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ABSTRACT 
 
Aims:  Several studies have reported the existence for T helper cell epitopes with the persistence of 
unwanted immune reactions for several protein drugs. T-cell epitope is an amino acid or set of 
amino acids that are capable of being recognized form one or more T-cell receptors. There is also 
an indication that T helper cells are involved in the anti-drug antibodies development to therapeutic 
interferon beta-1a. Protein drugs containing Major histocompatibility complex class II T cell epitopes 
are likely to elicit anti-drug antibodies. Binding specificity between T-cell epitopes and major 
histocompatibility molecules are the most important determinant step in finding the T-cellular 
immune responses. The data obtained from the present study provides new insights into prediction 
of therapeutic Interferon beta T helper cells epitopes using T cell epitope prediction tools, mapping 
of clusters of predicted epitopes. 

Original Research Article  
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Study Design:  Insilico analysis by bioinformatics tools was to predict T-cell epitopes of Interferon 
beta-1a. 
Methodology: Several Insilico prediction tools (immunoinformatics tools) including Proped, 
NetMHCIIpan3.0 and Immune Epitope Database Analysis Resource (IEDB-AR) are available to map 
the potential major histocompatibility class II T cell epitopes. After predicting potential T-cell 
epitopes, epitopes were mapped on interferon beta-1a using MIMOX2 server. 
Results: The potential MHC class II immunogenic sequence of 50 amino acids 
“TRGKLMSSLHLKRYYGRILHYLKAKEYSHCAWTIVRVEILRNFYFINRLTG ” With IFN-β-1a 
(position 111-161) were identified. This study can provide the understanding the relevance to T-cell 
activation for prediction and assessment of unwanted immune responses. 
Conclusions: Insilico prediction by using the available tools helps in reducing the time and cost for 
the immunologists during the vaccine design. By predicting them we will come to know, which 
peptides play major role and synthesize them using invitro technologies. 
 

 
Keywords: T-cell epitopes; IEDB; proped; MIMOX2; Interferon beta. 
 

1. INTRODUCTION  
 
Interferons are naturally occurring proteins which 
stimulate intracellular and intercellular responses 
that regulate resistance to viral infections 
enhance immune responses and modulate cell 
survival and death. There are three types of 
interferons Type I IFN (α,β,ε,κ,ω), Type II IFN, 
Type III IFN or IFN-λ. Interferons help in first line 
of defense, exhibits antiviral activities, exhibit 
antiviral responses and activate IFN-stimulated 
genes respectively [1]. 
 
Interferon beta is cylindrical in shape and 
belongs to family of long-chain helical cytokines. 
Interferon beta exhibits potent T-cell anti-
proliferative properties. A glycosylation site exists 
at residue aspargine-80. It contains 166 amino 
acids residues which comprises of five α helices 
designated as helix A (amino acid residues 2-
22), helix B (amino acid residues 51-71), helix C 
(amino acid 80-107), helix D(amino acid 118-
136) and helix E (amino acid 139-162). Several 
studies suggest that the glycosylation of IFN-β 
plays a critical role in protein solubility and 
stability. Non-glycosylated forms of IFN-β are 
more susceptible to form aggregates and lead                 
to immunogenicity. The structural-functional 
analysis helps in neutralizing antibody binding 
sites, identification of T-cell and B-cell antigenic 
determinants [2]. Functions involves, interferons 
acts as immunomodulators, antineoplastic, 
activate immune cells such as NK cells, 
macrophage and increases host defense by up 
regulating antigen resenting (AP) by virtue of 
increase the expression of MHC alleles. 
Applications of IFN-β involves in the diagnosis of 
rheumatoidal arthritis, Multiple sclerosis (MS), 
auto immunological diseases. Advances in the 
antigen processing and presentation has made 
the subunit vaccines an integral part of vaccine 

design. In the subunit vaccine, the vaccine 
candidates are used as immunogenic 
peptides/regions of protein instead of complete 
protein. Binding of this peptide to the Major 
histocompatibility molecules play vital role in the 
activation of autogenic specific T- cells and 
hence finding these peptides or epitopes is 
important [3]. 

