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Abstract
Leishmaniasis, a significant health challenge in subtropical regions, requires effective 
and safe therapeutic options. Our primary objective was to design and evaluate a mul-
ti-epitope peptide-based vaccine, LIDVC, targeting Leishmania infantum. LIDVC was 
developed by integrating key epitopes from GP63, KMP11, and LACK antigens with 
the adjuvant Ov-ASP-1. Advanced bioinformatics tools assessed the vaccine’s anti-
genicity, allergenicity, toxicity, and population coverage. Structural integrity was con-
firmed through AlphaFold and DeepCDpred analyses, and molecular docking studies 
with TLR4 were performed. Our comprehensive computational evaluation demonstrat-
ed robust interactions between LIDVC and TLR4, favorable dynamic properties, and 
strong protective responses akin to those from natural infections. Codon optimization 
and in silico cloning showed potential for efficient expression in Escherichia coli. The 
LIDVC vaccine candidate shows promise against L. infantum, warranting experimental 
validation and preclinical studies. Our computational evaluation highlights LIDVC’s 
potential as a safe and effective vaccine against leishmaniasis, addressing the need for 
improved therapeutic options in subtropical regions. Further studies will focus on ex-
perimental validation and developing a safe and effective vaccine against leishmaniasis.
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1. Introduction
Leishmaniasis, caused by the protozoan parasite Leish-
mania, represents a significant global health challenge, 
particularly in subtropical regions where the disease 
imposes a profound burden on affected populations(1). 
Transmitted through the bites of infected sandflies, 
leishmaniasis manifests in various forms, ranging from 
cutaneous to visceral diseases (see Fig. 1). The limi-
tations and adverse effects associated with existing 
therapeutic options underscore the urgent need for ef-
fective and safe vaccines to prevent and manage this 
disease(2).

Figure 1.  Population coverage analysis of the predicted epitopes 
demonstrating broad global representation and variable regional 
coverage. 

Significant research efforts have identified various anti-
genic proteins expressed throughout the Leishmania life 
cycle using high-throughput methodologies and bioin-
formatics(3-5). Among these, glycoprotein 46 (gp46), 
cathepsin L-like and B-like proteases, histone H2A, 
glucose-regulated protein 78 (grp78), and stress-induc-
ible protein 1 (STI-1) have shown promise as vaccine 
candidates(6). Preclinical studies have demonstrated 
the ability of these antigens to elicit protective immune 
responses against Leishmania infections.

The immune response to Leishmania infection com-
prises a complex interplay between pro-inflammatory 
(Th1) and anti-inflammatory (Th2) cytokines(7, 8). 
Protective immunity predominantly relies on Th1-me-
diated responses characterized by the release of inter-
feron-gamma (IFN-γ), which activates macrophages 
to eliminate intracellular pathogens(5, 8). Conversely, 
Th2 responses may facilitate parasite survival and con-
tribute to disease progression. Understanding this intri-
cate balance is vital for the design of effective vaccines 
against leishmaniasis.

Recent advancements in bioinformatics and compu-
tational biology have revolutionized vaccine develop-
ment by enabling the identification of immunodomi-

nant epitopes and antigenic proteins through extensive 
computational analyses(4). In this context, the pro-
gramming language Python has emerged as a powerful 
tool, utilizing its extensive libraries for various tasks, 
including antigenicity, allergenicity, and immunogenic-
ity assessments. By leveraging Python programming 
scripts and advanced tools, our research focused on the 
computational evaluation of a multi-epitope vaccine 
candidate, referred to as LIDVC, incorporating prom-
inent epitopes from KMP11, GP63, and LACK along-
side the adjuvant Ov-ASP-1.

Our in silico methodology facilitated rapid predictions 
of the vaccine candidate’s potential, supporting the 
hypothesis that LIDVC could effectively elicit robust 
immune responses similar to those induced by natural 
infections. The present work demonstrates the efficacy 
of using in silico approaches, particularly Python, for 
accelerating vaccine development against leishmania-
sis, laying the groundwork for subsequent experimental 
validation and preclinical studies aimed at establishing 
a safe and effective vaccine against L. infantum.

