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Abstract
Virus assembly, budding, or surface proteins play important roles such as viral attachment to cells, fusion, and entry into 
cells. The present study aimed to identify potential antigenic proteins and epitopes that could be used to develop a vaccine 
or diagnostic assay against the Monkeypox virus (MPXV) which may cause a potential epidemic. To do this, 39 MPXV 
proteins (including assembly, budding, and surface proteins) were analyzed using an in silico approach. Of these 39 proteins, 
the F5L virus protein was found to be the best vaccine candidate due to its signal peptide properties, negative GRAVY value, 
low transmembrane helix content, moderate aliphatic index, large molecular weight, long-estimated half-life, beta wrap 
motifs, and being stable, soluble, and containing non-allergic features. Moreover, the F5L protein exhibited alpha-helical 
secondary structures, making it a potential “structural antigen” recognized by antibodies. The other viral protein candidates 
were A9 and A43, but A9 lacked beta wrap motifs, while A43 had a positive GRAVY value and was insoluble. These two 
proteins were not as suitable candidates as the F5L protein. The KRVNISLTCL epitope from the F5L protein demonstrated 
the highest antigen score (2.4684) for MHC-I, while the GRFGYVPYVGYKCI epitope from the A9 protein exhibited the 
highest antigenicity (1.754) for MHC-II. Both epitopes met the criteria for high antigenicity, non-toxicity, solubility, non-
allergenicity, and the presence of cleavage sites. Molecular docking and dynamics (MD) simulations further validated their 
potential, revealing stable and energetically favorable interactions with MHC molecules. The immunogenicity assessment 
showed that GRFGYVPYVGYKCI could strongly induce immune responses through both IFN-γ and IL-4 pathways, suggest-
ing its capacity to provoke a balanced Th1 and Th2 response. In contrast, KRVNISLTCL exhibited limited immunostimula-
tory potential. Overall, these findings lay the groundwork for future vaccine development, indicating that F5L, particularly 
the GRFGYVPYVGYKCI epitope, may serve as an effective candidate for peptide-based vaccine design against MPXV.

Keywords  Monkeypox virus (MPXV) · Peptide-based vaccine candidates · Monkeypox virus proteins · Bioinformatics 
analyses

Introduction

Monkeypox virus (MPXV), a zoonotic orthopoxvirus, was 
first identified in laboratory monkeys in 1958 and in humans 
in 1970 in the Democratic Republic of Congo (DRC) [1]. 
Unlike SARS-CoV-2, MPXV had been known to cause spo-
radic outbreaks in Central and West Africa for decades, but 
it gained global attention in 2022 due to a rapid increase in 
cases outside endemic regions (European Centre for Disease 
Prevention and Control:ECDC) [2, 3]. By 2022, MPXV had 
two well-defined clades: the West African (WA) and Central 
African/Congo Basin (CA) clades [1, 3]. The WA clade, 
which is associated with lower mortality, was responsible for 
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the global spread, while the CA clade, endemic to Central 
Africa, is known for higher virulence and mortality rates 
[4, 5]. The 2022 outbreak highlighted MPXV’s capacity for 
human-to-human transmission, particularly through close 
physical contact, leading to widespread infection across 
previously unaffected countries. By October 25, 2022, 
75,885 confirmed cases had been reported globally, includ-
ing 74,994 cases from 101 non-endemic countries (World 
Health Organization (WHO, ECDC). This marked a sig-
nificant shift from the historical pattern, where cases were 
mostly confined to African regions [5]. As of 2024, MPXV 
cases have reached more than 90 countries, with the virus 
showing a continued ability to infect through contact with 
infected individuals or contaminated materials (ECDC) [6]. 
The World Health Organization has urged for continued vigi-
lance and monitoring of the virus (WHO).

MPXV is a double-stranded DNA virus with a genome 
size of approximately 197 kb, encoding around 190 pro-
teins. These proteins play critical roles in viral replication, 
immune evasion, and host cell interaction, making them 
essential targets for research, especially in the development 
of vaccines and antiviral therapies [4]. As the global out-
break continues, understanding which clade is circulating 
is crucial for tailoring vaccine strategies, as vaccines must 
target the most prevalent strains to be effective. Research 
into the 39 core proteins of MPXV, especially in the context 
of the currently circulating WA clade, remains a priority 
for developing effective interventions [1, 4, 6]. The proteins 
we mentioned play crucial roles in the monkeypox virus’s 
life cycle, particularly in viral entry, fusion, and propagation 
processes (https://​viral​zone.​expasy.​org/​9959). For example, 
among these 39 key proteins, K2L, F13L, and A36 have 
been identified as vital for the virus’s assembly, budding, 
and surface interactions. These proteins are essential for 
viral replication and immune evasion, making them prime 
targets for vaccine development [6]. MPXV’s capacity for 
human-to-human transmission, particularly through close 
physical contact, leads to widespread infection across pre-
viously unaffected countries. The virus spends its life cycle 
in the cytoplasm of infected cells, and the incubation period 
is typically 6–13 days, though it can vary between 5–21 days 
[7–9]. It is reported that an increase in the number of deaths 
was observed, and 22 deaths were determined [10–12]. For 
persons infected by this virus, it is recommended to follow 
isolation and infection control procedures. Also, symptoms 
of people infected by this virus, including rash, fever, chills, 
headache, muscle aches, back pain, and fatigue that can pro-
gress to exhaustion, have been reported [13]. MPXV is at 
risk of being transmitted from various animal species (mon-
keys, squirrels, and mice) to humans by direct contact or by 
eating these animals [4, 14].

The basic idea for all types of vaccination is that they pro-
duce an effective immune response faster than the infecting 

virus. However, conventional vaccines are developed using 
a variety of biochemical assays and elicit antibodies in vac-
cinated individuals. These vaccines require costly, time-
consuming, and potentially allergenic in vitro cultures of 
harmful microbes, which can pose serious safety concerns 
[15–19]. In contrast, the reverse vaccinology (RV) approach 
plays an essential role in the development of vaccines by 
using computational (in silico, bioinformatics) analyses. 
This approach has several advantages, including screening 
pathogen genomes, shortening the time of candidate peptide 
discovery, and reducing the cost of the entire vaccine devel-
opment process [17, 20, 21]. A similar approach was applied 
for the development of a vaccine for COVID-19 by Can et al.

Before starting experiments in the laboratory, RV strat-
egy-based bioinformatics analyses provide preliminary 
results, such as the prediction of physicochemical properties, 
solubility, antigenicity, allergenicity, toxicity, as well as spe-
cific T and B cell epitopes of vaccine candidate proteins of a 
pathogen [2, 22–25]. Also, the selected peptides underwent 
further in silico analyses to assess their immunogenic poten-
tial [26, 27]. Adopting an RV-based approach, this study 
aims to examine 39 MPXV proteins and predict potential 
peptide candidates for vaccine development against this 
virus. In the first step, we predicted the physico-chemical 
parameters (including molecular weight, theoretical PI, total 
number of negatively charged residues (Asp + Glu), total 
number of positively charged residues (Arg + Lys), the esti-
mated half-life (hour), the instability index, aliphatic index, 
GRAVY score, secondary structure content, subcellular 
localization, transmembrane helices, antigenicity, and exist-
ence of signal peptides for these proteins. In the second step, 
we evaluated predicted epitopes derived from these proteins 
for their toxicity, hydrophobicity, allergenicity, solubility, 
antigenicity, and number of cleavage sites. Peptides with 
the best scores were selected for both molecular dynamics 
simulations and docking with receptors of MHC-I/II alleles.

In the first step, we predicted the physico-chemical 
parameters of the selected 39 MPXV proteins, including 
molecular weight, theoretical pI, the total number of neg-
atively charged residues (Asp + Glu), the total number of 
positively charged residues (Arg + Lys), estimated half-life, 
instability index, aliphatic index, GRAVY score, secondary 
structure content, subcellular localization, transmembrane 
helices, antigenicity, and the existence of signal peptides. 
In the second step, predicted epitopes derived from these 
proteins were evaluated for their toxicity, hydrophobicity, 
allergenicity, solubility, antigenicity, and number of cleavage 
sites. Peptides with the best scores were selected for molecu-
lar dynamics simulations (MDs) and docking with recep-
tors of MHC-I/II alleles. Following docking and molecular 
dynamics simulations, the selected peptides underwent fur-
ther in silico analyses to assess their immunogenic poten-
tial. The IFNepitope server predicted the peptides’ ability 

https://viralzone.expasy.org/9959)
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to induce interferon-gamma (IFN-γ) production.Next, the 
IL4Pred tool, employing a support vector machine (SVM) 
algorithm, assessed the potential for interleukin-4 (IL-4) 
induction, with results presented as SVM scores. Finally, 
the CTLpred server predicted cytotoxic T lymphocyte 
(CTL) epitopes using an artificial neural network (ANN) 
model. These analyses aimed to identify peptides with strong 
immunostimulatory properties for potential use in vaccine 
development.