 
Insilico prediction of T-cell epitopes can helpful in 
identification of peptides using computational 
programs which have in designing the vaccine 
development. Some of the methods include 
involves quantitative matrices method and the 
other is position specific binding profiles. Major 
histocompatibility class II molecules helps in 
identification of the foreign molecule on the 
membrane  surface and  degrade the molecule 
into peptides and present them to T-cell 
receptors for particular immunological responses 

[4]. An Immune epitope database (IEDB) is the 
one of the important server to find the immune 
related information including antigens, anti-
antibody responses, T and B cell information. 
Information to this server is retrieved from 
TEPITOPE; NetMHCIIpan [5]. User can select 
the prediction for HLA-DP, DQ, DR molecules 
with suitable parameters and threshold. Proped 
is theserver which uses the panspecific method 
to identify the predicted binders. The Pan specific 
method helps in providing the predictions for 
those molecules which are previously 
uncharacterized Major histocompatibility 
molecules [6]. Pan specific methodology play an 
important role, as they are capable of giving 
predictions to those molecules, which have not 
been characterized experimentally [7]. 
NetMHCIIpan-3.0 method is used to cluster the 
most prevalent HLA alleles of the European 
population. For HLA class I, clustering of 
molecules into super types was proposed by the 
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analysis carried out using experimental data [8] 
and extending by applying pan–specific class I 
prediction analysis. Whereas for MHC class II, 
the amount of experimental data remains too 
limited and hence they have been limited to      
HLA-DR molecules. The analysis performed here 
suggesting reduction of polymorphism of HLA 
class II molecules by definition of clusters based 
on similarities in predicted functional binding 
specificities. Such clustering builds a base for 
facilitating identification of T helper cell epitopes 
within different ethnic groups having a high value 
in the design of epitope-based vaccines. There 
are many methods identified for the prediction of 
peptide-major histocompatibility binding including 
artificial neural network, quantitative matrices 
method, and Markova model. For major 
histocompatibility class I, the peptides which bind 
to Major histocompatibility class I are of same 
length and hence they are easily characterized. 
Whereas binding of major histocompatibility class 
II binding is very different because of they are 
distributed all over the length of natural major 
histocompatibility binding peptides [9] and hence 
they are identified. Interferon beta triggers the 
synthesis of host cell proteins contributing to it’s 
to its several immunomodulatory properties. It 
also increases the expression of HLA class I 
molecules and this might contribute to antiviral 
effects. It inhibits HLA class II molecules induced 
from IFN- γ and so inhibits the antigen 
presentation [10]. Application of predicting the T-
cell epitopes intereferon-beta-1a include: 
Interferon beta -1a epitopes it helps the 
treatment of auto immune diseases, T-cell 
epitope prediction are used in the treatment of 
cancer, auto immunity, allergy and infectious 
diseases, There are many application of T-cell 
epitope prediction in case of disease diagnosis 
and vaccine design which include Mapping in 
Foot and mouth disease, Mapping in Type 1 
Diabetes,Mapping in pneumonia, Mapping in 
HIV. 
 
2. MATERIALS AND METHODOLOGY 
 
Methodology helps in giving step by step 
procedure of the work done   in the study. Below 
mentioned is the work flow involved in the study 
(Fig. 1). 
 
2.1 Protein Sequence Retrieval 
 
Interferon beta-1a protein FASTA sequence was 
retrieved from drug bank having the accession 
number DB00060 with the length of 166 amino 
acids (http://www.drugbank.ca/drugs/) this 

protein sequence is basis to perform different 
computational predictions of linear amino acid 
residues.  
 
