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Abstract
Plasmodium falciparum the agent of malignant form of malaria and in particularly its ability to generate mutant variants makes it a
successful pathogen. Due to the increasing drug resistance problem, an effective malaria vaccine is highly desirable. Peptide based vaccine
can also be utilized to control malaria but HLA polymorphism is major hurdle in development of peptide based vaccine. Nevertheless
promiscuous peptides which have potential to bind with more than one HLA alleles can be utilized to develop vaccine against malaria.
Identification of an appropriate T-cell epitope for activation of immune system is of great importance before a strategy for development or
trial of malaria vaccine is formulated. In the present study five different in silico tools were employed to predict promiscuous peptides by
using protein sequence of promoter region of Pfs-25 gene. A total 303 peptides were predicted and by adopting different selection criteria’s
only 4 peptides were selected for 3D homology modelling. The constructed 3D models of promiscuous peptides and HLA-alleles were
further utilized to test for their binding affinity towards HLA alleles by means of peptide protein docking analysis. Docking analysis of these
four potential vaccine candidate epitopes revealed that the promiscuous peptide P9 (FLCFLQFIHFFRYLF) showed highest docking affinity
with all HLA-alleles and this epitopic region may be utilize as potential vaccine candidate antigen for development of peptide based vaccine
against P. falciparum.
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Introduction
Malaria is still a life threatening parasitic disease with an
estimated 212 million cases and 429,000 deaths [1]. The challenge
of producing a widely available vaccine that provides a high level
of protection for a sustained period is still to be met, although
several are under development. The extensive genetic diversity
of the malaria parasite constitutes major drawbacks to the
development of a successful malaria vaccine [2-6]. P. falciparum
presents a number of potential vaccine targets because of its
complex life cycle with different stages have potential vaccine
candidate antigens [7]. Several antigens expressed during the
sexual stage of P. falciparum are target of antibodies which are
capable of preventing the transmission of the parasite from
human to mosquito and might be utilize to develop transmission
blocking vaccine [8-10]. Malaria transmission blocking vaccine
targets the sexual development of the parasite within the
mosquito mid gut and antibodies directed against this antigen
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will prevent fertilization between male and female gametes,
which will further inhibit the development of zygote into motile
ookinetes [11]. Pfs-25 is a, cysteine-rich 25kDa surface protein of
P. falciparum, expressed during the sexual stage of life cycle. It is
a potential vaccine candidate antigen which is capable to develop
specific antibodies [12].

Peptide based vaccines can also be utilized to develop an
efficacious vaccine against malaria. The widespread occurrence
of HLA polymorphism is a serious limitation to develop peptide
based vaccines for global immunization because, invariably,
most of such antigenic peptides bind to a few HLA alleles [13].
Immune responses directed against some epitopes may be
genetically restricted and a given epitope may be recognized by
one antigen but not by another [14,15]. Hence, an efficacious
vaccine against malaria will need to have the potential to induce
responses against a number of epitopes that are recognized in
the context of many different HLA alleles [14,16]. A conventional
approach to discover such promiscuous peptides is to synthesize
many possible peptides from an antigen and to test each for their
immunogenicity [13]. Experimental identification of vaccine
candidate antigens is also costly and time consuming process [1720]. Bioinformatics or in silico tools can also be utilized to predict
peptide sequence from the chosen antigen that show optimum
binding to HLA alleles that are predominant in the population to
be vaccinated. Although the MHC binding prediction algorithm
reached high performances but there are reports that suggest
these tools may not be very efficient [21]. The efficiency of the
predicted promiscuous peptides by sequence based in silico
methods can be verified by structure based MHC binding in silico
methods (Kashyap et al., 2017, Khan et al., 2017). One of the main
categories in structure-based MHC binding in silico methods is
docking. The docking analysis of promiscuous peptides with
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HLA alleles to know the interaction between promiscuous
peptides with HLA-alleles also reduced the time of wet lab
analysis [22]. Keeping these points in view the present study
was aimed to predict promiscuous peptides by analyzing the
published gene sequences of strong vaccine candidate antigen
gene Pfs-25 of P. falciparum and to check binding pattern analysis
by structure based computational techniques. The immune
response of predicted promiscuous peptides was also verified
computationally.

Materials and Methods

Recoupment of target sequence
Predominantly and frequently occurring HLA class-I alleles
(HLA-A*01:01, HLA-A*0:2:11, HLA-A*02:01, HLA-A*02:06,
HLA-A*11:01, HLA-A*33:03, HLA-B*35:01, HLA-B*40:06) and
HLA class-II alleles (DRB1*0301, DRB1*0701, DRB1*1001,
DRB1*1101, DRBI*1302, DRB1*1404, DRB1*1502, DRB1*1501)
were selected [23-26]. Amino acid sequence of selected HLA
alleles was retrieved from NCBI Gen bank database (http://www.
ncbi.nlm). Protein sequences of Pfs-25 from promoter region of
P. falciparum with Accession no. (AF030628.1) was retrieved
from NCBI data base (http://www.ncbi.nlm) and compared with
Plasmo DB and Uniprot for conservancy.

