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Abstract: In this article, the recently developed RotaSVM is used for accurate prediction of binding peptides to Human
Leukocyte Antigens class Il (HLA class Il) proteins. The HLA Il - peptide complexes are generated in the
antigen presenting cells (APC) and transported to the cell membrane to elicit an immune response via T-cell
activation. The understanding of HLA class Il protein-peptide binding interaction facilitates the design of
peptide-based vaccine, where the high rate of polymorphisms in HLA class Il molecules poses a big chal-
lenge. To determine the binding activity of 636 non-redundant peptides, a set of 27 HLA class Il proteins are
considered in the present study. The prediction of HLA class Il - peptide binding is carried out by an ensemble
classifier called RotaSVM. In RotaSVM, the feature selection scheme generates bootstrap samples that are
further used to create a diverse set of features using Principal Component Analysis. Thereafter, Support Vec-
tor Machines are trained with these bootstrap samples with the integration of their original feature values. The
effectiveness of the RotaSVM for HLA class Il protein-peptide binding prediction is demonstrated in com-
parison with other traditional classifiers by evaluating several validity measures with the visual plot of ROC
curves. Finally, Friedman test is conducted to judge the statistical significance of RotaSVM in prediction of
peptides binding to HLA class Il proteins.

1 INTRODUCTION Il molecules are composed of two variable chains,
with an open binding groove that allows peptides of
Major  Histocompatibility =~ Complex (MHC) different length (between 11 and 22 AAs) to bind
molecules play a key role in the activation of using diferent binding frames (Stern and Wiley,
the adaptive immune response. They bind and 1994). This variability, along with the high degree of
expose an antigen (immunogenic peptide) to T-cell polymorphism in HLA class Il molecules constitute
receptors (TCR) triggering an immune response a challenge for T cell epitope discovery. Even though
against the infected cell or foreign agent. Human many of the alleles could be functionally highly
MHC proteins, also known as Human Leukocyte related, the binding pockets are alike amonedent
Antigens (HLA), make multiple contacts with the alleles. Generally, it is very dicult to identify such
side-chains of binding peptides, defining the binding Similarities, since subtle fierences in binding pocket
motif and determine the specificity of binding. There amino acids (AAs) can lead to dramatic changes in
are two classes of HLA molecules: class | and class the binding specificity (Nielsen et al., 2007; Saha
Il. The binding domain of the class | molecules is etal., 2013).
composed of a single heavy chain, constituting a  During the last decade, the high level of accuracy
closed binding groove that accepts only peptides with in prediction of T cell epitopes makes prediction

fixed length of 9 amino acids (AAs). In contrast, class algorithms a natural and integral part of most major
large-scale epitope discovery projects (Sette and

*These two authors are joint first author and contributed Peters, 2007; Lauemoller et al., 2000; Moutaftsi
equally.
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et al., 2006). The single most selective event defining (Ramana and Gupta, 2010), and area under the ROC
T cell epitopes is the binding of peptide fragments curve (AUC) values of the random subsample dataset.
to the HLA complexes (Yewdell and Bennink, 1999; Goodness of the RotaSVM is judged by computing
Haque and Blum, 2005). Most HLA class Il binding gain values along with the statistical significance test,
prediction methods have been trained and evaluatedcalled Friedman test (Friedman, 1937; Friedman,
on very limited data sets covering only a single 1940).

or a few diferent HLA class Il alleles (Karpenko

et al., 2005; Murugan and Dai, 2005; Chang et al.,

2006; Salomon and Flower, 2006; Bui et al., 2005;

Nielsen et al., 2004; Wan et al., 2006; Brusic et al., 2 MATERIALSAND METHODS

1998). To the best of our knowledge, methods like

Propred (Singh and Raghava, 2001) and TEPITOPEZ-1 Dataset

(Sturniolo et al., 1999), are experimentally derived

virtual matrix-based prediction methods that cover An enhanced Greenbaum dataset consisting of 27
different HLA-DR alleles. NetMHCII (Sturniolo  HLA class Il proteins binding 636 peptides obtained
etal., 1999) and ARB (Bui et al., 2005) are weighted from Phleumpratense (Greenbaum et al., 2011) is
matrix data-driven methods that use pepfididC used in this present work. The dataset consists of
binding data of 14 HLA-DR alleles as well as some €50 HLA Il-peptide binding &inity values. The
mouse MHC class Il alleles. Very limited work has raw dataset is transformed into binary binding ma-
been done on deriving HLA class Il-peptide binding trices which contain 1 and 0 for binding and non-
prediction algorithms with broad allelic coverage. binding events, respectively. In this regard, for the
Although the development of such methods based on€nhanced Greenbaum dataset, a compatible criterion
binding information or physiochemical properties of iS adopted, where for considering a peptide as a binder