2. Methods
2.1 Data collection and epitopes prediction 

We have used the validated epitopes predicted in the 
previous articles to design a vaccine construct, the 
FASTA-formatted amino acid sequences for L. infan-
tum GP63 (Accession no. QJF54184), KMP11 (Ac-
cession no. AGV77135), and LACK (Accession no. 
UQI50440) were collected from the National Center 
for Biotechnology Information (NCBI) website and 
servers like iedb and CTLPRED or VaxiJen were used 
for epitope prediction(19).

2.2 Population coverage analysis

Population coverage analysis was performed using the 
IEDB Population Coverage tool (http://tools.iedb.org/
population/) to estimate the global and continental rep-
resentation of the selected epitopes. This analysis repre-
sents the proportion of individuals potentially capable 
of recognizing the selected epitopes based on the dis-
tribution of their corresponding HLA class I and class 
II alleles across different geographical populations. The 
analysis was conducted for the World population as 
well as 16 regional populations, including Central Af-
rica, Central America, East Africa, East Asia, Europe, 
North Africa, North America, Northeast Asia, Oceania, 
South Africa, South America, South Asia, Southeast 
Asia, Southwest Asia, West Africa, and West Indies. 
The population coverage and PC90 were calculated for 

http://
http://tools.iedb.org/population/
http://tools.iedb.org/population/
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the combined MHC class I and class II epitope set.

2.3 Toxicity Assessment of Epitopes

The toxicity evaluation and measurement of the pre-
dicted epitopes, as well as the exclusion of known toxic 
ones, were carried out utilizing Server ToxIBTL, which 
uses transfer learning to refine a model trained on a pro-
tein dataset. This server’s algorithm, located at https://
server.wei-group.net/ToxIBTL/Server.html, is based 
on three fundamental methods: sequence encoding, 
optimization, and classification. Evolutionary profiles 
are created from raw sequences and processed using 
the CNN_BiGRU network to collect local and global 
information. The FEGS model gathers physicochemi-
cal information and graphical and statistical properties. 
The information bottleneck approach is used in the sec-
ond phase to concatenate and optimize the evolutionary 
and physicochemical features. The optimized charac-
teristics are then used to assess the toxicity status of 
each sequence(20).

2.4 Using Python programming for organizing Tox-
iBTL server output

After checking the toxicity level of epitopes using 
the ToxiBTL server, the received output needed to be 
checked, and non-toxic epitopes must be separated for 
further analysis in the next step. However, one of the 
challenges in the data received from this server was the 
existence of a large amount of information that con-
fused us. We used Python programming to overcome 
this challenge and shorten the vaccine design time. As 
mentioned above, the server developed a Python appli-
cation to optimize and enrich the output file. The Py-
thon script first reads the input file to reach the target 
word “non-toxic.” It then lists all the identified records 
in another file with the title “non_toxic.txt.” then the 
number of rows that contain the non-toxic phrases was 
selected, and these numbers matched to the duplicate 
rows in another input file named (epitope.txt). Utiliz-
ing this methodology has supported processes of data 
extraction, formatting, and augmentation to assure the 
quality of its output and speed up our operations. The 
code for this application is located in a repository on 
GitHub with the following access link: https://github.
com/Amirlrj128/bioinf-applications.

2.5 Assessment of immunogenicity level

The VaxiJen v2.0 server was utilized to estimate the pro-
tein’s antigenicity and remove epitopes that could not 
stimulate the immune system based on the 0.7 thresh-
old. This server, available at http://www.ddg-pharmfac.

net/vaxijen/VaxiJen/VaxiJen.html, employs an ACC 
transformation method to convert the provided protein 
sequence into standardized vectors. The predictions 
heavily rely on the chemical properties of proteins. No-
tably, VaxiJen v2.0 has reported accuracy rates ranging 
from 70% to 89%(19).