Promiscuous peptide prediction

The Immune Epitope Database (IEDB) (http://www.iedb.org)
[27] and the NetMHCPan web server (http://www.cbs.dtu.dk/
services/NetMHCpan-3.0 [28] were also used for the prediction
of T cell specific epitopes. The NetMHC3.0 server (http://www.
cbs.dtu.dk/services/NetMHC-3.0) [29] was used to predict the
binding of peptides to MHC molecules belonging to the HLA
class-I using artificial neural networks. The Net MHCIIPan 2.4,
[30]. Immune Epitope Database (IEDB) and Analysis Resource
MHC class-II binding prediction tools NN-align [31], SMM-align
[32], ARB (average relative binding)23 and NetMHCII2.2 [33,34]
were used to predict peptides specific for HLA class-II alleles.
All parameters and their values for individual tools were kept
as default. The peptides obtained were classified on the basis
of binding pattern based on IC50 value [35,36]. The predicted
promiscuous peptides having IC50 value ≤ 500nM were classified
as strong binders, IC50 value in between 500-1000nM were
classified as weak binders, IC50 value ≥1000nM classified as
non- binders. The predicted promiscuous peptides were further
classified for 100% strong binding affinity criteria with all HLA
alleles to reduce the number of strong binder promiscuous
peptides and for the selection of best promiscuous peptides for
3D Homology Modelling.

Selection criteria’s of epitopes for 3D homology
modelling

Cluster analysis: The 100% binder promiscuous peptides
were subjected to know the relatedness among the peptides
by constructing a cladogram with the help of Seaviewversion
software [37]. This software utilizes Phylogenetic estimation
Maximum Likely hood method and 100 Bootstraps were run
to costruct a cladogram. This analysis was helpful to reduce
JSMC Bioinform, Genomics, Proteomics 4: 11

the number of promiscuous peptides because closely related
peptides have similar properties and a peptide from one group
can be selected as a representative of a respective group.

Hydrophobicity attribute: The promiscuous peptides were
further subjected to check the Hydrophobicity attribute because
hydrophobicity index is a measurent of the relative hydrophobicity,
or how soluble an amino acid in water. Hydrophobic attribute
of promiscuous peptides were calculated by using Peptide
property calculator software [38]. Promiscuous peptides with
hydrophobicity ˃50% are accurately soluble in aquous solution
and hydrophobicity ˂50% are partialy or insoluble in aquous
phase. Promiscuous peptides with hydrophobicity ˃50% were
selected for Protein homology modeling.
Interferon-gamma and interleukin-4 inducing MHC classII binders: The promiscuous peptides selected on the basis
of above mentioned criteria’s were finally subjected to check
whether these selected promiscuous peptides were IFN-γ and
IL-4 inducer or non-inducer. IFN epitope and IL-4 pred are in
silico tools which were utilized to identify MHC class-II binders
that can activate IFN-γ and IL-4 inducing T-helper cells [39. The
promiscuous peptides found IFN-γ and IL-4inducing can be
further verified by structure based in silico analysis. These tools
mainly work on two approaches i.e. Motif based approach which
works on software MERCI [40] and second is Machine learning
approach which works on Support Vector Machine [41]
Homology modeling of epitopes: The 3D models of
promiscuous peptides (epitopes) were required to find out their
prominent interaction with HLA alleles. All the promiscuous
peptides were modelled using UCSF Chimera Program [42]. UCSF
Chimera is a highly extensible program for interactive visualization
and analysis of molecular structures and related data, including
density maps, supra molecular assemblies, sequence alignments,
docking results, trajectories, and conformational ensembles.
Primary protein sequence utilized for Peptide Modelling. 3D
Models of primary sequence of peptide were generated and
all parameters like Φ and Ψ angles were kept as default value.
Finally all the Peptide models were minimized by using Amber
field with 100 gradient steps.

Protein sequence retrieval for HLA-Alleles: The
predominantly and frequently present HLA-Alleles were
selected for structure prediction. Amino acid sequences of target
proteins from these alleles were retrieved from NCBI Gen bank
database (http://www.ncbi.nlm) with accession number P04229
(HLADRB1-1), P01912 (HLA-DRB1-03), Q5Y7A7 (HLADRB1-13),
Q30167 (HLA-DRB1-10), P13761 (HLA-DRB1-07), Q9GIY3
(HLADRB1-14), P20039 (HLADRB1-11), P01911 (DRB1-15).

