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Abstract: Peptide based vaccines play an important role in activating the immune response. The small peptides
derived from target proteins (epitopes) of an invading pathogen, bacteria, or virus bind with the MHC
molecules are recognized by CD4+ T cells or CD8+ T cells. MHC class | molecules are recognized by CD4+ T
cells and MHC class — Il molecules are recognized by CD8+ T cells. It is very time consuming and expensive to
predict those small proteins i.e. peptides, which will bind to MHC molecules for immune response in the
laboratory from protein sequence. Therefore, various computational learning algorithms have been used to
identify the binders and non-binders. However, the number of known binders / non-binders (BNB) to a specific
MHC molecule is limited in many cases, which, still is a computational challenge for binder/ non-binder
prediction. In order to improve predictions using a learning algorithm the training data sets has to be sufficient.
Here, an artificial immune system approach for small set of known binding and non-binding peptides has been
used. In present study, which is an extension to our earlier work for MHC Class-11 alleles, we have taken the
MHC class | alleles for Sars Corona virus (Tor2 Replicase polyprotein lab) for HLA-A and HLA-B type
molecules. Five different MHC class | alleles 3 for HLA-A type molecules and 2 for HLA-B type molecules with
5 fold cross validation have been retrieved from IEDB database for BNB. The average area under ROC curve
have been found to be 0.70 to 0.81 for various alleles varies small training sets and in some cases it is 0.92.
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I. Introduction

Biological Background:

Cytotoxic T cells of the immune system monitors cells for infection by viruses, or intracellular bacteria through
scanning their surface for peptides bound to MHC Class — | molecules [1]. The cells, that presents peptides
derived from non-self e.g. from viruses or bacteria (after binding to MHC molecule) can trigger a T- cell
immune response, which leads to the destruction of such cells [2]. T cells do not recognize soluble native
antigen but rather recognize antigens that has been processed into antigenic peptides, which are presented in
combination with MHC molecules. It has been observed that peptides of nine amino acid residues (9-mers) bind
most strongly; peptides of 8-11 residues also bind but generally with lower affinity than 9-mers [3,4]. Binding of
a peptide to a MHC molecule is prerequisite for recognition by T cells and, hence, fundamental to understand
the basis of immunity and also for the development of peptide based vaccine designing.

The CD8+ Cytotoxic T cells (CTL) immune response and CD4+ T-helper (Th) immune response is stimulated
by binding of peptides to major histocompatibility complex (MHC) Class | and MHC Class Il molecules
respectively [5]. Intracellular antigens, cut into peptides in the cytosol of the antigen processing cell (APC), bind
to MHC Class | molecules and are recognized by CD8+ Cytotoxic T cells (CTLs), which once activated, can
directly kill a target cell (i.e. an infected cell). Extra cellular antigens that have entered the endocytic pathway of
the APC are processed there. These are generally presented by MHC class Il molecules to T-helper cells, which,
when turned on, have profound immune regulatory effects. In humans, MHC class | molecules includes HLA-A,
-B and —C and MHC class Il molecules includes HLA-DR, -DP and —DQ. It is important to determine which
peptides bind to MHC class Il molecules that will help in treatment of the diseases [6, 7].

Motivation and Review of the work:

The algorithms for prediction of MHC binding peptides are based on two concepts - (i) algorithms based on
identifying the patterns in sequences of binding peptides e.g. binding motif, quantitative matrices, and artificial
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neural networks, and (ii) algorithms based on three-dimensional structures for modeling peptide/MHC
interactions [8-10]. The second approach, i.e. based on structures corresponds to techniques with distinct
theoretical lineage and includes the use of homology modeling, docking and 3D threading techniques.

For prediction of T-cell epitope, ANN has been used with genetic algorithms [11, 12] and evolutionary
algorithm [13]. Support vector machine has also been used to predict the binding peptides [14, 15]. For
improving prediction of MHC class | binding peptides Probability Distribution Functions have also been used
[16]. Threading methods and Gibbs motif sampler approach have also been used for prediction of MHC binding
peptides [17-19]. In many cases the number of known binders and non-binders to specific MHC alleles are
limited which may lead to poor performance. The artificial immune approach based algorithm has been used for
various MHC Class — Il binding and non-binding peptides [20, 21]. In current study, negative selection
algorithm, has been used to improve the predictive performance of the limited number of MHC Class | binding/
non-binding peptides for Sars Corona Virus.