2.2 Potential T-Cell Epitope Prediction  
 
T-cell epitope is an amino acid or set of amino 
acids capable of being recognized from one or 
more T-cell receptors. Cells recognize the linear 
peptides that bound to the MHC class II 
molecules. Understanding the relevance of T-cell 
activation in antidrug antibodies play a crucial 
role for predicting and assessing 
immunogenicity. To check whether interferon 
beta can elicit T-cell responses, we predicted 
potential T-cell epitopes using IEDB analysis 
resource. IEDB-AR follows allele specific method 
for prediction. For our prediction we fallowed 
IEDB recommended prediction method choosing 
the all the HLA-DR alleles from the panel. Later 
from the predicted T-cell epitopes only those 
epitopes having low percentile rank were chosen, 
since lower the percentile rank indicates the 
good binders [11]. 
 
In IEDB 15mer amino acids MHC class II T-cell 
epitope prediction was performed using the 
NetMHCIIpan method, consensus method [12], 
Average Relative Binding (ARB) matrix method 
and stabilization matrix alignment method 
(SMM). 
 
Proped is a server to predict major 
histocompatibility class II binding peptide 
prediction which can predict major 
histocompatibility class II binding regions in an 
antigen sequence [13], method is based on the 
quantitative matrix method. For our prediction 
panspecific method is used for the identification 
of the predicted affinity using 51 alleles of Human 
leukocyte antigen-DR alleles. The Pan specific 
method covers all the binding information of the 
molecule from the different loci or species. Later 
41 patterns (overlapping) with their regions are 
identified. 
 
NETMHCII pan 3.0 is a server capable of 
predicting the T-cell epitopes. This server either 
use allele specific method or pan specific method 
based on the user requirement. We adopted 
allele specific method and we have done the 
prediction for 12 alleles of Human leukocyte 
antigens-DR [14]. By 15-mer amino acid analysis 
of Major histocompatibility class II T-cell epitope 
prediction was performed and the prediction is 
based on the affinity i.e. if the affinity is <500 nm 
then it indicates weak binder, if the affinity is < 
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50nm then it indicates strong binder. In the 
current study we adopted the method based on 
the principle of artificial neural networks and it is 
trained on 56,062 quantitative peptide binding 
data which covers 12HLA alleles as well.  
 
2.3 Epitope Mapping of IFN- β  
 
Once the T-cell peptides are identified by major 
histocompatibility class II binding prediction 
servers (IEDB-AR, Proped, NetMHCIIpan) they 
need to mapped and this is done through both in 
vivo and invitrotechniques. In this study we 
followed in vivo method of epitope mapping using 
MIMOX2 server which adopts mapping of cluster 
of epitopes based on the phage display method 
and which is done manually. In MIMOX mapping 
is done based on the epitope of an antibody of 
one or more user supplied mimitopes with 
suitable antigen structure and this helps in the 
computational immunovaccinology or computer 
aided vaccine design. Mimitopes are the 
peptides which mimic the structure of epitopes 

[15]. 
 
Epitope mapping through MIMOX server involves 
two steps, first step include obtain the potential 
MHC class II epitopes on to the MIMOX2 server. 
Second step set the parameters since it is online 
based server and fix the threshold and upload 
the monomer structure of interferon beta 
structure downloaded from protein databank for 
matching residues and place them into an stack 
of candidate residues with their respective 
positions. Epitope mapping is based on the 
Mimitopes i.e. mimitopes are the peptides 
mimicking the protein, lipids, carbohydrates that 
can be generated by phage display technology. 
Principle behind involves MIMOX2, MIMOX2 can 
map epitopes as an individual mimitopes or 
group of patterns on the selected antigenic  
structure and cluster of residues searching is 
done which represents the naïve epitopes and 
hence mapping  of epitopes is based on  input 
sequence and  uploaded antigen structure. For 
mapping different modes are available first strict 
mode where the mimitope residues matches with 
the antigen residues, second conservative mode, 
identifies similar residues which are involved in 
the stack. MIMOX2 server helps in identification 

of neighbor candidates with their respective 
distances from one peptide to other. The 
distances between the neighbors are calculated 
by the threshold value (distance between all c-
alpha and c-beta atoms). 
 