2.6 Utilizing Python Programming to classify the 
output of the VaxiJen server

The second software, designed in Python, is coded to 
classify the output data in summary mode on the Vax-
iJen server. This software was developed for more 
straightforward classification and access to select im-
munogen epitopes for further evaluation. The approach 
of the commands written in Python for this software is 
that it first receives the output file of the VaxiJen server 
in summary mode as input. Then, it divides them into 
two categories among rows with the phrase’s “antigen” 
and “non-antigen” and finally provides us with two files 
with the mentioned separate names. Following the link 
in GitHub, refer to the repository of this software code: 
https://github.com/Amirlrj128/bioinf-applications.

2.7 Forecasting the allergenic properties of epitopes

The AllerTOP v2.0 server assessed the allergenicity 
of the predicted epitopes. Accessible at https://www.
ddg-pharmfac.net/AllerTOP/, the AllerTOP server uses 
an auto cross-covariance(19) method to convert protein 
sequences into uniform vectors of equal length. It is 
noteworthy that AllerTOP v2.0 has reported accuracy 
rates of 65%(21).

2.8 Finalize the vaccine candidate sequence

In this step, the selected epitope sequences are com-
bined with the adjuvant sequence downloaded from the 
Uniport website, available at https://www.uniprot.org/, 
and various linkers to finalize the vaccine candidate se-
quence. The sequence of epitopes will be inserted as B 
cells first, then MHCs, and finally CTLs and connect-
ed with linker sequences. Then, the secondary struc-
ture of the vaccine candidate protein was obtained us-
ing the probe server https://npsa-prabi.ibcp.fr/cgi-bin/
secpred_sopma.pl; the stability of the vaccine protein 
was evaluated and observed with the program server to 
finally get a stable structure(22, 23).

2.9 Docking Analysis

The Swarm Dock Server (SDS), https://bio.tools/
swarmdock, is used to design protein-protein inter-
actions. It requires only PDB format files as input to 
create molecular docking with flexible algorithms that 

http://
https://server.wei-group.net/ToxIBTL/Server.html
https://server.wei-group.net/ToxIBTL/Server.html
https://github.com/Amirlrj128/bioinf-applications
https://github.com/Amirlrj128/bioinf-applications
http://www.ddg-pharmfac.net/vaxijen/VaxiJen/VaxiJen.html
http://www.ddg-pharmfac.net/vaxijen/VaxiJen/VaxiJen.html
https://github.com/Amirlrj128/bioinf-applications.
https://www.ddg-pharmfac.net/AllerTOP/
https://www.ddg-pharmfac.net/AllerTOP/
https://www.uniprot.org/
https://npsa-prabi.ibcp.fr/cgi-bin/secpred_sopma.pl
https://npsa-prabi.ibcp.fr/cgi-bin/secpred_sopma.pl
https://bio.tools/swarmdock
https://bio.tools/swarmdock
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can predict molecular binding sites. In fact, SDS can 
be used to guide drug and vaccine design studios for 
evaluation (24).

2.10 Flexibility of the Docked TLR4-Designed Vac-
cine Complex

CABS-f lexht tps : / /b iocomp.chem.uw.edu .p l /
CABSflex2  is a Python package for fast simulations 
of protein structure flexibility. This server simulates 
protein dynamics using the CABS model and makes 
selected modeling results using all-atom representation 
models and analysis of different models(11).

2.11 Codon Optimization and in Silico Cloning

For this step, the server Java Codon Adaptation Tool 
(JCat) is used; JCat is available at the address https://
www.jcat.de/. This server applies the sequenced target 
gene codon for most prokaryotes and eukaryotes that 
host the gene expression process to develop heterolo-
gous protein production. Unlike most existing tools, 
it doesn’t need to define genes with high expression 
manually, and this feature makes it simple and conven-
ient(25).