I1. Materials and Method

Avrtificial Immune System based Algorithm:

Artificial immune system (AIS), a new computational intelligence paradigm be defined as a system of
interconnected components, which emulates a particular subset of aspects originating from the natural immune
system in order to accomplish a particular task within a particular environment/domain. The focal point of most
AIS research is on how lymphocytes (B-cells and T-cells) mature, adapt, react, and learn in response to a foreign
antigen. AIS based models are either population based models or network based models. The algorithms based
on population based model are negative selection algorithm (NSA) [22, 23], and clonal selection algorithm
(CSA), where the focus is mainly on generating initial population of lymphocytes, and improving and refining
that population based on techniques emulated from natural immune system. Network based models are based
on anti-idiaotypic activity within the natural immune system, which consequently regulate the population of
lymphocytes. Artificial immune network approach is an example of network based model [24].

The elements found within the thymus are representative of self instead of non-self. As a result, the T-cells
containing receptors capable of recognizing these self antigens presented in the thymus are eliminated from the
repertoire of T-cells through a process called negative selection. All T-cells that leave the thymus to circulate
throughout the body are said to be tolerant to self. The negative selection presents alternative paradigm to
perform the pattern recognition/classification by storing information about the complement set (hon-self). The
main concept behind the negative selection algorithm is to generate a set of detectors. The Negative selection
algorithm works as follows:
1. Given the self set (P,) and non-self set (P,) i.e. the set of binders and non-binders.
2. Generate a set (M) of random elements using the same representation method.
3. Random element is generated using same representation method.
4. The randomly generated element is matched with the elements of self set P, (i.e. the set of binders
in this case), if a match occurs, then the random element is rejected; else the element is added to the
detector set, Dyp.
5. The randomly generated elements also matched with the elements of the non-self set P.(i.e. the set
of non-binders), if match occurs, then the element is rejected; else the element is added to the
detector set Dy, created in step 4.

To match the elements of the binder set or non-binder set with the randomly generated element, there are several
expressions that can be employed in the determination of the degree of match or affinity between an element of
binder or non-binder and an element of randomly generated set which has been created using the same
representation method. The simplest way is to calculate the Hamming distance (DH) between these two
elements, as given by eq.1.

L 1 if p, =m,
Dﬂzzﬁ,where 6=+ P; o (1)
P 0 otherwise
Here, p; ¢ P, or P, and mje M

In our algorithm the matching is implemented using the Hamming distance. The Hamming distance between
two binary vectors is the number of corresponding bits that differ. The Hamming distance between the self
tolerant artificial lymphocyte, p; and randomly generated self tolerant artificial lymphocyte, m; is calculated for
matching. The p; and m; are the binary vector of 180 bits long since these consists of 9 amino acids and an

amino acid is represented by 20 bit vector.
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The detector set Dy, is used to monitor the self set (i.e. binders) and non-self set (i.e. non-binders). Each element
of the binder and non-binder prediction set is matched with the element of detector set, if match is found then
the predicted element is true positive (TP) or true negative (TN), otherwise the element is false negative (FN) or
false positive (FP). The values of TP, TN, FP, FN is used to calculate the sensitivity and specificity of the
algorithm.

Evaluation Parameters

The predictive performance for the model has been evaluated using receiver operating characteristics (ROC)
analysis. The area under the ROC curve (AROC) provides a measure of overall prediction accuracy, AROC <
70 % for poor, AROC > 80 % for good, and AROC > 90 % for excellent prediction. The ROC curve is
generated by plotting sensitivity (SN) as a function of 1-specificity (SP). The sensitivity, SN=TP/(TP+FN) and
SP=TN/(TN+FP), gives percentage of correctly predicted binders and non-binders respectively. The PPV=
((TP)/(TP+FP))*100 and NPV= ((TN)/(FN+TN))*100 gives the positive probability value i.e. the probability
that a predicted binder will actually be a binder, and negative probability value i.e. the probability that a
predicted non-binder will actually be a non-binder. 10-fold cross validation has been used for training and
prediction. The terms TP, FP, TN & FN related to threshold T are true positive, false positive, true negative and
false negative respectively. A web based tool has been used to calculate the area under the ROC curve available
at [www.rad.jhmi.edu/jeng/javarad/roc /JJROCFITi.html].

Data Resources

The data sets used for training and testing of (BNB) have been obtained from IEDB [25] Beta 2.0 database
[http://wvww.immuneepitope.org] for HLA-A*0201, HLA-A*1101, HLA-A*6801, and HLA-B*4002, HLA-
B*4501 MHC Class | alleles. The strong binders have been retrieved for 1C50 < 500. All 9-mers have been
filtered after removing the duplicates. For strong non-binders, the records with 1C50 > 5000 have been
retrieved. The duplicates from binders and non-binders sets have been removed. Further, to keep the ratio of
binders and non-binders nearly 1:1, so as to reduce the biasness in learning, the additional 9-mer non-binders
were retrieved through EBI-Expasy protein database available at [http://www.expasy.ch]. Final sets of binders
and non-binders for various alleles have been shown in Table 1. Data used in each set of various SARS Corona
viruses MHC alleles for training and prediction using five fold Cross Validation has been given in Table 2.

