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Abstract 
Tuberculosis (TB) is a leading cause of death worldwide, caused by Mycobacterium 

tuberculosis (Mtb). The existing Bacillus Calmette-Guerin (BCG) vaccine has limitations, 

especially its reduced effectiveness in adults. This research focuses on developing a multi-

epitope Mtb vaccine candidate through reverse vaccinology, aiming for a more effective 

and widely applicable solution. The study used the Vaxign2 pipeline to identify Mtb 

antigenic proteins, including PPE35, mpt83, mrsA, and rplK. Cytotoxic T cells (CTL), 

helper T cells (HTL), and B-cells, were predicted and selected based on their antigenicity, 

non-allergenicity, and non-toxicity. The chosen epitopes from these proteins, 4 CTL, 1 

HTL, and 1 B cell epitope, were assembled into a multi-epitope vaccine construct, 

incorporating the adjuvant PADRE and linkers (EAAAK, AAY, and GPGPG). The vaccine 

candidate has a molecular weight of 10.68 kDa, with stability, hydrophilicity, and 

solubility confirmed. Its 3D structure was validated for quality and accuracy. Docking and 

molecular dynamics simulations with immune receptors TLR2 and TLR4 showed strong, 

stable interactions. The global population coverage of the vaccine candidate was reaching 

98.19%. In silico cloning into the pET30a(+) vector in Escherichia coli BL21(DE3) was 

successful, with codon optimization (CAI: 0.98) and a GC content of 54.6%. Immunity 

simulations indicated enhanced activation of antigen-presenting cells, CTL, HTL, B cells, 

and antibody production. Overall, this study suggests vaccine candidate is a promising 

multi-epitope vaccine candidate, warranting further in vivo testing, including protein 

expression in E. coli. 

Keywords: Tuberculosis vaccine, reverse vaccinology, multi-epitope construct, 

molecular docking and dynamic, immunoinformatics 

Introduction 

Following the end of the global COVID-19 pandemic, tuberculosis (TB) has once again become 

the world's deadliest infectious disease, causing an estimated 1.25 million deaths in 2023 [1]. The 

number of TB cases since 2020 has continued to rise and is estimated to infect 10.8 million people 

by 2023 [1]. Research efforts to develop treatments and preventions through medication, 

diagnostics, and vaccines are still ongoing. To date, there is only one commercial vaccine used 

globally for the prevention of Mycobacterium tuberculosis (Mtb) infection, the Bacillus Calmette-

Guérin (BCG) vaccine, which was introduced over a century ago. However, this vaccine, 

administered since infancy, has some limitations, such as reduced protection in adolescents, 

adults, and immunocompromised individuals, with variable efficacy ranging from 0% to 80% [2].  

mailto:nugrahapraja@sith.itb.ac.id
mailto:erna@sith.itb.ac.id
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Various TB vaccine candidates that are also effective for adolescents, adults, and individuals 

with immunocompromising conditions have been developed. Currently, there are 17 TB vaccine 

candidates in clinical trials. Two of them, GamTBvac and M72/AS01E, are in phase III and utilize 

protein/adjuvant vaccine technology, which involves using parts of the antigenic protein to 

trigger immune responses and an adjuvant to help induce innate immunity that leads to specific 

adaptive immunity. GamTBvac and M72/AS01E can induce Th-1 type CD4+ helper T cell (HTL) 

responses [3]. Ideally, a vaccine could elicit effective responses by inducing CD8+ cytotoxic T cells 

(CTLs), CD4+ helper T cells (HTLs), and B cells. A multi-epitope vaccine (MEV) consisting of 

CTL, HTL, and B cell epitopes from one or multiple antigens can induce both cellular and humoral 

immune responses strongly. The CTL epitopes are MHC-restricted and can be recognized by T 

cell receptors (TCRs) of numerous clones from various T cell subsets. MEV also reduces 

undesirable components that can trigger adverse effects and pathological immune responses [4].  

The development of a MEV candidate began with identifying new vaccine antigens through 

analyzing genomic data from public databases. This approach, known as reverse vaccinology 

(RV), speeds up the discovery of antigenic proteins and the design of effective vaccine candidates. 

Epitope selection for MEV candidates is aided by immunoinformatics tools that predict and 

screen T cell and B cell epitopes within target antigenic proteins [4,5]. Several programs and 

pipelines have been developed for RV, including VaxiJen, Vaxign, and NERVE. Vaxign2 is the 

updated version of Vaxign, which combines Vaxign’s RV pipeline with machine learning (Vaxign-

ML) [6]. Vaxign’s RV pipeline filters protective antigen proteins of pathogens such as bacteria, 

viruses, or fungi based on subcellular localization, transmembrane domains, adhesin probability, 

and similarity to host proteins (human, mouse, pig). Vaxign-ML enhances this by integrating the 

biological and physicochemical properties of protein sequences as input features. The input 

retrieved from the Protegen database, which includes experimentally verified protective antigens 

collected over ten years, was used to train the machine learning model.  