2.12 Prediction and validation of the Secondary and 
3D Structures PSIPRED software 

To predict the second structure of the vaccine candidate 
protein, there is an excellent tool available at https://
bio.tools/psipred. This tool detects the folding of the 
protein and predicts the topology of the MEMSAT-2 
transmembrane by accessing GenTHREADER. This 
server provides all the previous analysis methods on 
one website and has a very efficient user interface that 
significantly helps scientists discover better results(26).

2.13 ProSA-web service

Protein structure analysis (ProSA) is available at  
https://prosa.services.came.sbg.ac.at/prosa.php. This 
tool is used to find errors in the predicted models of the 
third structure of the vaccine candidate protein, which 
analyzes the protein structure and is very simple and 
practical. In particular, it displays the quality scores of 
a protein in the context of all known protein structures. 
Is given, and problematic structure parts are shown and 
highlighted in a 3D molecule viewer(27).

2.14 Galaxy Refine

To understand the biological function and regulation 
of the protein structure, a tool is needed to predict and 
improve the protein structure with pattern-based mode-

ling, and for this purpose, the GalaxyRefine server was 
selected for structure refinement, one of the best bio-
informatics tools available in this field. Refine server 
uses a CAPS9 (9th Critical Assessment of Techniques 
for Protein Structure Prediction)-based method(28). 
The Galaxy Refine server is available at https://galaxy.
seoklab.org/cgi-bin/submit.cgi?type=REFINE.

3. Results
3.1 Candidate vaccine’s construct design

As reported previously by our team(9), in the present in 
silico study, several prediction and screening protocols 
were employed to design the final construction, which 
was named LIDVC (Leishmania’s in silico-designed 
vaccine candidate). The best-scored epitopes from 
GP63, KMP11, and LACK antigens were evaluated, 
refined, and arranged in the construct (Fig. 4C). Addi-
tionally, an adjuvant, Ov-ASP-1 (Onchocerca volvulus 
Activation-associated secreted protein-1; UniProt ac-
cession number O16854) amino acid sequences were 
inserted. Linear and conformational B-cell epitopes 
within the entire length of the designed vaccine struc-
ture were predicted, and high-ranked CTL epitopes 
were selected. MHC class I and II binding epitopes 
were also predicted, and a thorough antigenicity evalu-
ation of the target proteins was conducted.

3.2 Population coverage analysis

Population coverage analysis indicated that the se-
lected epitopes were predicted to cover 56.25% of 
the global population, suggesting a moderate level of 
overall population representation (Fig 2.). Howev-
er, substantial differences were observed among the 
examined geographic regions. The highest predict-
ed coverage was recorded for Europe (62.60%), fol-
lowed by North America (60.41%) and North Africa 
(50.57%). Moderate coverage levels were observed in 
the West Indies (46.58%), Southeast Asia (44.87%), 
South Asia (43.66%), Southwest Asia (42.42%), East 
Asia (41.67%), East Africa (40.85%), Northeast Asia 
(40.54%), and West Africa (38.35%). In contrast, rel-
atively lower coverage was predicted for South Africa 
(34.58%), South America (30.76%), and Central Africa 
(30.67%). The lowest values were observed in Ocean-
ia (19.74%) and Central America (4.99%). Across all 
evaluated regions, the mean predicted population cov-
erage was 39.58%, with an average of 0.58 epitope hits 
per HLA combination and a PC90 value of 0.17. These 
findings indicate that the selected epitopes have the po-
tential to provide immune recognition across a 

http://
https://biocomp.chem.uw.edu.pl/CABSflex2 
https://biocomp.chem.uw.edu.pl/CABSflex2 
https://www.jcat.de/
https://www.jcat.de/
https://bio.tools/psipred
https://bio.tools/psipred
https://prosa.services.came.sbg.ac.at/prosa.php
https://galaxy.seoklab.org/cgi-bin/submit.cgi?type=REFINE
https://galaxy.seoklab.org/cgi-bin/submit.cgi?type=REFINE
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broad range of geographically and genetically diverse 
populations, although predicted coverage varies con-
siderably in association with regional differences in 
HLA allele frequencies. Overall, the population cov-
erage analysis supports the potential broad applicabil-
ity of the designed multi-epitope vaccine, while also 
highlighting differences in its predicted effectiveness 
among distinct populations.

