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Abstract 

Context: Chlamydia pneumoniae is a bacterium that causes respiratory disease, including pneumonia. In this context, vaccines offer a promising opportunity to 

prevent bacterial infections by mitigating the spread of resistant strains, as antibiotic resistance increasingly prevails. Despite the potential to serve as a 

sustainable and cost-effective public health strategy, no licensed product has been developed for widespread clinical use. 

Aims: To design a C. pneumoniae vaccine using immunoinformatics tools targeting outer membrane proteins and based on Indonesian HLA alleles. 

Methods: A total of 430 proteins were retrieved from UniProt, and epitope prediction was conducted based on prevalent Indonesian HLA alleles. Selected B- 
and T-cell epitopes were assembled into the vaccine construct, followed by 3D modeling. Subsequently, molecular docking and dynamic simulations were 

performed to evaluate the interaction between the vaccine candidate and Toll-like receptor 4 (TLR4). In silico cloning was performed using JCat and SnapGene 

to create a plasmid construct. 

Results: Seven potential outer membrane proteins were identified. Final epitopes showed strong antigenicity, non-allergenicity, and non-toxicity. The 

population coverage prediction reported 99.76% and 64.13% compatibility with Indonesia and the world, respectively, suggesting potential efficacy. The 
refined vaccine model showed an RMSD of 0.234 Å (threshold: 2 Å) and a strong binding affinity for TLR4 (ΔG: –19.7 kcal/mol). Molecular dynamics confirmed 

stable binding to TLR4. The optimization achieved a codon adaptation index of 1.0 and a GC content of 48.17%. Meanwhile, in silico cloning was completed in 

the pET-28a(+) vector.  

Conclusions: These results showed that the designed vaccine elicited immune responses against C. pneumoniae, specifically in the Indonesian population.  

Keywords: bioinformatics; Chlamydia pneumoniae; immunoinformatics; in silico; pneumonia; vaccine. 

 

Resumen 

Contexto: Chlamydia pneumoniae es una bacteria que causa enfermedades respiratorias, incluida la neumonía. En este contexto, las vacunas ofrecen una 

oportunidad prometedora para prevenir infecciones bacterianas al mitigar la propagación de cepas resistentes, dado el aumento de la resistencia a los 

antibióticos. A pesar de su potencial como estrategia de salud pública sostenible y rentable, no se ha desarrollado ningún producto autorizado para su uso 

clínico generalizado.  

Objetivos: Diseñar una vacuna contra C. pneumoniae utilizando herramientas inmunoinformáticas dirigidas a proteínas de la membrana externa y basadas en 

alelos HLA indonesios. 

Métodos: Se recuperaron 430 proteínas de UniProt y se realizó una predicción de epítopos basada en los alelos HLA indonesios prevalentes. Se ensamblaron 

epítopos de células B y T seleccionados de la vacuna, seguidos de un modelado 3D. Posteriormente, se realizaron acoplamiento molecular y simulaciones 
dinámicas para evaluar la interacción entre la vacuna candidata y el receptor tipo Toll 4 (TLR4). Se realizó una clonación in silico con JCat y SnapGene para 

crear una construcción plasmídica. 

Resultados: Se identificaron siete posibles proteínas de membrana externa. Los epítopos finales mostraron una fuerte antigenicidad, sin alergenicidad ni 

toxicidad. La predicción de la cobertura poblacional reportó una compatibilidad del 99,76% con Indonesia y del 64,13% con el resto del mundo, lo que sugiere 

una posible eficacia. El modelo de vacuna refinado mostró una desviación estándar media (RMSD) de 0,234 Å (umbral: 2 Å) y una fuerte afinidad de unión a 
TLR4 (ΔG: –19,7 kcal/mol). La dinámica molecular confirmó una unión estable a TLR4. La optimización logró un índice de adaptación de codones de 1,0 y un 

contenido de GC del 48,17%. Mientras tanto, se completó la clonación in silico en el vector pET-28a(+). 