2.4 Visualization of MHC Binding Motifs 
 
Once after predicting the MHC binding motifs it is 
important to view those motifs (patterns). One 
such method involves visualizing the receptor 
binding motif is by using sequence2logos. Tom 
Schneider and Mike Stephens for the first time 
found seq2logos [16].  
 
Graphical form of representing different amino 
acids or nucleic acids are called as seqlogos 
.This information tells us which amino acids are 
highly conserved in nature, this is interpreted by 
looking at the height of the all the twenty amino 
acids distributed in the graphical plot. The higher 
the amino acid in the column more conserved the 
amino acid. This seqlogos are generated using 
MHC motif viewer. We can found the seqlogos of 
Human leukocyte antigen-DP, DQ, DR 
molecules. To differentiate between amino acids 
colour coding is done based on the properties of 
individual amino acids, basic amino acids, 
hydrophobic amino acids are represented in red, 
blue and black colours respectively. 
 
2.5 Comparative Studies 
 
Comparative studies help in finding the pros and 
cons of the methodologies used in the study. 
From the literature we have identified few 
differences between experimental prediction of 
T-cell and Insilico prediction of T-cell epitopes. 
First Experimental prediction is also called as 
invitro methodology, which involves the longer 
methodology, with more number of allelic 
variants with high accuracy but predicted 
epitopes cannot view immediately. Insilico 
prediction uses computational methodology, 
which involves the short procedures i.e. number 
of steps of methodology is less, involves less 
number of allele variants with comparatively less 
accuracy but epitopes can be viewed  after the 
predictions is done. 

 
Table 1. Table show the list of servers and suitabl e methods followed in the study  

 
Server  Method  URL 
IEDB-AR ANN http://tools.immuneepitope.org/mhcii. 
PROPED QM http://www.imtech.res.in/raghava/propred/  
NetMHCIIpan-3.0 ANN http://www.cbs.dtu.dk/services/NetMHCIIpan-3.0.  
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3. RESULTS AND DISCUSSION 
 
3.1 Identification of Interferon-beta-1a T-

cell Epitopes Using Insilico Approach 
 
3.1.1 IEDB-AR server results  
 
Insilico technologies are nothing but using the 
computational algorithms to identify variant 
sequences that exhibits desired functional 
properties [17]. The computer algorithms can 
also identify immunogenic T-cell epitopes. In our 
study Insilico predictions were used to identify 
MHC class II IFN-β-1a T-cell epitopes using 
IEDB-AR and Proped. The screenshots Fig. 1 
represent the MHC class II binding of HLA-DR 
alleles for IFN-β-1a. However the assessment of 
all the available alleles in respective Insilico 
prediction tools was carried out systematically. In 
IEDB-AR low percentile rank indicates good 
binders, the analysis done for all the 696 alleles 
of HLA-DR alleles. The potential MHC class II 
immunogenic sequence of 50 amino acids, 
“TRGKLMSSLHLKRYYGRILHYLKAKEYSHCA
WTIVRVEILRNFYFINRLTG” with IFN-β-1a 
(position 111-161) were identified. 

Training data is used in the server consists 
ofquantitative peptide-MHC class II binding data. 
It comprises 52,062 affinity measurements 
covering 24 HLA-DR, 5HLA-DP, 6 HLA-DQ, and 
2 murine H-2 molecules. Additionally, a set of 
9860 binding affinity measurements covering 13 
HLA-DR alleles introduced was used as an 
independent evaluation set [18]. This is based on 
the percentile rank which assess lower the 
percentile rank higher the binding. 
 
3.2 Proped MHC Class II Binding 

Prediction Results for IFN- β-1a  
 
In proped panspecific method is to determine 
binding patterns where it considers all the 51 

alleles of HLA-DR alleles. The data in the blue 
colour amino acids indicate good binders 
whereas the red colour amino acids suggest the 
possible promiscuous amino acids. From proped 
41 patterns were identified. The potential MHC 
class II immunogenic sequence of 50 amino 
acids 
“TRGKLMSSLHLKRYYGRILHYLKAKEYSHCA
WTIVRVEILRNFYFINRLT” With IFN-β-1a 
(position 111-161) were identified. 