3.3 Toxicity assessment of epitopes

To mitigate the risk of incorporating toxic epitopes into 
the final vaccine construct, the ToxIBTL server was 
utilized for a comprehensive toxicity assessment. After 
optimizing and refining the results using a Python pro-
gram, the analysis confirmed that all selected epitopes 
exhibited no toxicity, as detailed in Table 1. This step is 
crucial for ensuring the safety and efficacy of the vac-
cine candidate.

Table 1. L. infantum KMP11, LACK, and GP63 selected epitopes toxicity evaluation by ToxIBTL server.

Figure 2. Life cycle and transmission of Leishmania infantum in the 
sandfly and host body.

http://
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3.4 Assessment of epitopes immunogenicity and al-
lergenicity

The immunogenicity of the selected antigens was sys-
tematically evaluated using the VaxiJen v2.0 server, 
which analyzed their amino acid sequences (see Table 
2). To enhance the classification process, a dedicated 
Python program was developed to categorize the output 
into “antigen” and “non-antigen” groups. This method 
not only simplifies the identification of immunogenic 
epitopes but also facilitates their subsequent analysis, 
aligning with best practices observed in similar stud-
ies. Furthermore, the allergenicity of the top-ranked 
epitopes was rigorously assessed using the AllerTOP 
v2.0 server, with findings confirming that none of the 
evaluated epitopes demonstrated allergenic potential 
(refer to Table 2). This comprehensive evaluation is 
crucial for ensuring the safety and efficacy of the vac-
cine candidates in development.

3.5 Physico-chemical parameters in silico analysis

The LIDVC construct comprises 1028 amino acids, 
with 247 positively charged (Arg, Lys) residues and 
116 negatively charged (Asp, Glu) residues. It has a 
molecular weight(10) of approximately 118 kDa and 
an isoelectric point (pI) value of 9.98. The extinction 
coefficient of the chimeric protein was determined to 
be 124565 M−1cm−1 at 280 nm, and its estimated 
half-life was approximately 30 hours in mammalian 

reticulocytes in vitro, over 20 hours in yeast in vivo, 
and more than 10 hours in Escherichia coli in vivo. The 
instability index was calculated to be 29.05. Addition-
ally, the aliphatic index and GRAVY (Grand average of 
hydropathicity) of the final construct were 61.96 and 
-1.018, respectively, as detailed in Table 3. These find-
ings are consistent with existing literature and provide 
valuable insights into the biochemical characteristics of 
the LIDVC construct.

3.6 Prediction and validation of the Secondary and 
3D Structures

The PRABI server available at Self-Optimized Pre-
diction Method with Alignment (SOPMA) (https://
npsa-prabi.ibcp.fr/cgi-bin/npsa_automat.pl?page=/
NPSA/npsa_sopma.html) web server tool was used 
to assess and forecast the secondary structure of the 
LIDVC, predicted result illustrated in the Fig. 3A. The 
resultant structure predominantly consists of 45.43% 
alpha-helix, accompanied by 17.32% beta strands and 
29.86% coils. Subsequently, the most accurate 3D 
model predicted by Phyre2 was chosen for validation 
analysis, depicted in Fig. 3. Additionally, the 3D model 
of the engineered LIDVC was subjected to further eval-
uation using the I-TASSER server, as shown in Fig. 3B.

To refine and validate the tertiary modeling of LIDVC, 
we utilized the ProSA-web service and GalaxyRefine 
server to analyze the quality and potential errors in the 
3D structure of the final selected model (Table 4). The 
final model’s Z-score was -8.91 (Fig. 3B). The Pro-
SA-web results indicated that the selected model re-
quired no further refinement, as the Z-score fell within 
the acceptable range.