Homology modelling of HLA-Alleles

Alignment with template sequence: The first step towards
homology modelling was selection of template. For that Blast P
was performed with query sequence against PDB Database and
the protein with highest similarity for selected HLA molecules
were used as template for modelling.
Model generation: For the generation of 3D models of HLAAlleles the query and template sequences were used as input in
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Modler 9v7 Program [43]. Modeller is a program which is based
on comparative modelling by satisfaction of the spatial restraints.
By using query and template as input 5 models were generated
and model with highest score was selected as final structure [43].
Further accuracy of each model was refined and validated with
different available tools.
Model optimization and evaluation: Model optimization
and evaluation was required because Modelled structure
sometimes contains different kinds of errors like bond lengths,
bond angles and torsion angles. Therefore, it was essential to
minimize the structure constructed by Modeller [44]. Energy
minimization was done by using UCSF Chimera 1.8.1 [42] through
AMBER and energy minimization should be kept to minimum,
so that structure should not be affected. From these models, the
most acceptable model was finalized with best fit according to
Ramachandran plot generated by PDBSUM program (Laskowski,
1998) and also validated by PROCHECK program. The stereochemical excellence modelled structure was analysed by Z-scores
[45,46] and ERRAT analysis [47]. Finally super imposition of
template and query sequence was done by using matchmaking
in UCSF Chimera Program. After that Modelled beta chain was
united with conserved alpha chain of template in chimera with
the help of match maker to complete the structure of class-II
alleles.

Docking interaction of Modelled structure of HLA-alleles
with epitopes: Docking interaction of 3D Models of promiscuous
peptides and HLA-alleles was studied by using AutoDock1.4.6
software. In AutoDock, file was prepared by adding polar
hydrogens and partial charges, and defining rotatable bonds.
Modelled protein was also prepared by adding polar hydrogens
and merging nonpolar hydrogens. Kollman charge and atom type
parameter were added. Grid map were set around active site and
also to required surrounding surface. Lamarckian genetic search
algorithm was employed and docking run was set at 250 runs.
Maximum number of energy evaluation was 25,0000 per run and
maximum number of generation in genetic algorithm was set at
27,000 [44].

P10 diverge from internode and fall in outgroup in 1st cluster,
whereas P9, P11, P12 share a common sub branch and have close
similarity with each other. The peptide P4, P5, P6 and P7 share a
common branch and sub branch and have close relatedness with
each other. The peptide P1 fall in an outgroup and P2, P3 and P8
share common branch and sub branch. The promiscuous peptide
showing close relatedness with each other among these one can
be selected as a representative of group. These promiscuous
peptides were further subjected to check hydrophobicity index,
for selection of promiscuous peptides for 3D homology modeling
(Figure 1).

Hydriphobicity attribute: On the basis of hydrophobicity
index promiscuous peptides P1, P2, P3, P8 comprise <50%
hydrophobicity (Table 1) and considered as good promiscuous
peptides for synthesis, on the basis of phylogenetic relatedness
and hydrophobic attribute of promiscuous peptides P1, P2, P3
and P8 were selected for molecular docking analysis with HLAalleles.

Interferon gamma and interleukin-4inducing epitopes:
The promiscuous peptides selected on the basis of above
mentioned criteria’s were finally subjected to check whether
these selected promiscuous peptides were IFN-γ and IL-4 inducer
or non-inducer. Promiscuous peptides P8, P9, P10, P11 and P12
showed positive IFN-γ inducer. While promiscuous peptides P1,
P2, P3, P6, P9, P10, P11 and P12 showed positive IL-4 inducer
(Table 1). On the basis of all selection criteria’s promiscuous
peptides P1, P2, P3 and P9 were selected for 3D homology
modelling and finally verified by docking pattern analysis.
Protein homology modelling of promiscuous peptides:
The 3D structures for P1, P2, P3 and P9 promiscuous peptides
(Figure 2-5) for promoter region of Pfs-25 antigen were
constructed by using Chimera 1.8.1 software and minimized by

Results

Epitopic prediction from antigenic protein
Epitopes are mostly derived from no self-protein antigen that
interacts with antibodies or T-cell receptors and further activate
the immune system [48]. Protein sequence from promoter region
of Pfs-25 antigen of P. falciparum was utilized to predict T-cell
epitope binders with HLA class-I and class-II alleles by using
in silico approach. A total of 309 and 303 T-cell epitopes were
predicted on the basis of binding affinities between the putative
epitope regions and HLA-alleles. On the basis of IC-50 value, out
of 303 epitopes only 12 were found as 100% binders for HLA
class-II alleles. There was not found any Promiscuous peptide for
HLA class-I allele because predicted peptides were not fulfilling
the criteria of 100% binding affinity.