Material—methods

Selecting viral proteins

Full genome or FASTA format of K2L (AAL40486.1), F5L 
(AAL40512), F9L (AAL40516), F13L (AAL40503.1), E8 
(AAL40563.1), E10R (AAL40565.1), I2L (AAL40521), 
I5L (AAL40524), G3 (AAL40530), G9 (AAL40536), 
L1 (AAL40543), L5 (AAL40547), J1 (AAL40459), H2 
(AAL40550), D8 (AAL40469), D13 (AAL40474), A9 
(AAL40577), A13 (AAL40581.1), A14 (AAL40582), 
A15 (AAL40583), A15.5, A16 (133aa: AAL40584.1), 
A16 (340aa), A16 (377aa), A36 (228aa: AAL40603.1), 
A36 (212aa), A17 (AAL40585), A21 (AAL40589), A26 
(AAL40594), A27 (AAL40595), A28 (AAL40596), A30 
(AAL40598), A33 (AAL40601), A34 (AAL40601), A38 
(AAL40606), A43 (AAL40611), A56 (AAL40621.1), 
and B5 (AAL40624) MPXV proteins in the full genome 
or FASTA format were obtained from GenBank (https://​
www.​genome.​jp/​dbget-​bin/​www_​bget?​genba​nk-​vrl:​AF380​
138) and NCBI Virus (National Center for Biotechnology 
Information) https://​www.​ncbi.​nlm.​nih.​gov/​labs/​virus/​
vssi/#/​virus?​SeqTy​pe_s=​Prote​in&​Virus​Linea​ge_​ss=​Monke​
ypox%​20vir​us,%​20tax​id:​10244​&​Compl​etene​ss_s=​compl​
ete&​Sourc​eDB_s=​GenBa​nk. These proteins were chosen 
because all selected proteins are either assembly, budding, 
or surface proteins of this virus (https://​viral​zone.​expasy.​org/​
9959). The full genomic sequences of all 39 viral proteins 
were aligned and edited by the MEGA (Molecular Evolu-
tionary Genetics Analysis) tool [28].

Prediction of physico‑chemical parameters 
and secondary structures

The 39 selected viral proteins were investigated by ExPASy 
ProtParam online server for the prediction of physico-chem-
ical parameters such as molecular weight, theoretical pI, the 
total number of negatively charged residues (Asp + Glu), the 
total number of positively charged residues (Arg + Lys), the 
estimated half-life (hour), the instability index, aliphatic 
index, GRAVY [29]. This analysis is essential to assess the 
protein’s stability, solubility, and potential immunogenicity 

for vaccine development [20–22]. The cutoff value for the 
instability index was set at 40, where proteins with values 
below 40 are considered stable. Additionally, the molecular 
weight units are provided in Daltons (Da) as per the standard 
output from the ExPASy ProtParam tool [29].

SolPro predicted solubility [30], as solubility is a key fac-
tor in determining the feasibility of protein expression and 
formulation in vaccine design [16, 20]. Garnier-Osguthorpe-
Robson IV (GOR IV) online server was used for second-
ary structures of viral proteins [31], which helps identify 
structural features crucial for selecting effective epitopes in 
vaccine candidates [16, 20, 22, 31].

Prediction of antigenicity, allergenicity and toxicity

The antigenicity of all 39 selected viral proteins and pre-
dicted epitopes was analyzed by the Vaxijen v2.0 online 
server using a threshold value of 0.4 [32]. This step is crucial 
as antigenicity prediction helps identify potential candidates 
that can elicit a strong immune response, a key factor in 
effective vaccine design [17, 20]. The allergenicity of the 
predicted epitopes was examined by Algpred, based on the 
similarity of the known epitope with any protein region [33]. 
This is important to ensure that the selected epitopes do not 
trigger allergic reactions in the host, enhancing the vaccine’s 
safety profile [24]. Additionally, the allergenicity potential of 
viral proteins and epitopes was predicted by the AllerCatPro 
2.0 web server [34], providing further validation to prevent 
allergenic responses. The toxicity of discovered peptides 
was predicted by ToxinPred [35], as identifying non-toxic 
peptides is vital to minimize adverse effects and ensure the 
overall safety of the vaccine candidates [24, 28].

Prediction of subcellular localisation and number 
of transmembrane helices

The subcellular localization of the viral proteins in infected 
host cells was predicted using Virus-mPLoc [36]. This pre-
diction is important as it provides insights into where the 
viral proteins are likely to interact within the host cells, 
aiding in the identification of potential targets for vaccine 
development [17, 20, 21, 24]. The number of transmembrane 
helices was predicted using the TMHMM Server v.2.0 [37], 
as the presence of transmembrane regions can influence 
the protein’s accessibility and immunogenicity, which are 
critical factors in the selection of suitable vaccine candidates 
[20, 24, 28].

Prediction of signal peptides in selected proteins

All selected monkeypox viral proteins were analyzed by 
the Signal-BLAST bioinformatic tool to predict signal 
peptides in the selected protein sequences [38]. Predicting 
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signal peptides is essential because they play a crucial role 
in directing proteins to their proper cellular locations, influ-
encing their interaction with the host’s immune system, and 
potentially enhancing the immunogenicity of the vaccine 
candidates [22].

Prediction of similarity with host proteome 
and prediction of BetaWrap motifs

The signal peptide for all proteins was predicted using 
BlastP (https://​blast.​ncbi.​nlm.​nih.​gov/​Blast.​cgi?​PAGE=​
Prote​ins) based on their similarity to the host proteome, 
with Homo sapiens selected as the host organism. Virus 
proteins that showed positive results in this analysis were 
excluded from further analysis.The prediction of BetaW-
rap motifs for the viral proteins was performed by BetaW-
rap online server [39]. BetaWrap motifs provide structural 
integrity and enhance the proper folding and presentation of 
epitopes to the immune system, making them important for 
effective antigen recognition. Proteins without these motifs 
may exhibit reduced stability, which could compromise 
their efficacy in eliciting a robust immune response [16, 40]. 
Therefore, only proteins containing BetaWrap motifs were 
selected for further analysis.

Prediction of B cell epitopes

Linear B cell epitopes for the viral proteins were predicted 
using Bcepred [41] and Bepipred Linear Epitope Predic-
tion 2.0 online servers running under IEDB (the Immune 
Epitope Database) [42]. These tools were employed because 
identifying linear B cell epitopes is crucial for understanding 
which protein regions are likely to be recognized by anti-
bodies. Selecting epitopes with scores greater than the 0.5 
threshold helps ensure that the identified epitopes have a 
high potential to stimulate an immune response, which is 
vital for designing effective vaccine candidates [17, 20, 21, 
24, 28].