AAs, would represent a significant help in the study to the HLA class Il proteins the maximum IC50 val-
of human immune system. ues are chosen around 1000 nM by setting the thresh-

In this article, the above fact motivated us to old value for HLA class Il at 1000 nM. This stringent
use recently developed RotaSVM (Bhowmick et al., €50 threshold value is adopted in order to decrease
2013) for accurate prediction of peptide binding the background noise of the data (Greenbaum et al.,
to class Il HLA proteins such as DP, DQ and DR. 2011).

RotaSVM is an ensemble classifier that combines ~ Before going to predict the HLA class Il binding

a rotational feature selection scheme with Support Peptides, the homogenization of the peptide length is
Vector Machines (SVMs), in order to produce a @ mandatory step for RotaSVM predictor and there-
predefinite number of SVMs outputs. For each SVM, fore in the chosen dataset, homogenized length of 15
the training data are generated from the bootstrapAAs for all the peptides is considered. In that ho-
samples by splitting the feature set randomly igto ~ Mogenized dataset the bordering AAs that exceed 15
number of subsets. Subsequently, principal compo- AAs peptides are removed. The dissection is selected
nent analysis (PCA) is used for each subset to createafter an accurate comparative analysis of the less con-
new feature sets and all the principal components areserved residues within longer peptides (Saha et al.,
retained to preserve the variability information about 2013). Thereafter, 40 high-quality AA indices (HQI
the training data. Thereafter, such features are used to?0) (Saha et al., 2011a; Plewczynski et al., 2012) are
train a SVM. During the testing phase of RotaSVM, used to encode each peptide, where AA index repre-
the sample data are the input to the rotation specific Sents various physicochemical and biochemical prop-
SVM. Subsequently, it is classified by computing erties of AAsin terms of numerical values. Therefore,
average posterior probability. The classification is €ach peptide is expressed by 15 AA40 HQI= 600
performed on the binding dataset of 27 HLA class features.

Il proteins. The performance of the RotaSVM is For this experimentPercentage of Positive Activ-
demonstrated by comparison with the individual ity (PPA) is computed from binary bindingTmity
Support Vector Machine(SVM) (Vapnik, 1995), Ran- matrix to define the total number of binding events
dom Forest (RF) (Breiman, 2001), Naive Bayes (NB) among peptides and each HLA-II DP, DQ and DR
(George and Langley, 1995) and K-Nearest Neighbor Protein.  To prepare data for this process, initially
(K-NN) (Cover and Hart, 1967) classifiers in terms the highest number of positive activity is computed
of average accuracy, precision or Positive Predictive @mong all instances and then for each instance the
value (PPV), (Ramana and Gupta, 2010), recall, positive activity is computed with respect to this high-

F-measure, Matthews correlation éméent (MCC) est PPA. This process is carried out individually for
HLA-Il DP, DQ and DR proteins. Thereafter, a
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threshold label is set and if the PPA of any instance find a hyperplane which separates thdimensional

is greater than this threshold value, then the activity data perfectly into two classes, however, since clas-
value is considered as 1, otherwise it is equal to 0. sification data are often not linearly separable, SVM
Each of these activity values is working as an indica- introduced the notion of a “kernel” which embeds the
tor of the peptide binding event. If the activity value data into a higher-dimensional feature space where
is 1, then it is binding to the respective HLA, oth- the data are linearly separable.

erwise not. Since the activity value to an instance Consider a training set £ {(x;,yi)}iN:1 consisting

is defined with respect to the threshold value, hence of N independent instance¥, be the corresponding

a lower threshold gives a higher number of binding label andF be the feature set where each,Y;) is
peptides. Diferent incremental threshold values are described by an input attribute vectsr= (X1, X2,
applied and the statistics are given in Table 1. Since, ..., xq) € R% and a class labg]. Let X be aN xd data

it is observed that the number of positive and negative matrix composed with the values dfinput attribute
binders, play a crucial role for supervised classifiers, andw be the set of class labelss, wo,...,wc}, from
hence for RotaSVM, the threshold level at 15%, 30% whichY takes values. Assume that the feature set is
and 30% are considered to have balanced numbers ofplit randomly. into& subsets with approximate size
positive and negative binders for HLA-II DP, DQ and andT is the ensemble size in the RotaSVM. Hete,
DR, respectively. The data generation and the exper-andT should be specified in advance.