Selection of promiscuous peptides for 3D Homology
modelling

Clustre analysis: All the promiscuous peptides of Pfs-25
antigen were grouped into three major clusters. The peptide
JSMC Bioinform, Genomics, Proteomics 4: 11

Figure 1 Cladogram tree of 100% binder promiscuous peptides of
Pfs-25 antigen.
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these templates shown highest similarity with respective HLAalleles and X-ray crystallographic structure of these templates is
available on RCBS database.

Verification of HLA class-II structure: By using above
mentioned specific template for specific HLA-allele, five
models were generated by using Modeller9V7 program. After
optimization and energy minimization process, among five 3D
models best model was selected on the basis of Modeller score.
Optimization and energy minimization of 3D-models was done to
provide maximum stability to the protein structure. The accuracy
of structure was checked by Ramachandran plot drawn through
Rampage program. Ramachandran plot analysis showed that

Figure 2 3D structure of promiscuous peptide (P1)
(CNDSYKLRRNKSFKV).

Figure 4 3D structure of promiscuous peptide (TPILREKSIIKYIYI).

Figure 3 3D structure of promiscuous peptide (P2)
(IYIYIYVCISHRAYK).

using 100 gradient steps. Energy minimization was performed to
stabilize 3D structure.

Homology modelling of HLA-alleles

Template identification: Large number of sequences shown
similarity with HLA Class-II alleles, but sequence with highest
similarity was selected as template. Hence 1A6A was selected as
a template for HLA DRB*0301, HLA DRB*1301, HLA DRB*1401
and 1ADQ, 2SEB, 1YMM, 1AQD for HLADRB*0701, HLA
DRB*1101, HLA DRB*1501, HLA DRB*1001 respectively because
JSMC Bioinform, Genomics, Proteomics 4: 11

Figure 5 3D structure of promiscuous peptide (P3) peptide (P9)
(FLCFLQFIHFFRYLF).
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Table 1: Hydrophobicity Index, interferon-gamma and IL4 inducing MHCclass-II binders promiscuous peptidesfrom promoter region of Pfs-25
antigen.
S.No.
Promiscuous peptides
Hydrophobicity
IFNepitope
IL4pred
1.
P1 (CNDSYKLRRNKSFKV)
20%
Negative
Positive
2.
P2 (IYIYIYVCISHRAYK)
40%
Negative
Positive
3.
P3 (YIYIYVCISHRAYKC)
33.33%
Negative
Positive
4.
P4 (IIFIILYIQGIKKFF)
73.33%
Negative
Negative
5.
P5 (IFIILYIQGIKKFFF)
66.67%
Negative
Negative
6.
P6 (VNLNIIMSFLTSIIF)
66.67%
Negative
Positive
7.
P7 (NLNIIMSFLTSIIFI)
66.67%
Negative
Negative
8.
P8 (TPILREKSIIKYIYI)
46.67%
Positive
Negative
9.
P9 (FLCFLQFIHFFRYLF)
66.67%
Positive
Positive
10.
P10 (LCFLQFIHFFRYLFF)
66.67%
Positive
Positive
11.
P11 (CFLQFIHFFRYLFFF)
66.67%
Positive
Positive
12.
P12 (FLQFIHFFRYLFFFF)
73.33%
Positive
Positive

Figure 6 3D structure of HLA DRB*0301 in superimposition with template 1A6A (A) Ramachandran plot of HLA DRB*0301 (B)

Figure 7 3D structure of HLA DRB*1301 in superimposition with template 1A6A (A) Ramachandran plot of HLA DRB*1301(B).
JSMC Bioinform, Genomics, Proteomics 4: 11
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Figure 8 3D structure of HLA DRB*1401 in superimposition with template 1A6A (A) Ramachandran plot of HLA DRB*1401(B)

Figure 9 3D structure of HLA DRB*0701 in superimposition with template 1A6A (A) Ramachandran plot of HLA DRB*0701(B)

Figure 10 3D structure of HLA DRB*1101 in superimposition with template 2SEB (A) Ramachandran plot of HLA DRB*1101(B)
JSMC Bioinform, Genomics, Proteomics 4: 11
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88% of total residues felt in favoured region and 10.9% in allowed
region, 2 residues (0.6%) i.e. GLU and GLY lies in outlier region for
HLA DRB*0301, HLA DRB*1301, HLA DRB*1401(Figure 6,7,8).
For HLA DRB*0701 and HLA DRB*1101, 93.7% of total residues
felt in favoured region and 5.4% in allowed region, 3 residues
(0.8%) i.e. VAL, GLU and ARG lies in outlier region(Figure 9,10).
For HLA DRB*1501, 85.9% of total residues felt in favoured region
and 11.0% in allowed region, 11 residues (3.1%) i.e. GLY, ARG,
THR, PHE, ASP, GLN, LEU, VAL, PRO and PRO lies in outlier region
(Figure 11). For HLA DRB*1001, 98.9% of total residues felt in
favoured region and 1.1% in allowed region, there is no amino
acid that lies in outlier region (0%) (Figure 12). This stipulates
that phi (φ) and psi (ψ) occupied reasonably accurate positions
in the selected 3D-models for all the HLA-alleles.