Prediction of MHC‑I and MHC‑II epitopes

To predict MHC-I epitopes, we selected twelve commonly 
used MHC-I alleles: HLA-A-01.01, HLA-A-02.01, HLA-
A-03.01, HLA-A-24.02, HLA-A-26.01, HLA-B-07.02, 
HLA-B-08.01, HLA-B-27.05, HLA-B-39.01, HLA-B-40.01, 
HLA-B-58.01, and HLA-B-15.01. For MHC-II epitope pre-
diction, we selected seven different MHC-II alleles: DRB 1* 
03.01, DRB 1* 07.01, DRB 1* 15.01, DRB 3* 01.01, DRB 
3* 02.02, DRB 4* 01.01, and DRB 5* 01.01, which were 
obtained from https://​www.​ebi.​ac.​uk/​ipd/​mhc/ and tools.
iedb.org/population/ We used the IEDB online server (https://​
www.​iedb.​org/) for predicting the alleles [42]. Additionally, 
the selection of epitopes was based on their antigenicity and 

IC50 values. The antigenicity of each epitope was assessed 
using a defined threshold, where scores above 0.5 were consid-
ered indicative of probable antigens. Furthermore, IC50 values 
were utilized as a critical parameter to evaluate the binding 
affinity of each epitope, with values below 50 nM indicating 
strong binding. These criteria were employed to ensure that 
the selected epitopes possess a high potential to elicit an effec-
tive immune response, thus facilitating the development of a 
robust vaccine candidate [20, 21]. In selecting the 12 MHC-I 
and 7 MHC-II alleles, we considered both their prevalence and 
immunological relevance across diverse populations, ensuring 
broad population coverage [42]. Additionally, we prioritized 
alleles that are most effective in generating strong immune 
responses, making them ideal candidates for vaccine design 
[42–44]. This approach allowed us to focus on epitopes that 
are not only widely recognized but also capable of eliciting 
potent immune reactions, optimizing the immunogenic poten-
tial of the predicted epitopes [42–44]. Expanding the number 
of alleles beyond this selection would have increased compu-
tational demands without significantly enhancing the coverage 
or effectiveness of the immune response [42–45]. Thus, our 
selection balances population diversity with immunological 
efficiency, ensuring optimal peptide selection for the immune 
system.

Docking analysis with MHC‑I and II alleles

The HDOCK server (http://​hdock.​phys.​hust.​edu.​cn/) was 
used to dock each modeled epitope ligand to its specific 
MHC-I allele receptor, and the results were visualized using 
the UCSF Chimera 1.15 tool [46]. The MHC-I and MHC-
II receptor alleles specific to each epitope were retrieved 
from the Protein Data Bank for the docking analyses. The 
alleles and their respective PDB IDs are as follows: HLA-
A*0201 (PDB: 3UTQ), HLA-A*2402 (PDB: 3NFN), and 
HLA-B*4001 (PDB: 6IEX). These specific alleles were 
used to ensure accurate docking simulations, providing a 
detailed understanding of the interaction between the pre-
dicted epitopes and MHC molecules. Epitopes with high 
antigenicity value, low IC50 value, non-toxicity, non-
allergenicity, and high solubility were selected for docking. 
Similarly, each modeled epitope ligand was docked to its 
specific MHC-II allele receptor using the HDOCK server 
and visualized on UCSF Chimera 1.15 tool [46]. Addition-
ally, obtaining and imaging three-dimensional structures of 
peptides was also done with UCSF Chimera 1.15 tool [46].

Molecular dynamics simulation analysis of predicted 
epitope with MHC‑I and II alleles

In this study, molecular dynamics simulations were con-
ducted utilizing GROMACS software (http://​www.​mdtut​
orials.​com/​gmx/​compl​ex/​index.​html), with the AMBER 
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ff14SB force field applied for precise energy calculations 
and system interactions [47, 48]. The protein-peptide com-
plexes were solvated in an SPC (Simple Point Charge) 
water model within a triclinic box, ensuring ample space 
for molecular movement and minimizing boundary effects. 
The system was neutralized using NaCl, resulting in a 
physiological salt concentration of 0.15 Molar to explore 
its impact on system stability [47, 48]. Energy minimiza-
tion was performed using the Steepest Descent method over 
5000 steps, ensuring that the system reached a local energy 
minimum and was adequately prepared for the subsequent 
simulation stages. Equilibration of the system was achieved 
through both NVT (constant Number of particles, Volume, 
and Temperature) and NPT (constant Number of particles, 
Pressure, and Temperature) ensembles, conducted at 300 K 
and 1.0 bar for 300 ps, to ensure a stable and physiologically 
relevant simulation environment [49, 50]. The molecular 
dynamics simulations were run for a total of 100 ns, employ-
ing the Leap frog integrator for numerical integration of the 
equations of motion, and a total of 5000 frames were saved 
throughout the simulation to provide a detailed and compre-
hensive representation of the system’s conformational space 
and dynamics [47–50].

In silico analysis of immune response effects 
of selected peptides following docking 
and molecular dynamics simulations

Selected peptides after both docking and MDs, were sub-
jected to in silico analyses to evaluate their immunogenic 
potential. The IFNepitope server was used to predict the 
ability of the peptides to induce interferon-gamma (IFN-γ) 
production, utilizing a cutoff score of 0.51 to classify pep-
tides as positive or negative IFN-γ inducers [26]. To assess 
interleukin-4 (IL-4) induction potential, the IL4Pred tool 
was employed, using a support vector machine (SVM) algo-
rithm, with results presented as SVM scores [27]. Finally, 
the cytotoxic T lymphocyte (CTL) epitope prediction was 
conducted using the CTLpred server, which uses an arti-
ficial neural network (ANN) model. Peptides with scores 
above the 0.51 cutoff were classified as CTL epitopes [26, 
27]. These analyses aimed to identify peptides with strong 
immunostimulatory properties for potential use in vaccine 
development [26–28].

Results

Predicted physico‑chemical parameters

The selected proteins had varying numbers of amino 
acids, ranging from 53 to 509, with A26 being the largest 
at ~ 59,179.08 Dalton molecular weight and A15.5 being 

the smallest at 6190.54 Dalton molecular weight (Table 1 
and Supplementary 1). The physico chemical parameters 
of vaccine candidates derived from these proteins are sum-
marized in the tables and the other peptides are summarized 
in the Supplementary materials (1–6). The full sequence of 
all selected proteins were analyzed, and their theoretical pI 
values were between 4.10 and 9.76. The estimated half-life 
for these proteins was more than 30 h in mammalian reticu-
locytes (in vitro), more than 20 h in yeast (in vivo), and more 
than 10 h in E. coli (in vivo) by using Expasy protparam. Out 
of the 39 selected proteins, according to the predicted insta-
bility index, the stable proteins were F13L, E8, I2L, I5L, 
G3, L1, J1, H2, D13, A9, A14, A15, A15.5, A16 (377 aa), 
A21, A27, A28, A30, A34, A38, A43, and A56 (Table 1 and 
Supplementary 1). The aliphatic index varied significantly 
among all proteins, ranging from 69.28 to 148.87. The grand 
average of hydropathicity (GRAVY) values was generally 
negative, with 17 of the 39 selected proteins having positive 
GRAVY values and the remaining 22 having negative val-
ues. A15.5 protein had the highest positive value of 1.496.

Predicted secondary structures

According to the results obtained from the selected proteins, 
the alpha helix content was found to be between ~ 0 and 
52.73%, the extended strand content was between ~ 13.16 
and 49.37%, and the random coil content was between 
~ 35.44 and 65.57%. A43 and A15.5 were predicted to have 
the lowest alpha helix content (score: 0) (Table 2 and Sup-
plementary 2).

Solubility, transmembrane helices, localization 
and antigenicity

Based on the solubility estimation of the 39 analyzed pro-
teins, F5L, E10R, L5, J1, H3, A9, A15.5, A16 (133 aa), 
A16 (340 aa), A21, A27, A28, and A30 were determined to 
be soluble, while the remaining proteins were found to be 
insoluble (Table 3 and Supplementary 3).

The number of transmembrane helices varied from 0 
to 5 among the selected proteins, with the highest num-
ber observed in the A38 protein. Upon examination of the 
subcellular localization estimates, it was predicted that 
the selected proteins were located in the host endoplasmic 
reticulum, host cell membrane, and host cytoplasm, with the 
majority being located in the host cytoplasm (Table 3 and 
Supplementary 3).

Antigenicity was assessed for the selected 39 proteins, 
and their values were predicted to be between 0.4044 and 
0.9010. A30 had the highest antigenicity value with a score 
of 0.9010, while A36 (228 aa) had the lowest score of 0.4044 
(Table 3). Non-antigenic proteins are listed in Table 3 along 
with their predicted scores (Table 3 and Supplementary 3).
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Signal peptide

K2L, F5L, A9, A43, A56, and B5 proteins were all predicted 
to have four different parameters: Sensitivity, Specificity, 
Balanced prediction, and Cleavage Site. G3, J1, L5, H2, H3, 
D13, A13, A14, A15.5, A21, A26, A27, A28, A30, A34, and 
A38 proteins were predicted to have cleavage sites, while 
no results were obtained for the other proteins (Table 4 and 
Supplementary 4).