To facilitate the development of a MEV candidate for TB, the Vaxign2 was employed to 

identify prospective protective antigen candidates. Subsequently, epitopes for CTL, HTL, and B 

cells were predicted from these selected antigens. Additional in silico analyses were conducted to 

validate the predicted results of the vaccine construct, including immune response simulation, 

molecular docking studies to assess interactions between the MEV and immune cell receptors 

(TLR2 and TLR4), and evaluation of the stability of these interactions.  

Methods 

Selection of Mtb strain, antigens, and retrieval of protein sequences 

The vaccine target protein was chosen based on results from a precomputed query on the Mtb 

proteome using Vaxign2. Protein sequences from Mtb strains from different lineages were 

retrieved from the NCBI prokaryotic database. The sequences were aligned using the Multiple 

Sequence Alignment (MSA) method with ClustalO 

(https://www.ebi.ac.uk/jdispatcher/msa/clustalo?stype=protein) [7]. Protein conservation was 

assessed using Antigenic Variability Analyzer (AVANA) 

(https://sourceforge.net/projects/avana/) [8]. A consensus sequence was then generated using 

EMBOSS cons (https://www.ebi.ac.uk/jdispatcher/msa/emboss_cons?stype=protein) [7]. 

Prediction of cytotoxic T lymphocyte epitope 

The epitopes of CTL are predicted by analyzing amino acid sequences using the NetCTL 1.2 server 

(http://www.cbs.dtu. dk/services/NetCTL/), targeting 12 MHC class I supertypes, including A1, 

A2, A3, A24, A26, B7, B8, B27, B39, B44, B58, and B62 [9]. Prediction of helper T lymphocyte 

epitopes was also performed. 

The epitopes of HTL were predicted using the IEDB MHC II server 

(http://tools.iedb.org/mhcii/) against a complete set of human leukocyte antigen (HLA) 

references [10].  Interferon gamma (IFN-γ) epitopes are predicted because IFN-γ is a critical 

cytokine in the innate immune response and is predominantly secreted by HTL-induced immune 

cells. The prediction of IFN-γ epitopes was conducted using the IFNepitope2 server 

(https://webs.iiitd.edu.in/raghava/ifnepitope2/predict_human.php) [11]. 

https://www.ebi.ac.uk/jdispatcher/msa/clustalo?stype=protein
https://sourceforge.net/projects/avana/
https://www.ebi.ac.uk/jdispatcher/msa/emboss_cons?stype=protein
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Prediction of linear B‑cell epitopes 

The B-cell epitope of the target protein was predicted using the ABCpred server 

(http://www.imtech.res.in/raghava/abcpred/), which employs a recurrent neural network, with 

a threshold set at 0.51. The selected epitope had a score of ≥0.9 [12]. 

Prediction of antigenicity, allergenicity, and toxicity of the protein sequence 

Antigenicity was assessed using ANTIGENpro (http://scratch.proteomics.ics.uci.edu/) and 

VaxiJen v2.0 (http://www.ddg-pharmfac.net/vaxijen/VaxiJen/VaxiJen.html), using thresholds 

of 0.5 and 0.4, respectively [13,14]. Allergenicity was evaluated via AllerTOP v2.0 (https://ddg-

pharmfac.net/AllergenFP/) and AllergenFP (https://ddg-pharmfac.net/AllergenFP/) [15,16]. 

Toxicity predictions were performed with the ToxinPred server 

(https://webs.iiitd.edu.in/raghava/toxinpred/), with non-toxic epitopes chosen for vaccine 

candidate construction [17,18]. 

Population coverage 

The population coverage of vaccine candidates derived from selected epitopes was estimated with 

IEDB Population Coverage (http://tools.iedb.org/population/) [19]. The analysis included the 

world, all subregions, and the Indonesian population. MHC-I, MHC-II, and their combinations 

were used for the calculations. 

Construction of a multi‑epitope vaccine candidate sequence 

Epitopes from target proteins that are highly antigenic, immunogenic, non-allergenic, stable, and 

soluble were chosen for the final vaccine design. The epitope sequences for CTL, HTL, B cells, and 

the adjuvant (PADRE sequence) were linked with EAAAK, AAY, and GPGPG linkers to create a 

multi-epitope vaccine sequence [20,21]. The final construct was then reassessed for antigenicity, 

allergenicity, and toxicity. 