Furthermore, the GalaxyRefine server output revealed 
that five models met the acceptable parameters. As de-
tailed in Table 4, model 1 exhibited the most favorable 
characteristics, with a GDT-HA of 0.9881, RMSD of 
0.286, MolProbity of 1.796, Clash score of 11.0, Poor 
rotamers of 0.8, and Rama favored of 96.4.

The Ramachandran plot analysis (RAMPAGE) demon-
strated that 92.8% of the residues were located in the 
favored region, with 5.7% in the allowed region and 
only 1.5% in the outlier region (Fig. 4A), indicating 
the high quality of the predicted structure. Additionally, 
the overall quality factor of the selected model, as de-
termined by the ERRAT server, was 93.4% (Fig. 4B). 
This comprehensive validation process confirmed the 
robustness and accuracy of the selected 3D model of 
LIDVC.

Table 2. L. infantum KMP11, LACK, and GP63 selected 
epitopes’ immunogenicity and allergenicity were evaluated by 

the ToxIBTL and AllerTOP servers, respectively.

http://
https://npsa-prabi.ibcp.fr/cgi-bin/npsa_automat.pl?page=/NPSA/npsa_sopma.html
https://npsa-prabi.ibcp.fr/cgi-bin/npsa_automat.pl?page=/NPSA/npsa_sopma.html
https://npsa-prabi.ibcp.fr/cgi-bin/npsa_automat.pl?page=/NPSA/npsa_sopma.html
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Table 3. Physico-chemical parameters analysis of the LIDVC. *Grand average of hydropathy.

Figure 3. The secondary and 3D structures of LIDVC prediction and validation. (A) Composition and position of α-helices, 
β-sheets, turns, and coils of 2D structure of final construct illustrated graphically. (B) The final 3D model of LIDVC was pre-
dicted by Phyre2/Robetta (Left) and further evaluated by the I-TASSER server (Right).

http://
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3.7 Candidate vaccine validating

The candidate vaccine, which was designed carefully 
and named LIDVC, as shown in Fig. 4C, totally con-
tains 220 amino acids of Ov-ASP-1 as an adjuvant at 
both the N- and C-terminal, and composition of se-
lected and refined epitopes from KMP (15 epitopes), 
LACK (5 epitopes), and GP63 (26 epitopes) and two 
types of linkers (KK & EAAAK) between them which 
contains 808 amino acids (some of epitopes were listed 
in Table 5).

3.8 In silico immune simulation of LIDVC

The immune simulation was accomplished by utiliz-
ing the C-IMMSIM Online server available at http://
kraken.iac.rm.cnr.it/C-IMMSIM, which can be in the 
silico-based simulation of both humoral and cell-medi-
ated immune response. After the application of a single 
dose, the antigen count reached around 7.6×105/mL 
and dipped to count 0 on the 5th day. Significant high 
amount of IgG+IgM and slightly lower IgG1+IgG2 
population was indicated after 12 days of the LIDVC 
single dose as part of the primary immune response 
(Fig. 5A). A high amount of IgM and IgG1 isotypes 
produced by PLB cells population after six days (Fig. 
5B). Amounts of activated memory B-cells persisted till 
33 days as the entire simulation period. Furthermore, 
activation of cell-mediated immunity was predict-
ed from the increased population of active TH, CTL, 
and memory T-Helper cells. Significant proliferation 

of memory T-Helper cell from day ten till day 35 has 
been shown in Fig. 5E. Active T-Helper cell population 
rose to 2,200 cell/mm3 after ten days (Fig. 5F). The 
active cytotoxic T-lymphocytes population reached ~ 
1000 cells/mm3 after 15 days (Fig. 5G). The number 
of resting cytotoxic T-cells population dropped slightly 
and remained at ~100 cells/mm3 with just a single dose 
of LIDVC. Finally, in contrast to the very low level of 
anti-inflammatory cytokine IL-10, the level of pro-in-
flammatory cytokine IFN-γ was vigorously elevated 
(Fig. 5H).