Allergenicity, BetaWrap motifs and host proteome 
similarity

Among the analyzed proteins, A56 was predicted to exhibit 
allergenic properties for the IgE epitopes, but all other pro-
teins were predicted to be non-allergenic for the Meme/
Mast Motif (Table 5 and Supplementary 5). Only K2L, 
F5L, F13L, D13, A43, and B5 proteins were predicted to 
have BetaWrap Motifs (P-Value); other proteins did not have 
this motif. Similarities were predicted between the analyzed 
F13L, A38, A56, A34, and D8 viral proteins and host pro-
teins (Table 5 and Supplementary 5).

Out of the analyzed proteins, K2L, F5L, A9, A43, A56, 
and B5 were predicted to have four different parameters of 
Sensitivity, Specificity, Balanced prediction, and Cleavage 
Site (Table 4). However, only two of them (K2L and B5) 
have positive BlastP results, and A56 viral protein has both 
positive allergenicity and BlastP results (Table 5). Based on 
these results, we have decided that the viral proteins F5L, 
A9, and A43 are appropriate for use in our next steps.

Predicted B cell epitopes

Linear B-cell epitopes for the F5L, A9, and A43 viral pro-
teins were predicted using Bcepred and IEDB. The anti-
genicity value of A9 (0.4001) was lower than the antigenicity 
value of its epitopes. For both F5L and A43, the prediction 
results showed that almost all epitopes had higher antigenic-
ity values than their respective proteins. Although both A43 
and A9 had only one predicted B-cell epitope, F5L viral 
protein was predicted to have four predicted B-cell epitopes. Ta
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2 Table 2   Secondary structures results predicted by GOR IV

Protein name Alpha helix (%) Extended 
strand (%)

Random coil (%)

K2L 26.93 21.07 52.00
F5L 16.35 31.13 52.52
A9 33.00 20.00 47.00
A43 0.00 38.27 61.73
A56 6.39 35.46 58.15
B5 10.09 32.49 57.41
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The highest predicted epitope derivated from F5L score 
was 1.3549 (LEISSTF), while the least predicted epitope 
(derivated from A9 protein) score was 0.5335 (LYISEQD-
DKKNTNNDSNSNNDKRNVSSINSNSSH). All predicted 
B-cell epitopes are shown in Table 6.

Predicted epitopes for MHC‑I and MHC‑II

Several MHC-I epitopes were predicted as probable anti-
gens. The antigenicity values of the obtained epitopes 
for MHC-I were generally higher than those of their own 
proteins. Among the F5L, A9, and A43 viral proteins, an 
epitope (KRVNISLTCL) with the highest antigenicity value 
(2.4684) was predicted in the F5L protein. A9 viral pro-
tein had the least number of epitopes belonging to HLA-
A*02:01, while other F5L and A43 viral proteins had more 
than two predicted epitopes for MHC-I (Table 7). The IC50 
results were predicted to be lower than 50, with scores rang-
ing from 10.62 nano molar (nM) to 48.72 nM, while the per-
centile rank ranged from 0.02 to 0.26. All predicted results 
for MHC-I are shown in Table 7.

Similar to MHC-I epitopes, numerous MHC-II epitopes 
were predicted as probable antigens. Antigenicity values of 
the obtained MHC-II epitopes were generally higher than 
those of their own proteins. Among the F5L, A9, and A43 
viral proteins, an epitope (GRFGYVPYVGYKCI) of A9 
protein was predicted with the highest antigenicity value for 
MHC-II (1.754). The predicted scores were taken between 

Table 3   Solubility, 
transmembrane helices, 
localization and antigenicity 
results predicted by SolPro, 
TMHMM, Virus-mPLoc and 
Vaxijen, respectively

Proteins SolPro TMHMM Virus-mPLoc Vaxijen v2.0 value

K2L 0.621132
InSoluble

0 Host Cytoplasm 0.5839/Probable Antigen

F5L 0.697036
Soluble

1 Host cell membrane. Host cytoplasm 0.5857/Probable Antigen

A9 0.582528
Soluble

2 Host cell membrane. Host cytoplasm 0.40451/Probable Antigen

A43 0.567605
InSoluble

3 Host cytoplasm 0.5384/Probable Antigen

A56 0.732497
InSoluble

1 Host endoplasmic reticulum. Host cytoplasm 0.4726/Probable Antigen

B5 0.553990
InSoluble

1 Host cell membrane, Secreted 0.5786/Probable Antigen

Table 4   The signal peptide results predicted by Signal-BLAST

Protein name Sensitivity Specificity Balanced 
Prediction

Cleavage Site

K2L  +   +   +   + 
F5L  +   +   +   + 
A9  +   +   +   + 
A43  +   +   +   + 
A56  +   +   +   + 
B5  +   +   +   + 

Table 5   Allergenicity, BetaWrap Motifs, and host proteome similar-
ity results predicted by AlgPred, BetaWrap, and BlastP, respectively

“−” represent no allergen while “+” represent allergen
“Yes” indicates positive similarity within the host proteome, suggest-
ing potential immunogenic effects, while “No” signifies that the pro-
tein is a non-allergen

Protein name AlgPred BetaWrap 
Motifs (P 
Value)

BlastP

IgE Meme/Mast Motif

K2L − Non-allergen 0.041 Yes
F5L − Non-allergen 0.10 No
A9 − Non-allergen No No
A43 − Non-allergen 0.0094 No
A56  +  Non-allergen No Yes
B5 − Non-allergen 0.086 Yes

Table 6   B cell epitopes 
predicted by both Bcepred and 
IEDB and antigenicity value 
predicted by Vaxijen v2.0

Protein name Antigenicity value B cell epitopes Antigenicity value for epitopes

F5L 0.5857 ANTIGEN ALATEDKT 1.0716 (Probable antigen)
LEISSTF 1.3549 (Probable antigen)
LNNNDNA 0.6546 (Probable antigen)
NDLSSMTSQLQNDD 0.4380 (Probable antigen)

A43 0.5384 ANTIGEN TILTSKH 0.8396 (Probable antigen)
A9 0.4001 ANTIGEN LYISEQDDKKNTNNDSN-

SNNDKRNVSSINSNSSH
0.5335 (Probable antigen)
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> 0.5, while the percentile ranks were between 0.11 and 
1.30. All predicted results for MHC-II are shown in Table 8.

Toxicity, allergenicity, solubility of predicted 
epitopes for MHC‑I and MHC‑II Alleles.

The antigenicity values of the epitopes obtained for MHC-I 
and MHC-II were estimated and the results of the predicted 
epitopes with the best scores were shown in Tables 9 and 
10. Although no toxicity and hydrophobicity were predicted 
for all peptides, only RSMCIAIIGY (belonging to A43 viral 
protein) was predicted to have toxicity. Results for toxicity, 
allergenicity, and resolution of epitopes with higher scores 
were shown in Tables 9 and 10.

Docking results

The epitopes with the best scores for predicted F5L, A9, 
and A43 viral proteins (shown in Tables 9 and 10) were 
used for docking analyses with MHC-I and MHC-II alleles 
(Table 11, Supplementary 6). Since RSMCIIIIGY had tox-
icity and hydrophobicity, it was not considered for docking 
analysis. The predicted docking score for each predicted 
peptide with MHC-I alleles was given in Table 11 and Sup-
plementary 6. Based on the docking results using HDOCK, 
the best interactions between MHC-I and predicted pep-
tides were − 221.27 kcal/mol KRVNISLTCL-6IEX.PDB) 
and − 211.73  kcal/mol (KRVNISLTCL-3UTQ.PDB) 
(Table 11). On the other hand, the best interactions between 
MHC-II and predicted epitopes were − 234.88 kcal/mol 
(GRFGYVPYVGYKCI-3UTQ.PDB) and − 223.27 kcal/
mol (GRFGYVPYVGYKCI-6IEX.PDB), where the pep-
tide of A9 (GRFGYVPYVGYKCI) had the best scores with 

MHC-II alleles. The docking score between MHC-II and 
predicted epitopes was higher than the score between MHC-I 
and predicted epitopes (Table 11).

Images of the two highest-scoring peptide-protein dock-
ing results are also given in Fig. 1. The three-dimensional 
structures of the epitopes in both A(KRVNISLTCL-6IEX.
PDB) and B(GRFGYVPYVGYKCI-3UTQ.PDB) are given 
in orange.