 

  
 

Fig. 1. Workflow involved in the study which give u s the information about how insilico 
prediction, mapping, visualization has been perform ed 
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3.2.1 Proped server results  
 

This sever works based on the algorithm i.e. 
quantitative matrix based predictions. The 
algorithm works as follows: First find all the 
possible “Nanomeric Peptides” from the 
interferon beta sequence. In the second step the 
position and side chain specific values, derived 
from virtual matrices are assigned to each 

residue within peptide frames. In Third step 
involves  the linear combination i.e. summation of 
all the position and side chain specific values 
result in a numeric value/peptide frame score for 
each peptide. Finally all the calculated peptide 
scores are compared with user selected 
threshold value and the results are indicated 
graphical as well HTML format. 

 
Table 2. Screenshots showing the IEDB-AR text resul ts for Interferon β-1a proteinfor different 

HLA-DR alleles which also show the predicted epitop e start and ending point and they adopted 
different methods like sturniolo and consensus meth od. The consensus method is based on 

the combinatorial library method  
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Fig. 2. Screenshot of the peptide MHC class II bind ing prediction for interferon- β-1a protein 
that demonstrate the pan-specific methods to provid e accurate predictions of MHC molecules 
for 51 alleles.The blue colour amino acids indicate  good binders whereas the red colour amino 

acids suggest the possible promiscuous amino acids 
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Fig. 3. Screenshots from the proped server showing graphical and text output forms for 
different interpretation 

 
3.3 Results of NETMHCII Pan 3.0 
 
NETMHCII pan 3.0 is the first pan specific 
method to determine the binding patterns. It is 
applied to predict binding for uncharacterized 
MHC molecules. It consists of 12 alleles. For 12 
HLA-DR alleles the binding predictions are 
calculated and based on the pan specific method 
and the predicted binders (affinity) are 
differentiated into strong binders (affinity<50 nm) 
and weak binders (affinity<500 nm). 15 mer 
amino acids prediction were chosen. To increase 

the performance of the NetMHCIIpan-3.0 method 
demonstrates its promising ability to improve 
when more data available for molecules from 
other loci/species hence this server is chosen for 
the prediction. 
 
3.4 Predicted Results  
 
After obtaining the results from the different 
servers, predicting the results from the server are 
important to conclude the study. 
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H LA-A*01:01 
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Allele: DRB1*03:01 
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Fig. 4.Text output after imputing the sequence into  the NETMHCIIpan-3.0 of particular alleles 
DRB1*01:01, DRB3*01:01. Here 15mer peptide predicti ons were chosen. If the affinity < 500nm 
then it is weak binder, if the affinity is < 50nm t hen it is strong binder. NetMHCII method refers 
to the extended SMM align method including direct e ncoding of peptide flanking residues and 

penalties for longer peptides and short amino termi nal peptide flanking residues 
 

3.5 IEDB-AR Predicted Results  
 
Predicted results are same as results obtained 
from the server because IEDB-AR server takes 
9mer amino acids analysis to predict the T-cell 
epitopes and the predicted results are based on 
the percentile ranks, lower the percentile rank 
higher the binding and hence the predicted 
results are same as Table 4. 
 
3.6 Proped Predicted Results  
 
Proped is another server to predict the epitopes 
of T cells. In this study we adopted pan specific 
method used 51 human leukocyte antigen-DR 
alleles for the prediction of T-cell epitopes for 
interferon-beta -1a.It is predicted that 40 patterns 
are identified. The potential MHCclass II 
immunogenic sequence of 50 amino acids 
“TRGKLMSSLHLKRYYGRILHYLKAKEYSHCAW
TIVRVEILRNFYFINRLTG” with IFN-β-1a 
(position 111-161) was identified. 
 