3.9 Docking Analysis

To further evaluate the structural dynamics of the 
docked TLR4-vaccine complex, the CABS-flex serv-
er (https://biocomp.chem.uw.edu.pl/CABSflex2) was 
employed. This Python package specializes in rapid 
simulations of protein structure flexibility, utilizing the 
CABS model to simulate protein dynamics (Fig. 6A). 
Through all-atom representation models, the CABS-
flex server enables the detailed analysis of different 
modeling results(11). This approach not only validates 
the stability of the docked complex but also provides 
insights into its dynamic behavior, ensuring the reli-
ability of the predicted interactions in the context of 
vaccine development.

3.10 Codon Optimization and in silico Cloning

The final construct-generated protein underwent re-

Table 4. Structure Information (Galaxy Refine result)

http://
http://kraken.iac.rm.cnr.it/C-IMMSIM
http://kraken.iac.rm.cnr.it/C-IMMSIM
https://biocomp.chem.uw.edu.pl/CABSflex2
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Figure 4. In silico immune simulation with the subunit vaccine provided by the C-IMMSIM simulation server (available at http://kraken.
iac.rm.cnr.it/C-IMMSIM). (29) Different isotypes and combinations of antibody production (colored peaks) by PLB cells after one dose of 
antigen (Black peak) administration. (C, D) Populations of various subsets of B cells (cells per mm3) induced by the vaccine injection. (E) 
Memory T-Helper cells (not Mem and y2) and Total T-Helper cell proliferation curve. (F) T-Helper cell population contains active, resting 
(not encountered the antigen), and anergic (T-cells tolerant to antigens) cells after LIDVC injection. (G) Proliferation of active, resting, 
and anergic cytotoxic T-cells induced by LIDVC. (H) The various cytokines and interleukin concentrations are shown in colored peaks 
with prominent up-regulation of pro-inflammatory IFN-γ (shown in violet). The inside graph shows a measure of diversity (D) of IL-2.

http://
http://kraken.iac.rm.cnr.it/C-IMMSIM
http://kraken.iac.rm.cnr.it/C-IMMSIM
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Table 5. LIDVC protein epitopes antigenicity. Some high-
ranked epitopes are listed below.

Figure 4. (A) The representation of the docked LIDVC-TLR4 com-
plexes was analyzed by the SwarmDock server. (B) In silico cloning 
of the LIDVC sequences into pET28a (+) vector as pET-LeishVac 
construct using SnapGene 5.3.1.

Figure 6. (A) The 3D vaccine models were validated through refine-
ment using Ramachandran plot analysis with the PROCHECK web 
tool. (B) The ERRAT diagram illustrates the quality of the modeled 
structure of LIDVC. It includes two lines on the error axis, repre-
senting the confidence level for rejecting regions surpassing the er-
ror value. *Expressed as the percentage of the protein for which the 
calculated error value falls below the 99% rejection limit indicates 
the overall quality. High-resolution structures typically yield values 
around 95% or higher, while lower resolutions (2.5 to 3A) average 
around 91% or higher. #residue refers to a single unit that makes up 
a polymer, such as an amino acid in a polypeptide or protein. The 
overall quality factor of the LIDVC construct is 93.412. (C) Sche-
matic illustration of LIDVC, which contains Ov-ASP-1 as adjuvants 
in both N- and C-terminal of construct, 15 epitopes from KMP11, 
five from LACK, and 26 from GP64 antigens, and KK or EAAAK as 
linkers between them.
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verse translation and codon optimization using EM-
BOSS Backtranseq and the Java Codon Adaptation 
Tool (JCAT) to ensure high-level protein expression 
in E. coli K12. The optimized nucleotide sequence 
achieved a Codon Adaptation Index (CAI) of 0.92, indi-
cating good potential for expression in the chosen host, 
as a CAI of > 0.8 is considered favorable. Additionally, 
the CG content, which falls within the optimum range 
of 30-70%, is crucial for efficient gene expression, with 
our sequence having a mean CG content of 47.04%. 
Finally, to facilitate gene cloning in the pET28a (+) 
vector using the SnapGene 5.3.1 tool, NcoI, and XhoI 
restriction sites were introduced at the N and C-termi-
nals of the sequence, respectively (Fig. 6B).