Z score value: The predicted 3D models of HLA DRB*0301,
HLA DRB*1301, HLA DRB*1401, HLA DRB*0701, HLA
DRB*1101, HLA DRB*1501, HLA DRB*1001 were also compared
against protein database (PDB) using DaliLite V.3 server [49]
and illustrated Z score value 20, 23.5, 20.0, 21.7 and 19.4
respectively. The quality of structures was also evaluated by
ERRAT analysis and according to that the structures having value
˃ 50 were considered as good. In the current study as shown in
the Figure 13 ERRAT scores for modelled HLADRB*0301(Figure
12A), HLADRB*0701(Figure 12B), HLADRB*1301(Figure 12C),
DRB*1101(Figure 12D), DRB*1501(Figure 12E) were 88.18,
56.74, 67.41, 70.86 and 68.31 respectively. So the model quality
is significant and acceptable.
Binding pattern annalysis of promiscuous peptides with

Figure 11 3D structure of HLA DRB*1501 in superimposition with template 1YMM (A) Ramachandran plot of HLA DRB*1501 (B)

Figure 12 3D structure of HLA DRB*1001 in superimposition with template 1AQD (A) Ramachandran plot of HLA DRB*1001(B)
JSMC Bioinform, Genomics, Proteomics 4: 11

7/11

Figure 13 Errat analysis plot for HLADRB*0301(A), HLADRB*0701(B), HLADRB*1301(C),DRB*1101(D), DRB*1501(E).

Figure 14 Promiscuous peptide (P2) docked in binding cleft of HLA DRB*0301 allele (A) Binding interaction of promiscuous peptide (P2) with
HLA DRB*0301 allele (B).
JSMC Bioinform, Genomics, Proteomics 4: 11
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Figure 15 (A) Binding interaction of chain-A (HLA DRB*0301) with chain-C (promiscuous peptide P2), (B) Binding interaction of chain-B (HLA
DRB*0301) with chain-C (promiscuous peptide P2)by using LIGPLOT server.

HLA-alleles: For promoter region of Pfs-25 antigen, the best
docked confirmation of epitope “IYIYIYVCISHRAYK” (P2) in the
active site of HLA DRB*0301 allele was found with estimated free
binding energy of -2.45Kcal/mol at temperature 298.15K.Binding
pattern of epitope “IYIYIYVCISHRAYK” (P2) with HLA DRB*0301
allele shown in Figure 14 A,B. The best docked confirmation was
checked for interaction by LIGPLOT server. LIGPLOT counts the
numbers of both hydrogen bond and non-bonded contacts. The
number of non-bonded contacts in the native HLA DRB*0301 and
“IYIYIYVCISHRAYK” (P2) complexes are much higher than the
hydrogen-bonded contacts, the number of non-bonded contacts
are 89 whereas there was 4 hydrogen bond between complex of
chain A of receptor and chain C of “IYIYIYVCISHRAYK” (P2) (Figure
14A), 18 non-bonded contacts and 0 hydrogen bonds in complex
of chain B of receptor and chain C of epitope “IYIYIYVCISHRAYK”
(P2) (Figure 15A,B,).
JSMC Bioinform, Genomics, Proteomics 4: 11