Physicochemical properties and solubility prediction of the MEV candidate 

Physicochemical properties such as molecular weight, theoretical pI, estimated half-life, 

instability index, aliphatic index, and grand average of hydropathicity (GRAVY) were calculated 

with Expasy Protparam (https://web.expasy.org/protparam/) [22]. Vaccine solubility prediction 

was performed using the Protein–Sol server (http://protein-sol.manchester.ac.uk) [23]. 

Secondary structure prediction of MEV candidate 

The vaccine candidate's secondary structure was analyzed with PSIPRED 

(http://bioinf.cs.ucl.ac.uk/psipred/) and GOR4 (https://npsa.lyon.inserm.fr/cgi-

bin/npsa_automat.pl?page=/NPSA/npsa_gor4.html), which are effective at predicting topology, 

transmembrane helices, folding, domain recognition, and aggregation [24,25]. Additionally, 

ACCPro (http://scratch.proteomics.ics.uci.edu/) was used to predict solvent accessibility [26]. 

Tertiary structure, refinement, and validation of the MEV candidate 

The tertiary or 3D structure was modeled through homology using trRosetta 

(https://yanglab.qd.sdu.edu.cn/trRosetta/) [27]. This model was then refined with the 

GalaxyRefine web server (http://galaxy.seoklab.org/cgi-in/submit.cgi?type=REFINE) [28,29]. 

Validation steps included 3D structure validation and quality assessments with UCLA-SAVES, 

predicting ERRAT scores [30,31]. Swiss-Model Expasy helped estimate QMEAN and Z-scores 

[32]. MolProbity was used to evaluate Ramachandran plots and Z-scores [33]. 

Prediction of discontinuous B‑cell epitopes 

Discontinuous B-cell epitopes are small surface fragments of proteins (in their tertiary structure) 

that imitate the shape and immune response of epitopes recognized by antibodies. The ElliPro 

server (http://tools.iedb.org/ellipro/) was used to predict these discontinuous B-cell epitopes 

based on the tertiary structure of vaccine candidates [34]. 

Molecular docking of the MEV with the immune receptors (TLR2 and TLR4) 

The immune response's effectiveness depends on the binding between the antigen and immune 

receptors TLR2 (PDB ID: 5D3I) and TLR4 (PDB ID: 4R7D), sourced from the Protein Data Bank 

https://ddg-pharmfac.net/AllergenFP/
http://tools.iedb.org/population/
https://web.expasy.org/protparam/
http://protein-sol.manchester.ac.uk/
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(https://www.rcsb.org/), through molecular docking [35]. Protein-protein docking was carried 

out using ClusPro 2.0 (https://cluspro.bu.edu/login.php) [36]. To validate the docking results, 

including free binding energy, binding affinity, and dissociation constant, the PRODIGY server 

(https://wenmr.science.uu.nl/prodigy/) and HawkDock server 

(http://cadd.zju.edu.cn/hawkdock/) were used [37,38]. Visualizations of the docking results 

were created with BIOVIA Discovery Studio 2019 [39]. Interactions between the residues in the 

complex were predicted with PDBsum [40]. 

Molecular dynamics simulation 

Molecular dynamics simulations with the CHARMM36 force field in GROMACS predicted the 

stability and movement of vaccine candidates and receptors [41,42]. The system was solvated 

with TIP3P water molecules and neutralized with Na+ or Cl- ions. Energy minimization involved 

both steepest descent and conjugate gradient methods. Equilibration was carried out using NVT 

(isothermal isovolumetric; constant variables consist of number of particles (N), volume (V), and 

temperature (T)) and NPT (isothermal isobaric; constant variables consist of number of particles 

(N), pressure (P), and temperature (T)) simulations until reaching 300 K and 1 atm, employing 

Berendsen thermostats and barostats. The 100 ns simulation trajectory was analyzed to 

determine Root Mean Square Deviation (RMSD) and Root Mean Square Fluctuation (RMSF). 

Codon optimization and in silico cloning 

 Vaccine candidate expression in Escherichia coli can be improved through codon optimization 

with the Jcat server (www.jcat.de), which evaluates the codon adaptation index (CAI) (0.8–1) and 

GC content (30–70%) based on the E. coli strain K12 codon system [43]. The vaccine gene 

sequence was cloned into the pET-30a(+) plasmid vector, using E. coli BL21(DE3) as the host, 

with assistance from SnapGene (https://www.snapgene.com/) [44]. 