imental procedure are shown through block diagram  During the training of each SVM, the feature set

in Figure 1. F is randomly split intc= number of disjoint subsets.
Subsequently, a submatrk s, wheret isithe times-
Table 1: Statistics of dataset used in RotaSVM. tamp of the SVM classifier runs arglis the subset
number, is. created with the attributesfips. From
HLA Il Threshold = Number of = Number of Percentage of | . § . .
Levels (%) Positives  Negatives  Positives (%) this submatrixX; s, a bootstrap subset of objects is
10 3225 3311 51-30 drawn with the size of 75% of the dataset to form a
;f’) 2157 41119 5;;11_11 new training set, which is denoted by. Thereafter,
DP 25 217 419 34.11 PCA technique is applied to each subset to obtain a
o 217 419 34.11 matrix M;s where all principal components are re-
40 153 483 24.05 QUL Vi s princip mponer :
50 108 528 16.98 tained in order to preserve the variability information
9 o o oo in the data. Thust axis rotations take place to form
20 330 306 51.88 the new attributes for each SVM classifier. Subse-
bQ gg 3333(? 3?6%6 5?13'888 quently, the matriM; s is arranged into a block diag-
40 158 478 24.84 onal matrixB;. To construct the training set for clas-
50 74 562 11.63 sifier SVM the columns o8 is rearranged according
10 518 118 81.44 .. .
15 264 172 72.05 to the original feature sequence, and assuming that
20 413 223 64.93 the rearranged rotation matrix is denotedBjy The
bR §§ ;5163 2%%3 52_‘333 training set for classifieBVM is [X Bl,Y]. Details of
40 272 364 42.76 RotaSVM are mentioned in Figure 2.
50 218 418 34.27

In the testing phase, given a test samplelet
SVM;(%Bf) be the posterior probability produced by

22 RotaSVM for HLA Class|| the classifier SViMon the hypothesis that belongs
' . . o . to classwi. Then the confidence for a class is calcu-
Protein-Peptide Binding Prediction lated by the average posterior probability of combined

SVMs as foIIOWS'
RotaSVM is a newly developed ensemble classifier,

where a set of SVMs is used as base classifier. To ¢j(x)= = 1 stm.(th) wherei=1,2,. 1)
construct the new feature set for each SVM, boot- =

strap samples are extracted from the original training Thereaftery is assigned to the class with the largest
set. Then the feature set is randomly split and lin- confidence.

early transformed to construct new subsets. In addi- The RotaSVM is applied to predict the HLA class
tion to this, final feature set is constructed with all the Il-peptide binding, separately for DP, DQ and DR.
transformed features for each SVM in the ensemble, Random sub-sampling validation is used for this ex-
where the diversity of the RotaSVM is guaranteed by periment to prepare the training and testing data. Ac-
this transformation. Thereafter, the average of poste-cording to the used method, the dataset is randomly
rior probability gives the classification results. Here, split into training and testing (validation) data. For
as the SVMs are used, the basic idea of SVM is to each of the selected threshold values of DP, DQ and
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Figure 1: A block diagram of the workflow.
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Figure 2: A block diagram of the RotaSVM.

DR, the dataset is randomly split three times. This is here reported. Diierent measures are used as perfor-

done to eliminate the possible bias during the train
ing procedure in any given trabest dataset combina-

- mance metric for the RotaSVM. These measures can

be derived from the following four scalar quantities;

tion use space. Afterward, the train and test datasetsTP (true positives: number of correctly predicted pep-

are normalized, where each input data is normalize
to the range [0,1]. Thereafter, for each such split

dtides that bind HLA class Il proteins), TN (true neg-
, atives: number of correctly predicted peptide as non-

RotaSVM learns the normalized training data and binders of HLA class Il proteins), FP (false positives:
predictive accuracy is assessed using three randomlynumber of incorrectly predicted peptides that bind
chosen normalized test data. The results are then avHLA class Il proteins), FN (false negatives: number

eraged over dierent such splits. Here, two thirds of

of non-correctly predicted peptides as non-binders of

the dataset is used for training the classifier and restHLA class Il proteins). The above four measures in-
of the dataset is used for testing. Among 636 pep- cluding the accuracy, precision or PPV, recall or sen-

tides, which are responsible for binding to HLA-DP, -
DQ and -DR proteins, are separately identified by Ro
taSVM.