4. Discussion
Leishmaniasis remains a significant health concern in 
subtropical regions, posing a considerable annual bur-
den on affected populations(12). While various chem-
otherapeutic treatments for leishmaniasis are associat-
ed with adverse effects, the recent progress in vaccine 
development offers a promising strategy for enhancing 
public health and controlling this infectious disease(10, 
13, 14).

The in silico design of the multi-epitope vaccine candi-
date LIDVC against L. infantum has undergone rigor-
ous analyses, resulting in the identification of a viable 
immunogen. By incorporating high-scoring epitopes 
from GP63, KMP11, and LACK antigens alongside the 
adjuvant Ov-ASP-1, the construct demonstrates nota-
ble immunogenic and antigenic properties. The use of 
Python programming has been integral to this study, 
facilitating a variety of computational analyses through 
its robust libraries and tools. Noteworthy methods in-
cluded VaxiJen v2.0(15) for antigenicity evaluation, 
AllerTop v2.0 for allergenicity assessment, and AN-
TIGENpro for immunogenicity predictions and IEDB 
for Population coverage, which collectively provided 
significant insights into the vaccine candidate’s immu-
nological characteristics and its potential to induce a 
powerful immune response.

Docking studies with TLR4 and flexibility analy-
ses via CABS-Flex further corroborated the vaccine 
candidate’s potential efficacy and dynamic behavior. 
Moreover, the codon optimization and physicochemi-
cal parameter analyses have affirmed the feasibility of 
scaling up production and highlighted the stability of 
the LIDVC construct. The use of CAIcal(16) for codon 
optimization has enhanced our understanding of the 
construct’s expression potential and immunogenicity. 

Together, these analyses have established a solid foun-
dation for the development of a viable vaccine against.

Moreover, the validation of the 3D structure using 
state-of-the-art methods such as DeepCDpred(17) and 
AlphaFold(18) It has provided valuable insights into 
the structural integrity of the LIDVC construct, rein-
forcing its potential as an effective immunogen. The 
comprehensive in silico approach has set the stage for 
subsequent experimental validation and preclinical 
studies, aligning with the current trend in vaccine de-
velopment, where in silico analyses play a crucial role 
in guiding experimental and clinical studies to acceler-
ate the translation of vaccine candidates from the labo-
ratory to clinical use.

In conclusion, the in silico analysis of the LIDVC vac-
cine candidate against L. infantum has demonstrated 
its potential as a promising immunogen. Integrating 
advanced computational tools and methodologies has 
provided valuable insights into the candidate’s anti-
genic, structural, and immunogenic properties, laying 
the groundwork for future experimental validation and 
preclinical studies. These findings underscore the sig-
nificance of further investigation to assess the vaccine 
candidate’s efficacy and safety in vivo, with the ulti-
mate goal of contributing to developing a successful 
vaccine against L. infantum.

5. Conclusion
In conclusion, our comprehensive in silico analyses and 
design of the multi-epitope vaccine candidate, LIDVC, 
against L. infantum have provided compelling evi-
dence of its potential as an effective and safe vaccine. 
The antigenicity, allergenicity, and immunogenicity as-
sessments, as well as the docking studies and flexibility 
analysis, collectively support the vaccine candidate’s 
promising efficacy.

Codon optimization, physicochemical parameters anal-
ysis, and validation of the 3D structure have further 
reinforced the construct’s suitability for continued de-
velopment as a vaccine. These findings underscore the 
significance of further investigation to assess the vac-
cine candidate’s efficacy and safety in vivo, with the 
ultimate goal of contributing to developing a successful 
vaccine against L. infantum.

Our research has laid a strong foundation for subse-
quent experimental validation and preclinical studies, 
and we are excited to continue our efforts to advance 
the development of a safe and effective vaccine against 
L. infantum.
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