Immune simulation 

The development of the vaccine's immunogenic profile was simulated with C-IMMSIM C 

language version of the IMMune System Simulator (https://150.146.2.1/C-IMMSIM/index.php) 

[45,46]. The multi-epitope Mtb vaccine was administered three times, at four-week intervals, 

with simulation times set at 1, 84, and 168. All other parameters used default settings except for 

the simulation volume and simulation step, which were 50 and 1100, respectively. The random 

seed for the vaccine injection was set to 12345, and lipopolysaccharide was not included. 

Results 

Antigen Mtb protein targets and conservation 

Based on the Vaxign2 precompute query on the proteome of Mtb strain H37Rv, six top proteins 

meet the Vaxign and Vaxign-ML screening parameters. After comparing these with other 

available Mtb strains, four selected proteins are found in all strains: PPE35, mpt83, rplK, and 

msrA. According to the prediction, conserved regions with a conservation threshold above 90% 

are identified. PPE35 has five conserved regions, whereas mpt83, rplK, and msrA are fully 

conserved at 100%. 

Prediction of cytotoxic T lymphocyte epitopes 

Using NetCTL 1.2 for CTL prediction on 7 MHC class I supertypes identified 257 peptide epitopes 

from PPE35, mpt83, rplK, and msrA. The final CTL epitopes selected include 4 from PPE35 (1 

epitope) and 3 from msrA, all with over 95% conservation. These epitopes are antigenic, non-

allergenic, non-toxic, and hydrophilic (Table 1). 

Table 1. Selected cytotoxic T lymphocyte (CTL) epitopes that meet all criteria for antigenicity, 

nonallergenicity, non-toxicity, hydrophilicity, and effective binding to MHC-I supertype alleles 

Protein Peptide  
sequence 

MHC 
supertype 

MHC 
binding affinity 

Rescale 
binding affinity 

C-terminal 
cleavage affinity 

Transport Prediction 
score 

PPE35 NPGHGNTGF B7 0.4327 0.8347 0.8706 1.999 1.0652 
msrA RGTSYRSAI B7 0.3879 0.7484 0.1526 0.337 0.7882 
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Protein Peptide  
sequence 

MHC 
supertype 

MHC 
binding affinity 

Rescale 
binding affinity 

C-terminal 
cleavage affinity 

Transport Prediction 
score 

msrA DEQQKRIAL B8, B44 0.2388 0.8157 0.5068 0.366 0.9100 
msrA LPRRTAESA B7, B8 0.6669 1.2866 0.8316 -0.655 1.3786 
msrA DLIRNQPGV A26 0.3205 0.8600 0.5486 0.038 0.9442 

Prediction of helper T lymphocyte epitopes 

HTL epitope prediction was conducted using the IEDB MHC-II server with the NetMHCIIpan 4.1 

algorithm. The reference allele set included 27 HLA alleles. From PPE35, mpt83, rplK, and msrA, 

a total of 143 epitopes were chosen based on a percentile rank of <0.25. The prediction of IFN-γ-

inducing epitopes with the IFNepitope2 server resulted in 6 epitopes. The final HTL epitope 

selected is from mpt83, which shows 100% conservation and is antigenic, non-allergenic, non-

toxic, hydrophilic, and an IFN-γ inducer (Table 2). 

Table 2. Selected helper T lymphocyte (HTL) epitope that meets all criteria for antigenicity, 

nonallergenicity, non-toxicity, hydrophilicity, and an IFN-γ inducer 

Allele Protein Start End Length Core peptide Peptide Score Rank 
HLA-DRB1*03:01 mpt83 138 152 15 LKTDAKLLS ATIDQLKTDAKLLSS 0.9636 0.07 

Prediction of linear B cell epitope 

The LBL epitopes used had a score of ≥0.9, and 12 epitopes were selected, including 8 PPE35 

epitopes, 1 mpt83 epitope, 1 rplK epitope, and 2 msrA epitopes. The chosen LBL epitopes include 

1 epitope from rplK with 100% conservation, which is antigenic, non-allergenic, non-toxic, and 

hydrophilic (Table 3). 

Table 3. Selected linear B lymphocyte (LBL) epitope that meets all criteria for antigenicity, 

nonallergenicity, non-toxicity, and hydrophilicity 

Protein Sequence Start position Score 
rplK KGSAEPHKTKVAKVTW 89 0.92 

Population coverage prediction 

The combined coverage of the global population for MHC class I and II reached 98.19%. Nearly 

all regions have over 90% coverage, with the exceptions of the Middle East (86.5%), Central 

America (85.51%), East Asia (83.41%), and South Africa (70.29%) (Figure 1). 