Discussion

The genetic polymorphism in vaccine candidate antigens and
HLA Alleles is the major hurdle in the path of vaccine development
against malaria. The identification and use of promiscuous
peptides can be potentially employed as vaccine candidate
antigen. With the accelerating use of In silico tools, the immune
dominant areas in the protein sequence with potential binding
sites for B and T cells can be analyzed, which in turn leads to the
development of an effective vaccine against malaria. Structure
based analysis is also a rapid and accurate method. Molecular
docking is a key structure-based method of immune informatics
and has proved to be a rapid and accurate method for evaluating
peptide binding to MHCs [50]. In the present study we have
employed a combination of In silico analysis and structure based
study of HLA specific peptide binding. By employing different
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in silico tools 12 promiscuous peptides were found as 100%
binder for HLA Class-II, Similarly in our previous publication
by Khan et al., 2017. Doolan et al., 2000 also identified peptides
from CSP, SSP2, LSA-1 and EXP-1 antigens of P. falciparum. These
selected peptides were further subjected to cluster analysis,
hydrophobicity attribute, IL-4 and IFNᵧ inducer for the selection
of specific HLA-DR motifs for Pfs-25 antigen. Finally promiscuous
peptides P1, P2, P3 and P9 were selected for structure based
analysis. Interaction of HLA alleles with antigenic peptides lead to
T-Cell mediated immune response. Three dimensional structures
of HLA alleles and promiscuous peptides are required to study
the binding pattern analysis. Predominantly present DRB1 alleles
and promiscuous peptides were modeled by using Modler9v7 and
Chimera 1.8.1 program respectively. Ramachandran plot analysis
for HLA models was performed and were also validated using
Z-score and ERRAT analysis, Z score represents the overall model
quality and check whether the input structure is found within
the range of scores. ERRAT analysis showed that whether the
structures were significant or not. Similar study was also reported
by [16]. These structures will be further helpful to study binding
pattern analysis of promiscuous peptide with HLA alleles by
using Autodock program. The Promiscuous peptide P2 predicted
to be most promising was docked with HLA allele. The criteria of
choosing most promising peptide were based on all criteria used.
Similar to the present study docking interaction of promiscuous
peptides from PFEMP-1 with different HLA alleles was previously
reported in our study Khan et al., 2017. Similarly docking was
also performed by [51] to study interaction of E.granulosus with
HLA alleles. The present study was also able to know about the
interactions of promiscuous peptides with HLA alleles. These
were, (a) the interaction of chain A of HLA with chain C of P2 (),
there were presence of three hydrogen bonds in between Leu 15
and Ser 53, Phe2 and Arg76, Glu57 and Asn10, (b) the interaction
of Chain B of HLA with chain C of peptide, there were presence of
non-bonded contacts between different residues of peptide and
HLA alleles. These structures will further helpful to understand
the molecular interactions between the antigenic promiscuous
peptides and different HLA alleles. We have predicted structures
of some frequently present HLA alleles by using computational
methods. Homology modeling is one of the extensively used
methods for constructing a reliable 3D structure of HLA alleles
and promiscuous peptides. The docking interaction of HLA alleles
with potential vaccine candidate antigen reveals that, if further
study will carry out then this vaccine candidate antigen can be
used further for development of vaccine against malaria.

attribute and IFN- and IL-4 inducer only P1, P2, P3 and P9 were
selected for structure based analysis. Promiscuous peptide P2
exhibit minimum binding energy with HLA DRB*0301 HLA classII allele. This promiscuous peptide is good binder for HLA classII receptor and can be a key factor for development of a vaccine
against malaria. Epitope prediction and binding analysis would
be a beneficial tool for designing of a structure based drugs.

Peptide based vaccine for P. falciparum is based on prediction
of antigenic epitopes which can activate immune system and
can protect the host from malaria infection. In the present study
protein sequence of promoter region of Pfs-25 antigen was
screened by using in silico tools for prediction of immunogenic HLA
class-I and HLA class-II cytotoxic T cell (CTL) epitopes. Structure
based approach was also applied to study the interaction of
predicted epitopes with HLA alleles by using docking. Out of 303
peptides only 12 promiscuous peptides were obtained as 100%
binder. Further on the basis of cluster analysis, hydrophobicity

13. Gowthaman U, Agrewala JN. In Silico Tools for Predicting Peptides
Binding to HLA-Class II Molecules: More Confusion than Conclusion.
J Proteome Res. 2008; 7: 154-163.

Conclusion

JSMC Bioinform, Genomics, Proteomics 4: 11

References

1. World Health Organization. World Malaria Report, “Geneva. WHO.
2016.

2. Ferreira M, da Silva NM, Wunderich G. Antigenic diversity and immune
evasion by malaria parasites. Clin Diagn Lab Immunol. 2004; 11: 987995.

3. Takala SL, PloweCV. Genetic diversity and malaria vaccine design,
testing, and efficacy: Preventing and overcoming vaccine resistant
malaria. Parasite Immunol. 2009; 31: 560-573.
4. Farooq U, Dubey ML, Malla N, Mahajan RC. Plasmodium falciparum:
polymorphism in msp-1 gene of isolates from India and predominance
of certain alleles in cerebral malaria. Exp Parasitol. 2006; 112: 139143.

5. Farooq U, Malla N & Dubey ML. Genetic polymorphism in msp-2, ama1 and csp genes in Plasmodium falciparum field isolates from north
and north-western India. J Vector Borne Dis. 2009; 46: 109-116.
6.