3.7 Confirming the Results of the IEDB 

and PROPED by Performing 
Comparative Analysis  

 
Comparative analysis done for the results 
obtained from the IEDB-AR and proped.After the 
comparative analysis 40 different overlapping of 
peptides were identified. The potential MHC 
class II immunogenic sequence of 50 amino 
acids“TRGKLMSSLHLKRYYGRILHYLKAKEYS
HCAWTIVRVEILRNFYFINRLTG” with IFN-β-1a 
(position 111-161) were identified. Since the 
overlapping region is found the same it is 
confirmed that this is the potential T-cell epitope 
region. 

3.8 Epitope Mapping  
 
T-cell epitope mapping is performed for the 
predicted epitopes identified from IEDB-AR, 
proped, NetMHCIIpan-3.0 using MIMOX2 server 
using mimitope. Mimitopes are often peptides 
which mimics the structure of epitope. MIMOX2 
server has an interface for both input and output. 
The output is shown is shown below. 
 
3.9 Visualization of MHC Binding Motifs 
 
Once MHC binding βpatterns are identified 
visualization helps us to define and represent the 
specific regions of the structure and to classify 
them to which group they belong to: Acidic, 
Basic, Hydrophilic and hydrophobicity.  
 
T –cell epitope predication plays vital role in 
vaccine designing, vaccines are mostly based on 
the B cell immunity but at present it has been 
encouraged as the host can generate a strong 
immune response by CD8+ T cell against the 
infected cell [19]. It is also found that with time, 
due to antigenic drift, any foreign particle can 
escape the antibody memory response; however 
the T cell immune response often provides long-
lasting immunity [20]. Therefore, in the present 
study T cell epitopes were designed using in 
silico computational approaches. In order to 
predict a peptide that can be used in vaccine 
development to prevent viral entry or its 
interaction with host cell, this study focused on 
interferon Beta -1a protein. In this study multiple 
prediction methods were applied to determine a 
potential T-cell epitope considering several 
criteria like percentile rank, binding affinity and 
differentiating predicted epitopes into strong and 



 
 
 
 

Reddy and Pinnelli; BJI, 16(3): 1-23, 2016; Article no.BBJ.29184 
 
 

 
15 

 

weak binders. Binding studies show that HLAs 
are the most polymorphic human genes known 
[21] and each HLA allele recognizes a restricted 
set of peptide [22].For instance, vaccine 
candidates have a tendency to have more 
binding peptides with low conservation scores 
and/or lower total conservation scores and/or 
average stronger binding affinities than non-
vaccine candidates [23]. Due to lack of a 
consensus mapping protocol with 
immunoinformatics tools, a combined prediction 
method was applied according to the hypothesis 
of Trost et al [24] who proposed that greater 
prediction accuracy can be achieved by 
combining the predictions from several 
algorithms rather than relying on just one. For T 
cell epitope prediction, plenty of algorithms are 
freely available and in this study we employed 
IEDB,PROPED,NETMHC  analysis tool which is 
possibly the most wide-ranging database  
offering several B cell and T cell epitope-related 
analysis and prediction tools as well as provides 
both intrinsic biochemical and extrinsic context 
dependent information about them [25]. The 
ultimate goal of epitope prediction is to aid the 
design of molecules that can mimic the structure 
and function of a genuine epitope and replace it 

in vaccine design [26] we have developed the 
model that can be successfully applied as a 
generic protocol for easy Insilco identification of          
HLA-DR binding peptides. By examining the 
output it was predicted that        
“TRGKLMSSLHLKRYYGRILHYLKAKEYSHCAW
TIVRVEILRNFYFINRLTG” these four epitopes 
would be the best epitope candidates. Thus it is 
believed that these suggested that T cell 
epitopes will definitely reduce time, cost and 
labor during in vivo and in vitro studies to be 
carried out for developing a vaccine against 
Interferon –beta 1a Design and development of 
vaccine against T cell epitope is much more 
promising due to the evoke of long lasting 
immune response and antigenic drift where 
antigen can easily escape the antibody memory 
response.The above findings are the result of 
analyzing the deposited data on various immune 
databases. The results suggest that, these 
epitopes may play a highly informative role in 
antidote production against interferon beta -1a 
that can trigger an effective immune response in 
vivo. Along with in silico study, both in vivo and     
in vitro experiments are required to prove           
the effectiveness of mounting an immune 
response. 