In light of these findings(Fig. 1, Tables 7, 8, 9, 10 and 
11), the final selected epitopes demonstrated superior char-
acteristics compared to others in terms of non-toxicity, non-
allergenicity, solubility, strong antigenicity, and favorable 
docking interactions. Therefore, these epitopes were chosen 
for further analysis. Following their selection, the epitopes 
were subjected to molecular dynamics simulations and 
immunogenicity analysis to ensure their potential efficacy 
in vaccine development.

Energy minimization and molecular dynamics 
simulation of selected epitopes with MHC‑I/II.

According to the docking results, the interactions with 
the best exothermic energy were selected for MD simula-
tion. Those with the best scores for MHC-I were KRVN-
ISLTCL-6IEX.PDB (− 212.03), while those with the best 
scores for MHC-II were GRFGYVPYVGYKCI-3UTQ.PDB 
(− 234.88 kcal/mol) (Table 11 and Fig. 1). Two of these 
complexes were taken for MD smulations. After all neces-
sary adjustments such as energy minimization, solvation, 
etc., for the epitopes were made based on the GROMACS 
protein–ligand complex tutorial, we obtained all MDs results 
(Figs. 2 and 3). Based on our results, the The Root Mean 
Square Deviation (RMSD) for our complexes were changed 

Table 7   Epitopes specific to selected MHC-I alleles

Protein name Allele Start End Peptide IC50 Percentile Rank Antigenicity

F5L HLA-A*03:01 89 98 GTYKGVSHLK 10.62 0.02 0.7496 (Probable antigen)
HLA-A*24:02 213 222 CYLFSQNYSF 26.98 0.05 1.0568 (Probable antigen)
HLA-B*15:01 188 197 SLALEISSTF 29.09 0.14 1.0412 (Probable antigen)
HLA-B*58:01 36 45 VMSHINYTSW 32.26 0.19 1.2436 (Probable antigen)
HLA-A*01:01 54 63 LATEDKTSGY 34.59 0.08 1.0586 (Probable antigen)
HLA-B*27:05 69 78 KRVNISLTCL 39.83 0.11 2.4684 (Probable antigen)
HLA-B*15:01 132 141 VKIRCEITSF 48.72 0.26 1.4941 (Probable antigen)

A9 HLA-A*02:01 38 47 KLRPNSFWFV 10.74 0.09 1.1107 (Probable antigen)
HLA-A*02:01 54 63 SMIMYLVLGI 25.26 0.22 0.9124 (Probable antigen)

A43 HLA-B*15:01 11 20 TMSIMPVLTY 12.29 0.06 0.7838 (Probable antigen)
HLA-A*01:01 27 36 FHSEDIELCY 18.67 0.04 1.2985 (Probable antigen)
HLA-B*27:05 60 69 YRYNFINRTF 19.71 0.04 0.7327 (Probable antigen)
HLA-A*01:01 160 169 YINDRYNDIY 23.44 0.05 1.0274 (Probable antigen)
HLA-A*02:01 8 17 SILTMSIMPV 26.88 0.24 0.9341 (Probable antigen)
HLA-B*15:01 143 152 RSMCIAIIGY 30.94 0.16 1.2370 (Probable antigen)
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Table 8   Epitopes specific to selected MHC-II alleles

Protein Name Allele Start End Peptide Score Percentile Rank Antigenicity

F5L HLA-DRB3*01:01 43 56 TSWYYNDKVIALAT 0.8674 0.11 0.886 (Probable antigen)
HLA-DRB3*01:01 42 55 YTSWYYNDKVIALA 0.8222 0.16 0.9841 (Probable antigen)
HLA-DRB3*01:01 44 57 SWYYNDKVIALATE 0.7925 0.20 0.9128 (Probable antigen)
HLA-DRB1*07:01 217 230 SQNYSFHKTLNVRN 0.7743 0.46 0.6687 (Probable antigen)
HLA-DRB5*01:01 298 311 IVVIAAIAIYKRSK 0.7165 0.52 0.9797 (Probable antigen)
HLA-DRB1*07:01 216 229 FSQNYSFHKTLNVR 0.6966 0.63 0.4065 (Probable antigen)
HLA-DRB1*07:01 218 231 QNYSFHKTLNVRNI 0.6713 0.71 0.7362 (Probable antigen)
HLA-DRB5*01:01 111 124 VKANIIDLTGRVRY 0.6694 0.73 1.251 (Probable antigen)
HLA-DRB5*01:01 112 125 KANIIDLTGRVRYL 0.6499 0.84 1.2026 (Probable antigen)
HLA-DRB5*01:01 48 61 NDKVIALATEDKTS 0.6025 1.10 0.9438 (Probable antigen)

A9 HLA-DRB1*15:01 377 390 KRTVFAHISHTINI 0.6038 1.10 0.8359 (Probable antigen)
HLA-DRB1*07:01 260 273 KPYYGNTDNKFISY 0.6021 1.10 0.5294 (Probable antigen)
HLA-DRB1*07:01 259 272 TKPYYGNTDNKFIS 0.5994 1.10 0.4525 (Probable antigen)
HLA-DRB3*02:02 475 488 RTLTFNFTPKIFFR 0.5955 0.37 1.1946 (Probable antigen)
HLA-DRB1*07:01 203 216 NKEFVYVPELSFIG 0.5864 1.20 0.8888 (Probable antigen)
HLA-DRB3*02:02 259 272 TKPYYGNTDNKFIS 0.5756 0.42 0.4525 (Probable antigen)
HLA-DRB3*02:02 473 486 GTRTLTFNFTPKIF 0.5734 0.44 1.119 (Probable antigen)
HLA-DRB3*01:01 273 286 YPGYSQDEKDYIDA 0.5626 0.68 0.4185 (Probable antigen)
HLA-DRB1*15:01 376 389 TKRTVFAHISHTIN 0.5623 1.20 0.7527 (Probable antigen)
HLA-DRB1*15:01 82 95 GRFGYVPYVGYKCI 0.5528 1.30 1.754 (Probable antigen)

A43 HLA-DRB3*02:02 57 70 HIPYRYNFINRTFS 0.8042 0.12 0.9249 (Probable antigen)
HLA-DRB5*01:01 96 109 PSLIVSLSGNLKYN 0.8198 0.21 0.7191 (Probable antigen)
HLA-DRB3*02:02 56 69 EHIPYRYNFINRTF 0.7046 0.23 0.8068 (Probable antigen)
HLA-DRB1*15:01 21 34 SSSIFRFHSEDIEL 0.8682 0.27 0.4834 (Probable antigen)
HLA-DRB5*01:01 50 63 NIKYIPEHIPYRYN 0.7750 0.29 0.8938 (Probable antigen)
HLA-DRB3*02:02 58 71 IPYRYNFINRTFSV 0.6747 0.30 1.0497 (Probable antigen)
HLA-DRB5*01:01 97 110 SLIVSLSGNLKYND 0.7439 0.40 0.9004 (Probable antigen)
HLA-DRB5*01:01 95 108 NPSLIVSLSGNLKY 0.7353 0.42 0.7765 (Probable antigen)
HLA-DRB5*01:01 49 62 VNIKYIPEHIPYRY​ 0.6674 0.74 1.0399 (Probable antigen)
HLA-DRB3*02:02 57 70 HIPYRYNFINRTFS 0.8042 0.12 0.9249 (Probable antigen)

Table 9   Toxicity, allergenicity, 
solubility and antigenicity for 
predicted epitopes with the best 
scores for the MHC-I alleles

The toxin one was highlighted in bold

Protein Peptide Toxicity Hydrophobicity Allergen Solubility Antigen

F5L KRVNISLTCL Non-toxin  − 0.16 – 0.829714
Soluble

2.4684
(Probable antigen)

VKIRCEITSF Non-toxin  − 0.13 – 0.902184
Soluble

1.4941
(Probable antigen)

A43 FHSEDIELCY Non-toxin  − 0.07 – 0.819464
Soluble

1.2985
(Probable antigen)

YINDRYNDIY Non-toxin  − 0.30 – 0.994430
Soluble

1.0274
(Probable antigen)

RSMCIAIIGY Toxin  + 0.09 – 0.986503
Soluble

1.2370
(Probable antigen)

A9 KLRPNSFWFV Non-toxin  − 0.12 – 0.844255
Soluble

1.1107
(Probable antigen)

SMIMYLVLGI Non-toxin  − 0.35 – 0.645661
Soluble

0.9124
(Probable antigen)



4282	 Molecular Diversity (2025) 29:4273–4291

from 0.1 to 0.6 (Fig. 2). It was determined that the peptide in 
KRVNISLTCL-3NFN.PDB complex preserved its structural 
integrity better than other complexes, without any signifi-
cant conformational changes based on RMSD results while 
the RMSD results in the GRFGYVPYVGYKCI-6IEX.PDB 
complexes were determined to be the most fluctuating com-
pared to the other results (Fig. 2).