3 RESULTSAND DISCUSSIONS

3.1 Performance Metrics

The performance evaluation of the RotaSVM for
HLA class Il protein-peptide interaction prediction is

sitivity, F-measure, MCC, and area under the ROC

- curve (AUC) values are calculated as follows.

(TP+TN)

Al = 100
Y= TP+ TN+FP+FN) * )
Recall= Sensitivit il x 100 4)
B Y-TP+EN)
Precisionx Sensitivit
F-measure= ( y (5)

(Precision+ Sensitivity
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Table 2: Performance comparison of RotaSVM based HLA Iltipepbinding predictor with other classifiers in terms of
average Accuracy, Precision, Recall, F-measure, MCC, RINABIC.

Algorithm HLAIl Accuracy Precision Recallor F-measure MCCAUC

(%) or PPV Sensitivity
DP 89.03 91.12 97.09 94.01 0.74 0.82
RotaSVM DQ 82.44 76.65 99.49 86.59 0.69 0381
DR 80.74 80.92 99.07 89.08 0.43 0.88
DP 80.00 88.17 89.45 88.81 0.40 0.78
SVM DQ 76.06 76.36 99.49 86.40 0.33 0.78
DR 78.89 79.18 99.53 88.20 0.37 0.78
DP 77.42 88.39 85.82 87.08 0.36 0.76
RF DQ 67.18 77.83 79.80 78.80 0.21 0.64
DR 75.93 82.82 87.85 85.26 0.34 0.72
DP 74.52 95.79 74.55 83.84 0.34 0.69
NB DQ 77.22 77.69 98.48 86.86 0.36 0.77
DR 76.30 87.50 81.78 84.54 0.35 0.75
DP 80.97 89.13 89.45 89.29 0.45 0.79
K-NN DQ 71.04 75.95 90.91 82.76 0.32 0.76
DR 73.33 80.87 86.92 83.78 0.33 0.69
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Figure 3: ROC plots of HLA class Il protein-peptide bindinggiction for (i) DP, (ii) DQ and (iii) DR.

_ (T PXTN)-(FNxFP)

MCC= Trmrmrrarreaery (O
~ The dfectiveness of the RotaSVM results is also The overall performance of RotaSVM is computed
justified in terms of gain values. The gain achieved ysing three dferent test sets as described in previ-
by RotaSVM over other used classifiers is measured. 5,5 section. Here, 636 peptides are binded to HLA-

3.2 Perfomance Analysis of RotaSVM

The calculated gain is expressed in percentage: DP, -DQ and -DR, separately. For HLA-DP the av-
Gain (PAOf RotaSVM - PA of RQ), (7)  erage obtained values of accuracy, precision, recall,
(PA of RC) F-measure, MCC and AUC are 89.03%, 91.12, 97.09,
where PA signifies the Prediction Accuracy, and RC 94.01, 0.74 and 0.82 respectively, as reported in Ta-
refers to the Reference Classifier. ble 2. Among three diierent HLA class Il proteins
In this experiment, the values &fand T for Ro- these are the best results produced by RotaSVM in

taSVM are set to be 3 and 10, respectively as well as comparison with SVM, RF, NB and K-NN classi-
the parameters of SVM such as kernel function and fiers. RotaSVM provides highest values of accuracy,
the soft margin (cost parameter) are set to be 0.5 andF-measure and MCC on HLA-DP. In addition, Ro-
2.0, respectively. Note that, RBF (Radial Basis Func- taSVM shows equal best values of recall or sensitiv-
tion) kernel is used here for SVM. The K value for ity, 99.49, along with the SVM classifier on HLA-
the K-NN classifier is chosen as 13 for the satisfac- DQ. However, it is observed that lower threshold val-
tory operation of the classifier. However, to reduce ues generate overfitting by producing similar preci-
the computational time, we adopted the number of it- sion and recall values. Hence, 15%, 30% and 30%
eration of the RotaSVM to be as 20. The RotaSVM is threshold levels are chosen for DP, DQ and DR re-
implemented in Matlab version 2012h. spectively, to have balanced number of positive and
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negative binding peptides. this fact remarks the significant superiority of the Ro-
ROC curves (Swets, 1988) are plotted here as onetaSVM for predicting HLA class Il protein-peptide

of the robust approaches for classifier evaluation. The binding activity.