 
Table 3. Predicted patterns from the proped results  with their positions of varying length.40 

different patterns were identified with their varyi ng their length and this is used for 
comparison analysis with the other epitopes from th e other servers 

 
Sl. no  Predicted binders Binding region 
1 NLLGFLQR 4-11 
2 LQRSSNFQ 9-16 
3 QRSSNFQC 10-17 
4 LGFLQRSS 6-13 
5 QCQKLL 16-21 
6 QCQKLLWQ 16-23 
7 QLNGRLEY 23-30 
8 QLNGRLE 23-29 
9 CKLDR 31-35 
10 KDRMNF 33-38 
11 KDRMNFDI 33-40 
12 NFDIPEEI 37-44 
13 QQFQKEDA 48-55 
14 KQLQQFQK 45-52 
15 QKEDAALT 51-58 
16 EMLQNIFA 61-68 
17 TIYEMLQN 58-65 
18 QNIFAIFR 64-71 
19 FAIFRQDS 67-74 
20 RQDSSTG 71-77 
21 NETIVENL 80-87 
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Sl. no  Predicted binders Binding region 
22 ENLLANVY 85-92 
23 YHQINHLK 91-98 
24 NHLKTVLE 96-103 
25 HQINHLKT 94-101 
26 TRGKLMSS 111-118 
27 KRYYGR 122-127 
28 KRYYGRIL 122-129 
29 GRILHYLK 127-134 
30 LHYLKAKKE 129-136 
31 HYLKAKEY 130-137 
32 VRVEILRN 145-152 
33 RVEILRN 146-152 
34 TIVRVEIL 143-150 
35 EILRNFYF 148-155 
36 FINRLTG 155-161 
37 YFINRLTG 154-161 
38 NRLTGYLR 158-165 
39 INRLTGY 157-163 
40 EFAI 67-70 

 
Table 4. Patterns obtained after comparative analys is of the patterns from the servers IEDB-AR 

and proped to confirm the patterns  
 

Sl. no Allele Overlapping Overalpping regions of IE DB and 
PROPED 

1 HLA-DRB1*01:01 TIYEMLQN 58-65 
  TIYEMLQN 58-65 
  TIYEMLQN 58-65 
2 HLA-DRB1*03:01 RGKLMSS 112-118 
  TRGKLMSS 111-118 
  DRMNFDI 34-40 
3 HLA-DRB1*04:01 QNIFAIFR 64-71 
  NIFAIFR 65-71 
  FAIFRQDS 67-71 
4 HLA-DRB1*07:01 TIVRVEIL 143-150 
  TIVRVEIL 143-150 
  TIVRVEIL 143-150 
5 HLA-DRB1*08:01 KRYYGRIL 122-129 
  RYYGRIL 123-129 
  GRILYLK 127-134 
6 HLA-DRB1*09:01 TRGKLMSS 111-118 
  TRGKLMSS 111-118 
  NLLANVY 86-97 
7 HLA-DRB1*10:01 TIYEMLQN  58-65 
  TIYEMLQN 58-65 
  YFINRLTG 154-161 
  YFINRLTG 154-161 
8 HLA-DRB1*11:01 YFINRLTG 154-161 
  YFINRLTG 154-161 
  YFINRLTG 154-161 
9 HLA-DRB1*12:01 YFINRLTG 154-161 
  YFINRLTG 154-161 
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Sl. no Allele Overlapping Overalpping regions of IE DB and 
PROPED 