Farooq U, Dubey ML, Shrivastava SK, Mahajan RC. Genetic
polymorphism in Plasmodium falciparum: Differentiation of parasite
isolates of high & low virulence by RAPD. Indian J Med Res. 2012;
136:292-295.

7. Gardner MJ, Hall N, Fung E, White O, Berriman M, Hyman RW, et
al. Genome sequence of the human malaria parasite Plasmodium
falciparum. Nature. 2002; 419: 498-511.
8. Carter R, Graves PM, Keister DB, Quakyi IA. Properties of epitopes of
Pfs 48/45, a target of transmission blocking monoclonal antibodies,
on gametes of different isolates of Plasmodium falciparum. Parasite
Immunol. 1990; 12: 587-603.

9. Barr PJ, Green KM, Gibson HL, Bathurst IC, Quakyi IA, Kaslow DC.
Recombinant Pfs25 protein of Plasmodium falciparum elicitsmalaria
transmission-blocking immunity in experimental animals. J Exp Med.
1991; 174: 1203-1208.
10. Duffy PE, Pimenta P, Kaslow DC. Pfs28 belongs to a family of epidermal
growth factor-like antigens that are targets of malaria transmissionblocking antibodies. J Exp Med. 1993; 177:505-510.

11. Kaslow DC. Transmission-blocking vaccines. Chem Immunol. 2002;
80: 287-307.
12. Sharma B. Structure and mechanism of a transmission blocking
vaccine candidate protein Pfs25 from P. falciparum: a molecular
modelling and docking study. In Silico Biol. 2008; 8: 193-206.

14. Doolan DL, Apte SH, Proietti C. Genome-based vaccine design: the
promise for malaria and other infectious diseases. Int J Parasitol. 2014;
44: 901-913.
15. Nazam K, Rajender K, Farooq U, Shakti C. An immunoinformatics
approach to promiscuous peptide design for the Plasmodium
falciparum erythrocyte membrane protein-1. Molecular Biosyst.
2017; 13: 2160-2167.

10/11

16. Kashyap M, Farooq U, Jaiswal V. Homology modelling of frequent HLA
class-II alleles: A perspective to improve prediction of HLA binding
peptide and understand the HLA associated disease susceptibility.
Infect Genet Evol. 2016; 44: 234-244.
17. De Groot AS, Sbai H, Saint AC, McMurry J, Martin W. Immunoinformatics: mining genomes for vaccine components. Immunol Cell
Biol. 2002; 80: 255-269.

18. Sobolev BN, Poroĭkov VV, Olenina LV, Kolesanova EF, Archakov AI.
Computer-assisted vaccine design. Biomedits͡ inskaia͡ khimiia͡. 2003;
49: 309-332.

19. Zagursky RJ, Olmsted SB, Russell DP, Wooters JL. Bioinformatics: how
it is being used to identify bacterial vaccine candidates. Expert Rev
Vaccines. 2003; 2: 417-436.

20. Vivona S, Gardy JL, Ramachandran S, Brinkman FSL, Raghava GPS,
Flower DR, et al. Computer-aided biotechnology: from immunoinformatics to reverse vaccinology. Trends in Biotechnology. 2008; 26:
190-200.

21. Gowthaman U, Agrewala JN. In silico methods for predicting T-cell
epitopes: Dr Jekyll or Mr Hyde? Expert Rev Proteomics. 2009; 6: 527537.
22. Prakash N, Patel S, Faldu NJ, Ranjan R, Sudheer DVN. Molecular
Docking Studies of Antimalarial Drugs for Malaria. J Computational Sci
Syst Biol. 2010; 3: 070-073.
23. Agrawal S, Batnagar S, Bhardwaj U, Khan F, Sharma A, Talwar S, Naik S.
Distribution of HLA class II antigens in three north Indian populations.
Inter J Human Genetics. 2001; 1: 283-291.
24. Middleton D, Menchaca L, Rood H, Komerofsky R. New allele frequency
database. Tissue Antigens. 2003; 61: 403-407.

25. Kankonkar SR, Shankarkumar U. HLA DRBI Gene study in different
population groups from Mumbai, Maharashtra, India. Inter J Human
Genetics. 2005; 5: 267.

26. Agrawal S, Srivastava SK, Borkar M, Chaudhuri TK. Genetic affinities
of north and northeastern populations. Tissue Antigens. 2008; 1: 283291.
27. Vita R, Overton JA, Greenbaum JA, Ponomarenko J. The immune
epitope database (IEDB) 3.0. Nucleic Acids Res. 2014; 43: 405-412.