Table 1: The number of Binders and Non-binders for various alleles for SARS Corona virus:

MHC Binders Non Binders Retrieved 9-mers
Alleles Retrieved 9-mers Final* Final*

A*0201 136 103 103 0 0 104
A*1101 202 128 128 16 8 129
A*6801 148 85 85 1 0 85
B*4002 91 36 36 37 9 36
B*4501 75 37 37 41 16 37

Table 2: Data used in each set of various SARS Corona viruses MHC alleles for training and prediction using
Fivefold Cross Validation:

MHC Binders Non Binders Total Training
Alleles Total Training Set Prediction Set Set Prediction Set

A*0201 103 83 20 104 84 20
A*1101 128 103 25 129 104 25
A*6801 85 68 17 85 68 17
B*4002 36 29 7 36 29 7

B*4501 37 30 7 37 30 7

I11. Results and Discussion

The 5-fold cross validation has been used to validate the results. The negative selection algorithm has been
trained 5 times for each MHC allele using adaptive learning, each time leaving one of the subsets out of 5, and
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using the left out subset for prediction. The average area under ROC curve for various MHC Class — | alleles has
been shown in figurel.

Figure 1: Average area under ROC for various MHC Class-1 alleles.
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Predictions of MHC binding and non-binding peptides have the potential to provide important information for
rational research and development of vaccines and immunotherapy. To screen out the binding and non-binding
peptides although the experimental methods can be used, but this approach is time consuming as well as costly.
Computational approaches can be applied to predict the binders and non-binders. For a useful prediction, using
any machine learning approach, the data in the training set should be sufficient. In case of small the training data
set the prediction will not be useful. In many cases the numbers of known binding and non-binding peptides for
MHC Class - | alleles is not sufficient for prediction using the machine leaning approaches. Here, in the present
study the application of artificial immune algorithm i.e. the negative selection approach has been applied for the
prediction of MHC Class — | binding and non-binding peptides which has shown useful predictions in case of
small data sets also.

Negative selection algorithm is preferred over the other two artificial immune algorithms because it is
theoretical simple and also allows any matching function to be employed. Different matching functions have
different detecting regions and thus have direct influence on the performance of the algorithm. We have taken a
simple matching function based on Hamming distance rule. The function given in eq. (1) has been used as
matching function used in negative selection algorithm. The function calculates the Hamming distance between
the self tolerant lymphocyte, p, and randomly generated self tolerant artificial lymphocyte, m. Hamming
distance 0 indicates that the two strings are perfectly matched with each other. The maximum score is 18 that
indicate the strings are fully mismatched. The value of affinity threshold can be between 0, 2, 4, 6, 8, 10, 12, 14,
16 and 18. In our study the values of thresholds 4, 6, 8, 10, 12 have been taken. The results for various
evaluation parameters viz. sensitivity, specificity, positive predictive value (PPV; PPV = TP / (TP + FP)),
negative predictive value (NPV; NPV = TN / (TN + FN)), accuracy and area under ROC curve for five sets has
been calculated. A general rule of thumb is that an AROC value > 0.7 indicates a useful prediction performance
and a value > 0.85 indicates a good prediction. The summary of the average area under receiver operating
characteristics curve for HLA-A*0201, HLA-A*1101, HLA-A*6801, and HLA-B*4002, HLA-B*4501 MHC
Class | alleles of Sars Corona Virus have been shown in figure 1 using fivefold cross validation.

The average area under ROC for MHC Class — | alleles i.e. HLA-A*0201, HLA-A*1101, HLA-A*6801, and
HLA-B*4002, HLA-B*4501 for various sets have been found to be 0.81, 0.75, 0.78, 0.70 and, 0.81 respectively
indicating good predictive performance for small set of binding and non binding peptides.

The above study shows that the artificial immune system algorithm gives useful predictive performance for
MHC class — | binding and non-binding peptides small training sets. The artificial immune system algorithm
approach i.e. the negative selection algorithm can be used to implement the servers for classification of MHC
Class — | binding and non-binding peptides and help in designing the peptide based vaccine designing. The C
programming language has been used for classification and training modules.
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The study shows that the quality of the prediction of MHC Class — | binding and non-binding peptides can be
substantially improved using the artificial immune systems based algorithm for small data sets. The approach
can also be used for various other applications too, where the datasets for training are limited. Further analysis
can be done for different matching functions in negative selection algorithm.
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