 

 

Figure 1. Population coverage of the multi-epitope vaccine (MEV) candidate.  

 

 



Hasan et al. Narra J 2026; 6 (1): e2897 - http://doi.org/10.52225/narra.v6i1.2897        

Page 6 of 16 

O
ri

g
in

al
 A

rt
ic

le
 

 

 

Construction of a multi‑epitope vaccine candidate sequence 

The Mtb vaccine candidate (KV) construct included the PADRE sequence and the PPE35 epitope, 

connected by a rigid EAAAK linker. An AAY linker links the CTL and HTL epitopes, whereas a 

GPGPG linker joins the HTL and LBL epitopes. The AAY and GPGPG sequences act as flexible 

linkers (Figure 2). 

 

Figure 2. The Mycobacterium tuberculosis vaccine candidate (KV) construct.  

Physicochemical properties and solubility prediction of the MEV candidate 

The general features of the KV construct, including antigenicity, allergenicity, and toxicity, meet 

the criteria for vaccine candidates. Predictions of antigenicity using VaxiJen and AntigenPRO 

show that this vaccine candidate has antigenic properties, with a score of 0.7513 on VaxiJen and 

0.876975 on AntigenPRO. The vaccine construct is also predicted to be non-allergenic by 

AllergenFP and AllerTOP. Furthermore, toxicity predictions with ToxinPred indicate it is non-

toxic. The KV construct comprises 102 amino acids and has a molecular weight of 10.68 kDa. Its 

isoelectric point (pI) is above 7, suggesting KV is basic and exists in a positive and negative ion 

equilibrium. Based on instability and aliphatic indices, KV's structure and temperature stability 

are favorable. The half-life in mammalian cells is 4.4 hours, over 20 hours in yeast, and more than 

10 hours in E. coli. The construct also displays good solubility, as shown by a GRAVY value of -

0.347, indicating hydrophilicity, and a solubility score of 0.791 in ProtSol (Table 4). 

Table 4. Biological and physicochemical properties of the vaccine candidate construct 

Properties  Mtb vaccine candidate (KV) 
Biological   
Antigenicity   0.7513 (VaxiJen); 0.876975 (AntigenPRO) 
Allergenicity  Non-allergen 
Toxicity Non-toksik 
Physicochemical 
Amino acid 102 
Molecular weight 10679.10 Da 
Theoretical pI 9.74 (ProtParam); 10.170 (ProtSol) 
Instability Index (II) 27.55 
Aliphatic Index (AI) 73.14 
Grand Average of Hidropathicity (GRAVY) -0.374 
Half-life 4.4 hours (mammalian; in vitro); >20 hours (yeast; in 

vivo); >10 hours (E. coli; in vivo) 
Solubility (ProtSol) 0.791 

Secondary structure prediction of MEV candidate 

The secondary structure of KV consists mainly of 53.92% α-helix, with 11.67% β-strand and 

34.31% coil (Figure 3). Additionally, 56.86% of the amino acids in KV are in exposed areas, and 

43.14% are in buried areas. 

Tertiary structure, refinement, and validation of the MEV candidate 

The tertiary structure of KV was predicted using trRosetta, which predicts 3D structures through 

a combination of de novo and template-based modeling methods. The trRosetta program 

evaluates the quality of a protein model using the TM-score (template modeling score), which 

ranges from 0 to 1. A higher TM-score indicates a better-quality model. The TM-score for the KV 
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structure predicted by this program is 0.249. The KV tertiary structure was then refined with 

GalaxyRefine. The best model from the refinement process was selected (Figure 4A). 

 

Figure 3. Secondary structure of the multi-epitope vaccine (MEV) candidate construct. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 
 

 
 

 
 

Figure 4. Tertiary structure prediction, refinement, and validation. (A) Refined tertiary structure 
of KV; (B) validation of the structure is conducted by Ramachandran plot analysis, which shows 
100% of residues in the favored region by MolProbity; (B) QMEAN Z-score <1 by Swiss-Model 
Expasy; (D) ERRAT score 92.771 predicted by UCLA-SAVES. 

The amino acid percentage in the favored Ramachandran region is 100% (Figure 4B). The 

QMEAN score for KV is 0.62, indicating good quality, and its Z-score is less than 1 (Figure 4C), 

A B 

D C 
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also suggesting a well-structured model. The MolProbity Rama-Z score is 0.71 with a deviation of 

0.76, signifying normal backbone geometry [47]. The ERRAT score of 92.771 reflects high protein 

quality, as scores exceeding 90 are regarded as indicative of high quality (Figure 4D) [30,48]. 