In the RMSF analysis of the given molecular dynamics 
simulations, the GRFGYVPYVGYKCI-6IEX.PDB com-
plex, it was determined that the atoms in this complex were 
more mobile than the other complexes (Fig. 2). However, 
it was determined that this GRFGYVPYVGYKCI-6IEX.
PDB complex had the best exothermic score (− 700,000) in 
the energy graph (Fig. 3). On the other hand, it was deter-
mined that the KRVNISLTCL-3UTG.PDB complex had a 
worse exothermic score than the others in the energy graph 
(Fig. 3). Both these tables enable a comparative analysis 
of protein dynamics, with the RMSD and RMSF metrics 
providing key insights into the stability and flexibility of 
protein structures during simulations. The visual and statis-
tical information together offer a comprehensive overview 
that can support conclusions about the dynamic behavior of 
the proteins under study.

Results of in silico immunogenicity analysis of selected 
peptides

The in silico immunostimulatory potential of the peptides 
GRFGYVPVYGYKCI and KRVNISLTCL was evaluated 

Table 10   Toxicity, allergenicity, solubility and antigenicity for predicted epitopes with the best scores for the MHC-II alleles

“−” represents an absence of both allergenic potential and hydrophobicity, whereas the symbol “+” denotes hydrophobicity

Protein Peptide Toxicity Hydrophobicity Allergen Solubility Antigen

A43 IPYRYNFINRTFSV Non-toxin  − 0.15 – 0.864714
Soluble

1.0497 (Probable antigen)

VNIKYIPEHIPYRY​ Non-toxin  − 0.13 – 0.992610
Soluble

1.0399 (Probable antigen)

A9 RTLTFNFTPKIFFR Non-toxin  − 0.15 – 0.991933
Soluble

1.1946 (Probable antigen)

GTRTLTFNFTPKIF Non-toxin  − 0.07 – 0.990994
Soluble

1.1190 (Probable antigen)

GRFGYVPYVGYKCI Non-toxin  − 0.09 – 0.998358
Soluble

1.754 (Probable antigen)

NKEFVYVPELSFIG Non-toxin  + 0.03 – 0.533742
Soluble

0.8888 (Probable antigen)

F5L VKANIIDLTGRVRY Non-toxin  − 0.19 – 1.000000
Soluble

1.2510 (Probable antigen)

KANIIDLTGRVRYL Non-toxin  − 0.19 – 1.000000
Soluble

1.2026 (Probable antigen)

YTSWYYNDKVIALA Non-toxin  − 0.01 – 0.741413
Soluble

0.9841 (Probable antigen)

IVVIAAIAIYKRSK Non-toxin  + 0.04 – 0.999945
Soluble

0.9797 (Probable antigen)

NDKVIALATEDKTS Non-toxin  − 0.23 – 0.826801
Soluble

0.9438 (Probable antigen)

SWYYNDKVIALATE Non-toxin  − 0.06 – 0.716450
Soluble

0.9128 (Probable antigen)

TSWYYNDKVIALAT Non-toxin  − 0.03 – 0.713492
Soluble

0.8860 (Probable antigen)

QNYSFHKTLNVRNI Non-toxin  − 0.28 – 0.963317
Soluble

0.7362 (Probable antigen)

Table 11   The docking results (kcal/mol) for predicted F5L, A9, and 
A43 viral proteins’s epitopes with the MHC-I/II alleles

Bold values indicate the most favorable binding affinities, where 
lower kcal/mol values represent stronger predicted binding interac-
tions with MHC alleles

Protein Predicted Epitope MHC Alleles HDOCK

F5L KRVNISLTCL 3UTQ.PDB  − 211.73
F5L KRVNISLTCL 3NFN.PDB  − 205.03
F5L KRVNISLTCL 6IEX.PDB  − 221.27
A9 GRFGYVPYVGYKCI 3UTQ.PDB  − 234.88
A9 GRFGYVPYVGYKCI 3NFN.PDB  − 209.60
A9 GRFGYVPYVGYKCI 6IEX.PDB  − 223.27
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using IFNepitope, IL4Pred, and CTLpred tools. The pep-
tide GRFGYVPVYGYKCI was predicted to be a positive 
inducer of IFN-γ by IFNepitope, with a strong SVM score 
of 1.34 in IL4Pred, suggesting its potential to induce IL-4 
cytokine responses. Moreover, CTLpred predicted GRF-
GYVPVYGYKCI as a CTL epitope with a high score of 
0.970, further supporting its potential as a robust immuno-
genic peptide. In contrast, the peptide KRVNISLTCL was 
predicted to be a negative IFN-γ inducer by IFNepitope, 
and although IL4Pred suggested it as an IL-4 inducer with 
a lower SVM score of 0.36, CTLpred classified it as a non-
epitope with a very low score of 0.080. These results suggest 
that GRFGYVPVYGYKCI is more likely to elicit a strong 
immune response compared to KRVNISLTCL.

Discussion

The basic idea behind all types of vaccination is that a vac-
cine should produce an effective immune response faster 
than the infecting virus itself. However, conventional vac-
cines that are developed based on a variety of biochemical 
assays may elicit antibodies in vaccinated individuals, but 
they require expensive, time-consuming, and potentially 

allergenic in vitro cultures of harmful microbes, which 
involve serious safety concerns when applying [15–17, 19, 
27]. On the other hand, reverse vaccinology (RV) plays an 
important role in the development of vaccines by allowing 
in silico analysis of the genome of pathogens, which can 
significantly reduce the time and cost required to identify 
candidate peptides [17, 20, 51, 52]. RV strategy conducted 
with the help of in silico analysis is quite important because 
it enables the determination of the antigenic features of the 
pathogen and the identification of the sequences with the 
highest antigenicity, while also allowing for the assessment 
of whether these sequences are allergens, possible viral pro-
teins that will activate the T and B epitopes, toxic, solu-
ble, and safe before starting experiments in the laboratory 
environment [2, 22–27]. These studies show the necessity, 
reliability, and importance of bioinformatics preliminary 
analysis in target setting. Therefore, the basic step of our cur-
rent study is to conduct bioinformatic analysis, and in vitro 
studies may be carried out in line with the data obtained 
from these analyses.

The 39 proteins of MPXV were not selected randomly. 
The reason being that all selected proteins are either assem-
bly, budding, or surface proteins of MPXV [53–55]. There-
fore, the first step of our study was to determine whether 

Fig. 1   represents the visual outcomes of the two peptide-protein placements with the highest docking scores. The images depict the configura-
tions of KRVNISLTCL-6IEX.PDB (A) and GRFGYVPYVGYKCI-3UTQ.PDB (B), which achieved the highest scores in the docking analysis
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these 39 proteins could be vaccine candidates. To develop 
vaccines that are safe and effective, it is crucial to optimize 
their sensitivity, specificity, balanced prediction, and cleav-
age site analysis [56]. By doing so, vaccines can be designed 

to provide robust protection against targeted pathogens while 
minimizing the risk of unwanted side effects or adverse reac-
tions [56–58]. When predicting epitope candidates, sensitiv-
ity refers to the ability of the prediction method to accurately 

Fig. 2   provides a comparison of RMSD and RMSF values across six 
different molecular dynamics simulations. RMSD (top plot) shows 
the average deviation of protein backbone atoms from a reference 
structure over time, where lower values, such as those seen in KRVN-
ISLTCL-3NFN.PDB, indicate greater structural stability. RMSF (bot-

tom plot) highlights the flexibility of specific residues within the pro-
tein structures, with higher RMSF values, such as those observed in 
GRFGYVPYVGYKCI-6IEX.PDB, indicating greater mobility. Each 
simulation is distinguished by a unique color for clarity in compari-
son
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identify true positive epitopes, while specificity refers to the 
ability to correctly exclude non-epitope regions as false posi-
tives. Achieving a balanced prediction means finding a com-
promise between these two aspects [59, 60]. And, only K2L, 
F5L, A9, A43, A56, and B5 proteins were predicted to have 
four different parameters of sensitivity, specificity, balanced 
prediction, and cleavage site (Table 4 and Supplementary 4). 