ROC curves show the tradefdetween average true

positive rate (sensitivity) and false positive rate (1-

specificity) over their entire range of possible val-

Table 4: The Friedman ranks of all classifiers.

S HLAI RotaSYM SVM RF NB K-NN
ues. Furthermore, the performances of each classifier
are also measured by AUC, which reflects the abil- bp 2.00 3.47 353 400 347
ity of the classifiers to discriminate binders from non-  DQ 2.43 393 500 329 442
binders. We have plotted the ROC curves for all clas- PR 292 365 377 399 414
Average Rank 2.45 3.68 410 3.76 4.01

sifiers based on HLA class Il protein-peptide binding
prediction in Figure 3. RotaSVM has produced best

values of AUC for DP, DQ and DR, 0.82, 0.81 and
0.88, respectively in comparison with other methods.

Table 5: The results of Friedman test.

HLA Il Chi-Square p-value
These results further reinforced theacy of the Ro- value
taSVM. DP 71.802  @11x10°
The gain values of RotaSVM over other classi- DQ 32.754 0100x 1075
fiers are reported in Table 3. Based on obtained accu- DR 38.584  (215x107°
racy the gains are computed for threffelient types Average 47713  (42x10°

of HLA class Il proteins-peptides binding prediction.
The results suggest a positive gain of RotaSVM over
all other used classifiers. It demonstrates tifece
tiveness of RotaSVM in finding HLA class Il protein-
peptide binding interaction.

4 CONCLUSIONS

This article demonstrates thdTectiveness of the
ensemble classier, called RotaSVM, with the use of

Table 3: Gain values of RotaSVM in comparison with other principal component analysis to create new feature

classifiers. y g .
sets for prediction of binding peptides to Human
HLAIl SVM (%) RF(%) NB (%) K-NN (%) Leukocyte Antigens class Il proteins. Thdfez-
DP 11.29 15.00 19.48 09.96 ; ; P
DO 08.39 271 0676 16.04 t|yfhnfhsstof(§2§ R(I)taSVrl:(l is Ishovx_/n byI Cor_rt1r[]3ar|r;?( it
DR 02.35 0634 0583 1010 wi e traditional machine learning algorithms like

support vector machine, random forest, naive bayes
and K-nearest neighbor in terms of average precision,
recall, accuracy, F-measure, Matthew’s correlation
codficient and area under the ROC curve values.
Statistical significance of RotaSVM results with re- Finally, the goodness of the RotaSVM for predicting

spect to other classifiers is analysed by using the HLA class Il protein-peptide binding activity is also

Friedman test (Friedman, 1937; Friedman, 1940), at shown by computing the gain values along with the
the 5% significance level. Friedman test is a non- statistical significance test. From the results, it can
parametric test, where accuracy values of 20 runs for be concluded that the RotaSVM achieved maximum
three diference HLA-DP, -DQ and -DR are consid- 22.71% gain over Random Forest classifier for
ered. According to Friedman test it is assumed that, HLA-DQ and average gain of 11.19% over all the

3.3 Statistical Analysis

for a null hypothesis there is no significantfdr-
ence between the accuracy values dfedtent groups.
Whereas, according to the alternative hypothesis it
is considered that there is a strong significatfiiedi

classifiers for three HLA class Il proteins.

For future scope of research, this RotaSVM can
be applied to facilitate the laboratory experimental
work, when there is the need of HLA specific protein-

ence in the accuracy values within the groups. Ta- peptide binding prediction. In addition to this, feature
ble 4 reports the rank of each individual classifier for selection and classification play a crucial role in
HLA-DP, -DQ and -DR as well as the average rank of Microarray data analysis (Saha et al., 2011b; Saha
each classifier. Moreover, the results in Table 5 reveal et al., 2012; Saha et al., 2011d), pixel classification
average Chi-Square value and correspongivglue of satellite images (Saha et al., 2011c; Maulik and
are 47.713 and.042x 1072, respectively, which in-  Saha, 2010) and other fields of engineering and
dicate the acceptance of alternative hypothesis. Thatscience (Maulik et al., 2010; Saha et al., 2010; Sur
means, the average accuracy values produced by Roet al., 2009; Saha and Mukhopadhyay, 2008). In such
taSVM are statistically significant for all proteins, and cases, application of RotaSVM would be interesting
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to study. Currently, the authors are working in
this direction.
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