Prediction of discontinuous B‑cell epitopes 

Discontinuous B-cell epitopes are atomic patches on the surface of proteins that are recognized 

by antibodies and/or cell receptors within the immune system, originating from tertiary 

structures. More than 75% of B-cell epitopes are classified as discontinuous epitopes [34,49]. 

Based on ElliPro predictions, six discontinuous B-cell epitopes were identified within the tertiary 

structure of KV, each containing 3–13 residues (Figure 5 and Table 5). 

 

Figure 5. Predicted discontinuous B‑cell epitopes of the multi-epitope vaccine (MEV) candidate. 

Table 5. Predicted discontinuous B‑cell epitopes of the multi-epitope vaccine (MEV) candidate 

No Residues Number of residues Score 
1 A:N19; A:P20; A:G21; A:H22; A:G23; A:N24; A:T25 7 0.807 
2 A:G82; A:P83; A:G84; A:P85; A:G86; A:K87; A:G88; A:S89; 

A:A90; A:E91; A:P92; A:H93; A:K94 
13 0.784 

3 A:W7; A:K10; A:E14 3 0.739 
4 A:K96; A:V97; A:A98; A:K99; A:V100; A:T101; A:W102 7 0.717 
5 A:R46; A:A48; A:E49 3 0.716 
6 A:D55; A:L56; A:N59; A:Q60; A:P61; A:G62 6 0.574 

Molecular docking of the MEV with the immune receptor (TLR2 and TLR4) 

The ClusPro 2.0 docking model of the TLR2-KV complex (Figure 6A) reveals the lowest energy 

of -904.6, while TLR4-KV (Figure 6B) shows a value of -1028.5. HawkDock predicts free binding 

energies of -125.07 kcal/mol for TLR2-KV and -86.54 kcal/mol for TLR4-KV. PRODIGY 

estimates binding affinities at -16.6 kcal/mol for TLR2-KV and 14.3 kcal/mol for TLR4-KV, 

indicating robust and stable complex formations [37,38]. The dissociation constants (Kd) are 

6.6×10-13 M for TLR2-KV and 3.1×10-11 M for TLR4-KV, signifying strong interactions [38]. In the 

TLR2-KV complex, there are 29 hydrogen bonds, 9 salt bridges, and 173 non-bonding contacts 

connecting KV to the TLR2 receptor. In the TLR4-KV complex, there are 12 hydrogen bonds, 2 

salt bridges, and 191 non-bonding contacts. KV binds to two chains of the TLR4 tetramer, namely 

one TLR4 receptor and MD-2. The presence of hydrogen bonds in both complexes further 

supports stable interactions between KV and immune cell receptors. 

 

1 2 3 

4 5 6 
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Figure 6. Visualization of the interactions multi-epitope vaccine (MEV) candidate-immune cell 
receptors obtained via molecular docking by ClusPro 2.0. (A) TLR2 (green) – KV (blue); (B) TLR4 
(yellow) – KV (blue). 

Molecular dynamics simulation 

The RMSD graph indicates that the TLR2-KV complex has slight fluctuations at the start and 

stabilizes around 30 ns, maintaining an RMSD of 0.4-0.9 nm. Meanwhile, the TLR4-KV complex 

shows minor fluctuations around 25 ns and 75 ns, with an RMSD of 0.6–1.2 nm (Figure 7A). 

However, the bond between TLR4 and KV remains intact, and the overall conformation of the 

complex stays largely unchanged; therefore, this complex is considered stable. The RMSF graph 

reveals fluctuations in residues 250–400 and 500–600 of the TLR2 receptor. In contrast, TLR4 

shows no significant fluctuations except at the beginning (Figure 7B). Fluctuations in KV within 

both the TLR2 and TLR4 complexes occur around residues 25 and 75–100. However, KV 

fluctuations are higher around residue 25 in the TLR2 complex, while in the TLR4 complex, they 

are greater around residues 75–100 (Figure 7C). This suggests that the TLR2-KV interaction is 

more flexible than the TLR4-KV interaction [50]. 

 

 

Figure 7. Results of molecular dynamics simulations on TLR2-KV (green) and TLR4-KV (yellow). 
(A) RMSD; (B) RMSF of residues in TLR2/4; (C) RMSF of residues in KV. 
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Codon optimization and in silico cloning 

The KV construct, composed of 102 amino acids, is reverse-translated into a nucleotide sequence 

comprising 306 base pairs. Its codon adaptation index (CAI) reaches 0.98 in the E. coli K12 

expression system. The GC content of the optimized sequence is 54.6%, which is within the ideal 

range of 30–70%. This optimized KV nucleotide sequence was inserted into the pET30a(+) 

plasmid and virtually cloned into E. coli strain BL21(DE3) with SnapGene software (Figure 8) 

[44]. Since the KV sequence lacks HindIII and EcoRI restriction sites, these were added to the N-

terminal and C-terminal ends to enable its insertion into the plasmid. 