  YFINRLTG 154-161 
10 HLA-DRB1*13:01 NLLGFLQR 4-11 
  NLLGFLQR 4-11 
  NLLGFLQR 4-11 
11 HLA-DRB1*14:01 TRGKLMSS 111-118 
  RGKLMSS 111-118 
  YFINRLTG 154-161 
12 HLA-DRB1*15:01 KRYYGRIL 122-129 
  KRYYGRIL 122-129 
  KRYYGRIL 122-129 
13 HLA-DRB1*16:01 KRYYGRIL 122-129 
  KRYYGRIL 122-129 
  KRYYGRIL 122-129 

 

 
 

Fig. 5. Screenshots of the Partial output predicted  mimitopes from the MIMOX2 server which 
have highest score. Screenshots representing which patch have an high possibility to be an 

epitope and indicated by red color. We can view the  3D structure of all the mimitopes 
 

 

A 

B 
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Fig. 6. Screenshots B,C,D,E which represents the de tailed information of mimitopes which 
mimic the epitopes of PHE-66, MET-139, VAL-140, LEU -20 and amino acids which are similar to 
each mimitope with their corresponding 3D structure . The union represents all the amino acids 

which are appeared more than twice and denoted in r ed. The histogram drawn between the 
number of residues in the patch in the X-axis versu s with the number of amino acid residues in 

the Y-axis which show the occurrence of individual aminoacids 
 
 

C 

D 

E 
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Fig. 7. A,B,C,D Mapping done with all the predicted  mimitopes for A) PHE-66 B) MET-139 
C) VAL-140 D) LEU-20 

 

A 

B 

C 
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Mapping of FYFINR peptides 
 

 
 
Mapping of RYYGRI 
 

 
 
Mapping of TRGKLM 
 

 
 
Union of all the peptides PHE-66 
 

 
 

Fig. 8. Mapping candidates for the FYFINR, RYYGRI, TRGKLM, and unions set of all ll the 
peptides of PHE-66, 3D view of epitopes have been m apped using cartoon representation for 

1WU3 (interferon-beta)molecule  
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Fig. 9. Seq logos of HLA-DRB1*01:01, HLA-DRB3*01:01 , HLA-DRB4*01:01, HLA-DRB5*01:01 are 
generated using MHC binding motif viewer. kullback –leibler representation has been fallowed 

which tells us that x-axis indicates the number of amino acids and Y-axis indicates the 
conserved nature of each amino acids using colour c odings. In HLA-DRB1*01:01, HLA-

DRB3*01:01, HLA-DRB4*01:01, (peptide1, peptide4, pe ptide6, peptide9) show the hydrophobic 
amino acids, (p3, p7) are basic amino acids,(p2,p7) are neutral amino acids  and in HLA-

DRB3*0101 (p5) represents the acidic amino acids  
 
4. CONCLUSION 
 
The human major histocompatibility genomic 
molecule region (HLA) is polymorphic comprising 
several thousand alleles, many encoding                 
the entire distinct molecule. The potentially 
unique specificities remain experimentally 
uncharacterized for the majority of HLA 
molecules thus predicting the T cell responses in 
assessing the immunogenicity of the protein 
therapeutics play vital role. Insilico predictions 
are done using the prediction tools like IEDB-AR, 
proped, and NETMHCII pan-3.0. We identified an 
immunogenic sequence of 50 amino acids within 

IFN-β molecule (position 111-166). After the 
prediction of epitope, mapping is performed 
using MIMOX2server. Insilco predictions are 
advantageous in the pharmaceutical company for 
designing the vaccines and also helpful in the 
future invitro assessments. In conclusion 
NetMHCIIpan-3.0 method is an important step 
forward in boosting MHC classII binding 
predictions covering a large number of molecules 
from different species and therefore reduces 
experimental costs for the immunologists working 
within the field of epitope -based vaccine design. 
Next the seq2 logos were generated. 
Comparative studies are performed between 
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IEDB-AR and proped to confirm the patterns and 
then the influence of different HLA-DR alleles are 
studied. 
 

The Future scope of predicting the T-cell 
epitopes is that once we predict the potential T-
cell epitopes we can know which set of peptides 
has major role and synthesize them using in vitro 
technologies which will save the time and helps 
in the vaccine development. 
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