9-mer peptides. The performance of SMM was compared with three widely
used matrix-based methods: BIMAS [4], SYFPEITHI [14] and the polynomial

method (PM) [28]. SMM considerably outperforms the other methods on three
independent test sets. This method was then les, peptide transport by the transporter
associated with antigen presentation (TAP) and proteasomal cleavage of protein
sequences [6]. The implementation of the algorithm successfully applied to predicting
peptide binding to MHC molecufor creating the matrix has been made publicly
available (http://www.mhc-pathway.net/smm).

3 Hybrid Model
3.1 Methodology
We propose a hybrid prediction model that combines SVM and SMM methods, as
depicted in Figure 1. A matrix is built based on the SMM approach with the protein
peptide sequences as the input. The output values of the SMM model are combined
with the binary code of the sequences for the final classification of the peptides as the
binding or nonbinding to the MHC-I molecules. The hybrid mode can be described in
the following steps:
1) Use the training data to build the SMM matrix model and test on the test set.
Save the output from both the training and test data.
2) Normalize the output from the matrix model. The normalization is performed
using every output value for every peptide divided by the maximum output
value of the training set.
3) Create the input vector for every peptide with the binary coding of the
original sequence plus the output from the SMM matrix model. Each amino
acid in the peptide can be encoded as a binary string of length 20 with one
position set to “1” and the other positions set to “0”. The binary code of a
nonamer peptide will be represented by the binary string of length 180. With
the output from the matrix model added, the input number to the SVM will
be 181.
4) Build the SVM model using the training data for final classification.
5) Test the model using test data.
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Fig. 1: The hybrid model with SMM matrix and SVM

3.2 Datasets
Peters et al [29] presented a dataset that was used for benchmarking the MHC/peptide
binding prediction models. The entire dataset can be downloaded from the publicly
accessible website mhcbindingpredictions.immuneepitope.org (IEDB). They used this
data set to compare performances of three prediction methods (ARB, SMM and ANN)
developed in their lab. They also provided training and testing data sets used in their
study. In this research the same training and testing 9-mer peptide datasets of four
HLA class I alleles including HLA-A*0101, HLA-A*0201 HLA-A*0202 and HLAA*0301 have been used in our experiments. The numbers of peptides included in the
datasets are 1157, 3089, 1447 and 2094 respectively.
3.3 Implementation and Experimental Results
In this research, we used SVMlight (http://www-ai.cs.uni-dortmund.de/svm_light) for
all the SVM implementation. Additional C code to adjust the parameters was added to
the original code for simulations. The SMM C code for UNIX was downloaded from
the source and used to create the matrices using benchmark datasets.
For our experiments, the dataset of each allele were split into five equally sized
subsets. In each partition, one subset was used for testing, while other subsets were
combined and used for training. As a result, five prediction models were built for each
allele.
To evaluate the performance of the models, the ROC curves were drawn for every
test set (5 for each HLA variant) independently. To compare the hybrid model
performance with the single SMM and SVM models, the experiments using SMM and
SVM were run with the same datasets and the AUC value were calculated. Figure2
shows the AUC values for the different models for the 5 datasets for each allele. The
horizontal axis represents the dataset used for each allele, and the vertical axis is the
AUC value. From the figure, we can see a small improvement in the performance of
the hybrid model. However, the AUC values of the hybrid model are all higher than
or equal to the values from the SVM, although the differences are not large. There
was only one value (out of 20) from SMM higher than the corresponding hybrid value.
Table 1 lists the average AUC values of the ROC curves for the three models for
different HLA alleles. To determine whether the hybrid model performs better than
the single methods, two-way analysis of variance (ANOVA) was performed for each
allele. The p-values from the analysis are also shown in this table. The Least
Significant Difference (LSD) was calculated to compare the model mean values. The
results are listed in the same table. The p values show that for 3 variants, the hybrid
models have shown statistically significant improvement, while there was no
difference for HLA-A*0101. The LSDs show the significant difference of the SMM
from other two models, but do not show a significant difference between SVM and
the hybrid mode.
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Fig. 2: AUC values of different models for each allele

Table 1: The average AUC values of each allele from the three models and ANOVA test
results
Allele

Model
SMM

A0101
0.947 a

A0201
0.922 b

A0202
0.866 b

A0301
0.892 b

SVM

0.970 a

0.948 a

0.880 a

0.926 a

Hybrid
0.974 a
0.948 a
0.882 a
0.927 a
P-value
0.1734
0.00003
0.0425
0.0011
(within allele)
Note: Within an allele, means followed by the same letter are not significantly different
from one another at the 5% significance level

4 Discussion and Conclusion
This research proposed the idea of combining the Matrix approach and the SVM. It
used the SVM with the traditional kernels and the most used encoding for the input
peptide sequences. The preliminary test of the hybrid model, based on a limited
number of alleles, showed encouraging results. The ANOVA test on the model means
did not show significant difference between the SVM and the hybrid model, however,
the hybrid model did not perform worse than the SVM in any single test. This
indicates that there is potential for further development of the hybrid model. In future
research, new kernel functions such as kernels combining biological features [30] and

more efficient encoding or input vectors can be tested with the hybrid system.
Different matrix approaches can also be applied in the hybrid system. As the
performance of SVM is dependent on the training data, the optimization of training
data can also be considered in future work.
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