 

Figure 8. Results of in silico cloning of Mtb vaccine candidate (KV) on the pET-30a vector. Red: 
KV insert; light purple: primer. 

Immune simulation 

The immunity simulation results illustrate the activation and antigen presentation processes by 

antigen-presenting cells, including dendritic cells and macrophages (Figure 9A-B). MHC-II-

mediated antigen presentation activates HTL cells, mostly Th1, as shown in Figure 9C. The 

primary cytokines and interleukins produced are IL-2, IFN-γ, TGF-β, IL-10, and IL-12 (Figure 

9D). The CTL population increases after each injection (days 1, 28, and 56), then stabilizes 

following the third dose until just before day 100, after which it declines (Figure 9E). The B cell 

population also rises with each injection, forming memory B cells that last over 300 days (Figure 

9F). IgG and IgM antibody titers increase with each dose, reaching a peak at the third injection, 

then gradually decline to a steady level (Figure 9G). Initially, IgM and IgG titers are nearly equal 

after the first injection, but in subsequent doses, IgG titers surpass IgM. 
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Figure 9. Immunity simulation against Mtb multi-epitope vaccine candidates. (A) Dendritic cell 
population; (B) macrophage population; (C) HTL population; (D) cytokine and interleukin 
production; (E) CTL population; (F) B cell population; (G) antibody production. 

Discussion 
TB remains one of the deadliest infectious diseases worldwide. About 90% of individuals infected 

with Mtb and who develop TB are adults. The only existing vaccine for Mtb is the BCG vaccine, 

administered in infancy, but its effectiveness may decrease in adulthood [1,3]. As a result, booster 

vaccines for TB prevention in adults are being developed. Advances in technology and 

information have sped up vaccine research compared to traditional methods, especially through 

a bioinformatics approach called reverse vaccinology. This method identifies immunogenic 

antigens from a pathogen using data from genomic and proteomic databases [5]. The Vaxign2 
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pipeline selected antigen protein candidates such as PPE35, mpt83, rplK, and msrA. Prior studies 

show that rplK and mpt83 are immunogenic because they can stimulate HTL and secrete IFN-γ 

in Mtb-infected animal models [51,52]. PPE35 is also promising as an antigen because it plays a 

role in Mtb dormancy within macrophages and contributes to antibiotic resistance [53]. 

Additionally, one vaccine candidate in clinical trials, ID93 + GLA-SE, includes a protein from the 

PE/PPE family named PPE42, suggesting proteins from this family may be explored as potential 

antigens [3,54]. MrsA also shows potential as an antigen for Mtb vaccines because it has 

demonstrated immunogenicity in the pathogen Neisseria gonorrhoeae. MrsA can stimulate 

humoral immune responses in animal models via bactericidal activity and opsonization [55]. 

Multi-epitope vaccines are made up of multiple peptide sequences or groups of peptides. 

These vaccine constructs are created using various types of antigenic peptides that provoke highly 

targeted immune responses. The benefit of this kind of vaccine is that multi-epitope vaccines can 

identify different classes of MHC molecules. An ideal multi-epitope vaccine design includes 

epitopes for CTL, HTL, and B-cells, enabling it to trigger a strong defense against pathogens. 

Epitopes for T cells and B cells can activate both cellular and humoral immunity [4]. 

Our Mtb vaccine candidate (KV) construct includes CTL epitopes, HTL epitopes, LBL 

epitopes, and an adjuvant to boost the vaccine's ability to elicit an immune response. The PADRE 

sequence is used as an adjuvant because it can improve vaccine effectiveness with minimal 

toxicity. The PADRE sequence is a pan-HLA-DR peptide epitope that can bind to various MHC 

class II molecules with high affinity, thereby enhancing CTL responses [20]. The PADRE 

sequence and the PPE35 epitope are linked by a rigid EAAAK linker, which helps to separate the 

domains to preserve the stability or biological activity of the protein complex. An AAY linker 

connects CTL and HTL epitopes, while a GPGPG linker links HTL and LBL epitopes. The AAY 

and GPGPG sequences are flexible linkers that facilitate passive assembly of proteins, 

maintaining the distance between functional domains [56]. 