28. Nielsen M and Andreatta M, NetMHCpan-3.0; improved prediction
of binding to MHC class I molecules integrating information from
multiple receptor and peptide length datasets. Genome Med. 2016; 8:
33.
29. Nielsen M, Lundegaard C, Worning P, Lauemoller SL. Reliable
prediction of T-cell epitopes using neural networks with novel
sequence representations. Protein Sci. 2003; 12: 1007-1017.

30. Nielsen M, Lundegaard C, Blicher T, Peters B, Alessandro Sette, Sune
Justesen, et al. Quantitative Predictions of Peptide Binding to Any HLADR Molecule of Known Sequence: NetMHCIIpan. PLoS Comput Biol.
2008; 4: 1000-1007.
31. Nielsen M, O. Lund. NN-align. An artificial neural network-based
alignment algorithm for MHC class II peptide binding prediction. BMC
Bioinf. 2009; 10: 296.
32. Nielsen M, Lundegaard C, Lund O. Prediction of MHC class II binding
affinity using SMM-align, a novel stabilization matrix alignment
method. BMC Bioinformatics. 2007; 8: 238.

JSMC Bioinform, Genomics, Proteomics 4: 11

33. Bui HH, Sidney J, Peters B, Sathiamurthy M. Automated generation
and evaluation of specific MHC binding predictive tools: ARB matrix
applications. Immunogenetics. 2005; 57: 304-314.
34. Nielsen M, Lundegaard P, Worning C, Hvid S, Lamberth K.
Bioinformatics. 2004; 20: 1388-1397.

35. Topalian SL, Gonzales MI, Parkhurst M, Li YF, Southwood S, Sette A,
et al. Melanoma-specific CD4+ T cells recognize nonmutated HLA-DRrestricted tyrosinase epitopes. J Exp Med. 1996; 183: 1965-1971.
36. Wang P, Sidney J, Dow C, Mothe B, Sette A, Peters B. A systematic
assessment of MHC class II peptide binding predictions and evaluation
of a consensus approach. PLoS Comput Biol. 2008; 4: e1000048.

37. Gouy M, Guindon S, Gascuel O. SeaView Version 4: A Multiplatform
Graphical User Interface for Sequence Alignment and Phylogenetic
Tree Building. Mol Biol Evol. 2010; 27: 221-224.
38. Kyte J, Doolittle RF. A Simple Method for Displaying the Hydropathic
Character of a Protein. J Mol Biol. 1982; 157: 105-132.
39. Dhanda SK, Vir P, Raghava GPS. Designing of interferon-gamma
inducing MHC class-II binders. Biology Direct. 2013; 8: 1-15.

40. Vens C, Rosso MN, Danchin EGJ. Identifying discriminative classification
based motifs in biological sequences. Bioinformatics. 2011; 27: 12311238.

41. Joachims T. Making Large Scale SVM Learning Practical. University
Society for Biomaterials. 1998; 475: 13.
42. Pettersen EF, Goddard TD, Huang CC, Couch GS, Greenblatt DM, Meng
EC, et al. UCSF Chimera visualization system for exploratory research
and analysis. J Comput Chem. 2004; 25: 1605-1612.
43. Sali A, Blundell TL. Comparative protein modelling by satisfaction of
spatial restraints. J Mol Biol. 1993; 234: 779-815.

44. Kumar R, Kumar S, Sangwan S, Yadav IS, Yadav R. Protein modeling
and active site binding mode interactions of myrosinase–sinigrin in
Brassica juncea-An in silico approach. J Mol Graph Model. 2011; 29:
740-746.
45. Sippl MJ. Recognition of errors in three-dimensional structures of
Proteins. Proteins. 1993; 17: 355-362.

46. Wiederstein MJ, Sippl. ProSA-web: interactive web service for the
recognition of errors in three-dimensional structures of proteins.
Nucleic Acids Res. 2007; 35: 407-410.

47. Colovos Altuvia Y, Schueler O, Margalit H. Ranking potential binding
peptides to MHC molecules by a computational threading approach. J
Mol Biol. 1995; 249: 244-250.

48. Huynh-Hoa B, John S, Wei Li, Nicolas F, Alessandro S. Development of
an epitope conservancy analysis tool to facilitate the design of epitopebased diagnostics and vaccines. BMC Bioinformatics. 2007; 8: 361.
49. Holm L, Kääriäinen S, Rosenström P, Schenkel A. Searching protein
structure databases with DaliLite v.3. Bioinformatics. 2008; 23-24:
2780-2781.
50. Dhanda SK, Gupta S, Vir, P, Raghava GPS. Clinical Development.
Immunology. 2013; 2013:1-9.

51. Varun C, Umar F. Identification of t cell and b cell epitopes derived
from eg95 antigen of echinococcus granulosus using in silico approach
for therapeutic vaccine development. Indo Am J Pharm. 2016; 6: 03.

11/11