However, K2L and B5 have BlastP results, and A56 viral 
protein has allergenicity result (Table 5). Therefore, F5L, 
A9, and A43 viral proteins were deemed appropriate to be 
used in our present study. Physico-chemical characteristics 
including molecular weight, isoelectric point, and hydropho-
bicity are critical determinants that govern the efficacy of a 
protein vaccine [59]. And all predicted results are in both 

Fig. 3   provides an analysis of SASA values obtained from various 
molecular dynamics simulations and presents the energy profiles of 
protein structures as determined by molecular dynamics simulations. 
Changes in SASA can reflect conformational changes in the protein 

structure, including folding, unfolding, and interactions with other 
molecules. The total energy of the system is a critical factor in assess-
ing the stability and viability of molecular conformations
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Table 1 and Supplementary 1. The physicochemical analysis 
showed that F5L and A9 proteins had a negative GRAVY 
value, indicating that they were hydrophilic and had a better 
interaction with surrounding water molecules [60]. On the 
other hand, A43 protein had a positive GRAVY value, so it 
might not be good for interaction with surrounding water 
molecules [60] (Table 1). Besides, stable and soluble char-
acteristics features are important parameters for biophysical 
studies on epitope-based vaccine design [21, 61]. F5L and 
A9 proteins have stable and soluble characteristics (Table 1).

As stated in the literature, natively unfolded protein 
regions and alpha-helical coiled coils peptides have been 
reported to be important forms of “structural antigens”. Both 
of these structural forms could fold into their native structure 
and thus be recognized by antibodies naturally induced in 
response to infection [62]. In addition to having alpha-helical 
secondary structures features, F5L and A9 proteins showed 
a big molecular weight, and fewer than two transmembrane 
helices, facilitating cloning, expression, and purification [63] 
(Tables 2 and Table 3). Understanding the estimated half-
life of peptide candidates or proteins is crucial for optimiz-
ing their pharmacokinetic properties, guiding formulation 
strategies, determining dosing regimens, and assessing their 
therapeutic efficacy and safety. All of our predicted samples 
have long estimated half-life (more than 10 h) (Table 1). 
Moreover, F5L and A9 had sensitivity, specificity, balanced 
prediction, and cleavage site (Table 4). F5L and A9 proteins 
with these prominent physico-chemical properties can be 
used as vaccine candidate antigens.

In addition to the physico-chemical properties, other pre-
dicted parameters such as the presence of a signal that cre-
ates a response in the immune system, non-allergenicity of 
the related proteins, sub-cellular location, having BetaWrap 
motifs, and their sensitivity and specificity are very impor-
tant for vaccine candidates [16, 21, 51, 64, 65]. Having 
signal peptides is so important for proteins because they 
affect immune responses and possess high epitope densities 
[38]. Moreover, Dangi and colleagues reported that most 
known vaccine candidates also possess signal peptides [16]. 
Hence, it is worthwhile to predict signal peptides in proteins 
prior to epitope predictions. According to our results, K2L, 
F5L, A9, A43, A56, and B5 proteins were all predicted to 
have four different parameters of sensitivity, specificity, bal-
anced prediction, and cleavage site (Table 4). However, two 
of them (K2L and B5) have BlastP results. It is clear that 
there should not be similarity with host proteins because 
this situation may affect the host’s autoimmunity in a bad 
way [16]. Therefore, proteins that have similarities with host 
proteins were not considered in the present study. Addition-
ally, A56 viral protein has an allergenicity result (Table 5). 
The candidate proteins should not have allergenicity because 
this feature affects the reactions (type-1 hypersensitivity) 
for the host [66, 67]. Therefore, the viral proteins F5L, A9, 

and A43 were deemed appropriate for use in our next steps. 
However, the A43 protein has a positive GRAVY value, so 
it might not interact well with surrounding water molecules 
[60] (Table 1). In addition, candidates with antigenicity 
can trigger the immune system and both F5L and A9 were 
predicted to be antigenic (Table 3) [68]. The prediction of 
sub-cellular location is important because it aids in the iden-
tification of potential vaccine candidates [51, 64, 65], and 
this prediction may help in the formulation of better thera-
peutic options against the virus [16]. F5L and A9 protein’s 
sub-cellular location within the host were predicted to be in 
the host cell membrane and host cytoplasm, while A43 was 
predicted to be in the host cytoplasm (Table 3). Based on the 
literature, BetaWrap motifs are dominant in virulence factors 
of pathogens, and if proteins are predicted to possess such 
motifs, then they are appropriate to be taken under reverse 
vaccinology studies [16]. Therefore, our candidate proteins 
should have this feature. Even though A43 and F5L have 
BetaWrap motifs, A9 has no BetaWrap motifs (also K2L, 
F13L, D13, A43, and B5 proteins have BetaWrap motifs, 
Table 5). As a result, F5L is the best protein to use for RV 
due to having all these features.

The next step of our study was to predict epitope regions 
specific to B and T cells in the F5L, A9, and A43 viral pro-
teins. Although the GRAVY value of the A49 protein was 
predicted to be positive (Table 1), candidate epitopes from 
this protein may not be hydrophobic [69]. Therefore, we 
tried to find epitope regions specific to B and T cells in the 
F5L, A9, and A43 viral proteins. While A43 and A9 have 
only one predicted B cell epitope, the F5L viral protein 
has four predicted B cell epitopes. The highest predicted 
epitope in F5L has a score of 1.3549 (LEISSTF), and even 
the least score in A9 is 0.5335 (LYISEQDDKKNTNNDSN-
SNNDKRNVSSINSNSSH) (Table 6). Like B cell epitopes, 
epitopes that were predicted with a high antigenicity value 
for MHC-I and MHC-II were found (Table 7). MHC-II 
(major histocompatibility complex class II) molecules acti-
vate and propagate CD4+T cells, which can activate and 
guide other immune cells such as B cells and CD8+T cells. 
On the other hand, MHC-I (major histocompatibility com-
plex class I) molecules present peptides from intracellular 
proteins to CD8+T cells, inducing CD8+T cell responses 
against viruses. Since MHC-I/II molecules have these 
important roles [70, 71], it was extremely important to 
obtain epitopes that may trigger these molecules [71]. The 
length of epitopes for MHC-I is important because MHC-I 
molecules have a narrow peptide-binding groove that can 
accommodate peptides of a specific length [72–75]. There-
fore, 8–10 amino acids in length epitopes should be pre-
ferred for MHC-I molecules [72, 74, 76]. So, we took ten 
length for finding our epitopes. Among the F5L, A9, and 
A43 viral proteins, an epitope (KRVNISLTCL) that had 
the highest antigenicity value (2.4684) was predicted in 
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the F5L protein. A9 viral protein had the least number of 
epitopes that belong to HLA-A*02:01, while the other F5L 
and A43 viral proteins had more than two predicted epitopes 
for MHC-I (Table 7). Among the F5L, A9, and A43 viral 
proteins, an epitope (GRFGYVPYVGYKCI) that had the 
highest antigenicity value (1.754) was predicted in the A9 
protein for MHC-II (Table 8). Candidate epitopes with the 
highest antigenicity in MHC-I and MHC-II were shown in 
Table 10. Toxicity, allergenicity, and solubility properties of 
these epitopes with high antigenicity were also determined. 
Next, the predicted epitopes were used to dock with the most 
common alleles PDB: 3UTQ, PDB: 3NFN, and PDB: 6IEX, 
whose 3D structure is known (Table 11). Epitope toxicity is 
a major concern when designing vaccines, as toxicity may 
cause adverse effects on the body either directly or indirectly 
[77]. Additionally, the hydrophobicity of the epitope can 
affect its ability to interact with other vaccine components 
and its stability in aqueous solutions, while solubility may 
affect its formulation [77, 78]. Moreover, epitopes should 
not be allergenic, as they can harm the host [79, 80]. Finally, 
the presence of a cleavage site in an epitope can enhance the 
processing, immunogenicity, and presentation of the epitope, 
making it an important feature to consider when design-
ing epitopes for vaccines [81, 82]. Our epitope candidates 
have been carefully selected, taking into account important 
features such as solubility, non-allergenicity, and remark-
able antigenicity. All of the above [77–82] information 
were predicted in Tables 9 and 10. Therefore, the epitopes 
KRVNISLTCL and GRFGYVPYVGYKCI, which possess 
all of these features, could be promising vaccine candidates 
[77–82]. We recommend that researchers aiming to develop 
vaccines in this area consider utilizing these two epitopes.