Vaccine effectiveness can differ across populations in various regions worldwide. This 

variation is due to differences in the distribution of HLA among individuals in each area, as HLA 

shows high polymorphism. Therefore, population coverage analysis is essential to ensure that 

vaccine candidates can be effective with broad coverage. According to IEDB Population Coverage 

predictions, the overall population coverage (MHC class I and II) globally reaches 98.19%. In 

nearly all regions, the combined population coverage exceeds 90%. The goal of the 90% coverage 

target is to ensure that most of the population can be effectively immunized, maximizing the 

vaccine's potential for broad protection. The predicted effectiveness of multi-epitope Mtb vaccine 

candidates is expected to provide coverage for diverse populations worldwide [19,57]. 

The KV construct, comprising 102 amino acids, has a molecular weight of 10.68 kDa, based 

on its physicochemical properties. Proteins under 60 kDa are typically efficiently expressed in E. 

coli [58]. The construct also shows stability across different temperatures, as indicated by its 

instability and aliphatic indices. Moreover, KV is soluble according to GRAVY values and Protsol 

scores, suggesting that the vaccine candidate can readily dissolve in the body [23,59]. 

Predicting the secondary and tertiary structures of MEV candidates is essential for further 

analysis. The secondary structure of KV mainly consists of α-helices (53.92%) and is primarily 

located in exposed regions (56.86%). Predicting solvent accessibility surface area helps assess 

protein structure and stability [60]. The refined tertiary structure demonstrates high quality and 

accuracy based on Ramachandran plots, Z-scores, and ERRAT values. 

Docking of vaccine candidates with TLR2 and TLR4 immune cell receptors is important 

because these two receptors play a critical role in recognizing pathogens and initiating the innate 

immune response in the body. They are transmembrane proteins on the surface of macrophages 

and dendritic cells, which are antigen-presenting cells (APCs). These receptors are vital for 

recognizing Mtb antigens. TLR2 helps trigger apoptosis, prime T cells, induce HTL responses, 

and generate immunological memory responses. TLR4's functions include activating dendritic 

cells, processing MHC-I and MHC-II antigens, supporting Th1 and Th17 immune responses, 

autophagy, and apoptosis [61]. Both TLR2 and TLR4 can boost HTL responses, especially Th1 

responses that secrete IFN-γ. The secretion of IFN-γ promotes autophagy in macrophages, 

leading to Mtb degradation [62]. According to molecular dynamics simulations, the vaccine 
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candidate demonstrates stable interactions and can associate with TLR2 and TLR4 in 

environments. 

Immunity simulations show results consistent with the expected immune response 

mechanism. Each dose given increases the immune response. This happens because the first dose 

triggers a primary immune response, and the second and third doses trigger a secondary immune 

response (booster). In the secondary response, memory cells are already formed, which boosts 

the adaptive immune response. Also, there is a switch from IgM, mainly released during the 

primary response, to IgG, which is more commonly released during the secondary response 

[63,64]. 

Vaccine candidates need to be expressed in a suitable host. E. coli is chosen as the host for 

cloning and expression systems because it offers several advantages as a protein expression 

system. These include rapid growth, easily achievable high cell density, growth media made from 

readily available and inexpensive materials, and quick, straightforward transformation with 

exogenous DNA. One of the most used E. coli strains for recombinant protein expression is E. coli 

strain BL21(DE3). This strain produces proteins from cloned genes under the control of T7 RNA 

polymerase [65,66]. Codon optimization is conducted to maximize expression in the host 

organism. Based on CAI scores and GC content, vaccine candidates can be optimally expressed in 

the E. coli expression system (K12). In vivo expression in the E. coli system is necessary to confirm 

the results of the immunoinformatics analysis. 

Conclusion 
The in silico approach to vaccine development improves our understanding and helps discover 

new antigens, especially for Mtb vaccines. This study uses reverse vaccinology to identify new Mtb 

multiepitope peptide vaccines as BCG boosters, including epitopes that are antigenic, non-

allergenic, non-toxic, and from stable proteins. CTL, HTL, and B cell epitopes were predicted with 

epitope-prediction tools, and the selected epitopes and adjuvant were combined into a candidate 

vaccine construct using a linker. Analysis of physicochemical properties, secondary, and tertiary 

structures showed promising results. The vaccine candidate’s interaction with immune cell 

receptors TLR2 and TLR4 exhibited strong, stable binding based on molecular docking and 

dynamics simulations. Immunity simulations aligned with immune mechanisms involved in 

antigen clearance. Codon optimization with favorable CAI values supports future in vivo studies. 
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