The docking scores obtained from the HDOCK server 
serve as preliminary quantitative estimates of the binding 
affinities between predicted epitopes and MHC alleles, as 
presented in Table 11. These scores, which inversely cor-
relate with interaction strength—with more negative val-
ues indicating higher affinity—provide crucial insights into 
the molecular interactions at play [83]. To further inves-
tigate these interactions, MD simulations were conducted, 
offering detailed insights into the stability and dynamics 
of the peptide-MHC complexes by analyzing parameters 
such as RMSD, RMSF, SASA, and the total energy of the 
system(Figs. 2 and 3) [38, 84, 85]. RMSD values ranged 
from 0.1 to 0.6, reflecting varying levels of structural integ-
rity. The KRVNISLTCL-3NFN.PDB complex showed mini-
mal conformational changes and lower RMSD values, indi-
cating stable interactions between the peptide and the MHC 
molecule, which aligns with the findings of Maruyama et al. 
and other studies where lower RMSD values are associated 
with better structural preservation [48, 85, 86]. In contrast, 
the GRFGYVPYVGYKCI-6IEX.PDB complex exhibited 
more significant RMSD fluctuations, which may indicate 

more dynamic and less stable interactions (Fig. 2).However, 
as seen in other studies, higher RMSD values do not always 
signify unfavorable interactions, as they can also indicate 
a flexible binding interface that may still be energetically 
favorable [87, 88]. RMSF analysis further supports this 
observation (Fig. 2). The atoms in GRFGYVPYVGYKCI-
6IEX.PDB were more mobile, reflecting increased flex-
ibility. This increased mobility may correlate with reduced 
binding affinity, aligning with observations made by Poudyal 
et al. on the flexibility of peptide-MHC interactions [84, 
88]. However, the complex still exhibited a favorable exo-
thermic energy score, suggesting that despite its structural 
fluctuations, the interaction remained energetically stable—a 
phenomenon often seen in peptide-MHC interactions [88, 
89]. The SASA values provided additional insight into the 
degree of peptide exposure to the solvent, with lower SASA 
values in KRVNISLTCL-3NFN.PDB suggests a more com-
pact structure. This correlation between RMSD stability and 
SASA compactness aligns with previous literature, which 
highlights that stable peptide-MHC complexes tend to have 
reduced solvent-exposed surface areas, potentially enhanc-
ing immune recognition [89]. Despite the GRFGYVPYV-
GYKCI complex showing higher RMSD and RMSF values, 
its superior exothermic energy score points to the potential 
of a dynamic equilibrium where the complex, while flex-
ible, remains energetically favorable [86, 90]. Conversely, 
the KRVNISLTCL-3UTG.PDB complex, despite its lower 
RMSD fluctuations, showed a less favorable energy score, 
indicating that although structurally stable, it may not be 
energetically optimized, which could affect its biological 
efficacy [86]. These insights into the RMSD, RMSF, SASA, 
and energy profiles of the peptide-MHC complexes provide 
a deeper understanding of the biophysical underpinnings of 
antigen presentation, crucial for predicting the potential effi-
cacy of peptide-based therapeutics [85–90].

The peptide GRFGYVPYVGYKCI showed strong poten-
tial to induce immune responses, particularly through the 
IFN-γ pathway, with a high SVM score of 1.34 in IL4Pred 
and a CTLpred score of 0.970, indicating its robust immu-
nogenic potential [26]. Studies have demonstrated that IFN-γ 
plays a critical role in activating both innate and adaptive 
immune responses, enhancing antigen presentation by MHC 
molecules, and promoting the differentiation of Th1 cells, 
which are crucial for a cytotoxic T-cell response [86, 91]. 
Peptides capable of inducing IFN-γ production are con-
sidered ideal candidates for vaccines, as they can elicit a 
broad immune response [91]. The high CTLpred score fur-
ther supports this peptide’s ability to stimulate CTL activ-
ity, which is essential for clearing intracellular pathogens 
like viruses [91, 92]. Moreover, IL-4, which is associated 
with Th2-type immune responses, aids in humoral immu-
nity by promoting antibody production. While IFN-γ is 
traditionally linked to cell-mediated immunity, the ability 
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of GRFGYVPYVGYKCI to also potentially induce IL-4 
responses (based on the IL4Pred score) suggests it may pro-
voke a balanced immune response, engaging both Th1 and 
Th2 pathways [91–93]. This could make the peptide a more 
versatile vaccine candidate, as vaccines that stimulate both 
humoral and cellular immunity are often more effective in 
the long-term protectionity of KRVNISLTCL: In contrast, 
the peptide KRVNISLTCL was predicted to have limited 
immunostimulatory potential. It was classified as a nega-
tive IFN-γ inducer by IFNepitope and showed a significantly 
lower SVM score of 0.36 in IL4Pred, indicating its limited 
capacity to induce IL-4 cytokine responses. This suggests 
that KRVNISLTCL may not effectively engage the immune 
system through the Th1 or Th2 pathways [93]. Addition-
ally, its very low CTLpred score of 0.080 indicates that it is 
unlikely to function as a strong CTL epitope, reducing its 
potential efficacy in vaccine development [94]. In conclu-
sion, the MD simulation and docking analyses, combined 
with in silico immunogenicity assessments, underscore the 
potential of GRFGYVPYVGYKCI as a promising candidate 
for vaccine development. Despite the dynamic fluctuations 
observed in its structure, its overall energetic stability and 
strong immunostimulatory potential highlight its promise 
as a robust immunogenic peptide. On the other hand, the 
relatively lower immunogenic potential of KRVNISLTCL 
suggests that while it may form stable structural interactions 
with MHC molecules, it may not be as effective in eliciting a 
strong immune response. These insights are instrumental in 
understanding the biophysical and immunogenic properties 
of peptide-MHC interactions, which is crucial for advancing 
peptide-based therapeutics in vaccine development.

Conclusion

In this study, we employed a reverse vaccinology (RV) 
approach to identify potential vaccine candidates against the 
monkeypox virus (MPXV). RV enables in silico analysis 
of viral proteins to predict key properties like antigenicity, 
allergenicity, toxicity, and immunogenic potential, stream-
lining the process before in vitro testing. We focused on 39 
MPXV proteins involved in viral assembly, budding, and 
surface interactions, as these proteins play crucial roles 
in the virus’s attachment to the host cell, fusion with the 
cell membrane, and entry into the cell, making them stra-
tegic targets for vaccine development. Our analysis identi-
fied the F5L protein as the most promising candidate due 
to its hydrophilic nature (negative GRAVY value), stabil-
ity, solubility, and alpha-helical structure, which allows for 
effective antibody recognition. Additionally, F5L has a high 
molecular weight, fewer than two transmembrane helices, 
and a long half-life (over 10 h), optimizing it for cloning, 
expression, and sustained therapeutic effects. It also features 

multiple B-cell epitopes and epitopes for both MHC-I and 
MHC-II, supporting a balanced immune response. Its non-
allergenic nature, similarity to host proteins, and presence 
of BetaWrap motifs further solidify its potential for vaccine 
development. The A9 and A43 proteins were also found 
to be promising due to their signal peptides and favorable 
antigenicity, despite some limitations (e.g., A43’s positive 
GRAVY value and A9’s lack of BetaWrap motifs). Molecu-
lar docking and dynamics simulations affirmed the potential 
of the epitopes KRVNISLTCL and GRFGYVPYVGYKCI; 
KRVNISLTCL showed remarkable structural stability, while 
GRFGYVPYVGYKCI exhibited dynamic yet energeti-
cally favorable interactions with MHC molecules. In silico 
immunogenicity analysis further supported GRFGYVPYV-
GYKCI’s ability to induce a strong immune response, par-
ticularly through IFN-γ and CTL activity. In summary, our 
RV-based analysis highlights the F5L protein and epitopes 
KRVNISLTCL and GRFGYVPYVGYKCI as strong vaccine 
candidates. These findings provide a foundation for future 
experimental validation and underscore the importance of 
bioinformatics in advancing vaccine development. Further, 
wet lab studies are recommended to explore their immuno-
genic potential for an effective MPXV vaccine.
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