Conclusiones: Estos resultados demostraron que la vacuna diseñada generó respuestas inmunitarias contra C. pneumoniae, en particular en la población 

indonesa. 

Palabras Clave: bioinformática; Chlamydia pneumoniae; inmunoinformática; in silico; neumonía; vacuna. 
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Abbreviations: 3D: 3 dimension; C. pneumoniae: Chlamydia pneumoniae; CAI: Codon adaptation index; CHSP: Chlamydial heat shock protein; 
COPD: Chronic obstructive pulmonary disease; CTB: Cholera toxin subunit B; DCCM: Dynamic cross correlation matrix; E. coli: Escherichia 
coli; GDT-HA: Global distance test—high accuracy; GRAVY: Grand average of hydropathicity; HLA: Human leukocyte antigen; IEDB: 
Immune-epitope-database and analysis-resource; IFN-γ: Interferon-gamma; IL: Interleukin; kDa: kilo Dalton; MD: Molecular dynamic; MEV: 
Multi epitope vaccine; PADRE: Universal Pan HLA DR sequence; PBMCs: Peripheral blood mononuclear cells; PCA: Principal component 
analysis; PD-L1: Programmed death-ligand 1; pI: Isoelectric point; PMP: Probable outer membrane protein; Rg: Radius of gyration; RMSD: 
Root mean square deviation; RMSF: Root mean square fluctuation; SASA: Solvent accessible surface area; TLR: Toll-like receptor; TNF-alpha: 
Tumor necrosis factor-alpha; UniProt: Universal protein resource; WHO: World Health Organization; ΔG: Gibbs free energy change. 

 

INTRODUCTION 

Chlamydia pneumoniae is an intracellular bacterium 
that causes significant respiratory infections, such as 
bronchitis and pneumonia. In addition to acute respir-
atory disease, this infection has been associated with 
chronic obstructive pulmonary disease, including 
asthma initiation, exacerbations, severity, and treat-
ment resistance (Tagini et al., 2025). Even though the 
exact mechanism remains unclear, there is an associa-
tion between C. pneumoniae and rare complications 
such as reactive arthritis (Carter & Hudson, 2010), my-
ocarditis (Durel et al., 2015), and encephalitis (Elar-
goubi et al., 2013). Chronic infection with C. pneumoniae 
may trigger the production of chlamydial heat shock 
protein-60 (CHSP-60), which is implicated in the devel-
opment of lung carcinoma (Biasucci et al., 2003). Meta-
analysis research from Zhan et al. (2011) suggested that 
infection with C. pneumoniae was associated with an in-
creased risk of lung cancer. However, more compre-
hensive research using an animal model or larger ran-
domized controlled trials in humans is needed to vali-
date the association. In Indonesia, lung cancer is the 
leading cause of cancer-related deaths, accounting for 
12.6% of total mortality (Sung et al., 2021). Meanwhile, 
the World Health Organization (WHO) reports that 
chronic obstructive pulmonary disease (COPD) has a 
prevalence of 28.8% in Indonesia (WHO, 2025). Given 
the clinical and epidemiological significance of C. pneu-
moniae in the Indonesian population, developing pre-
ventive strategies, such as vaccines, is crucial. 

Antibiotics such as azithromycin and rifampicin are 
used to treat C. pneumoniae, but they can also cause 
multidrug-resistant bacteria. Vaccines are a promising 
alternative, but currently, an effective vaccine for the 
Indonesian population is unavailable (Noor et al., 
2022). Following poor results from single-epitope vac-
cines, research is focusing on designing multi-epitope 
vaccines (MEVs) for C. pneumoniae, which are more af-
fordable, safer, and quicker to develop (Goumari et al., 
2019). Additional adjuvants and promising pre-clinical 
results constitute other advantages of MEV. As a novel 
strategy, MEV design can be achieved using im-
munoinformatics methods. These include predicting 
potential epitopes using specialized computational 
tools, constructing vaccine candidates with appropri-
ate linkers and supplementary components, and 

evaluating physicochemical, immunological, and 
structural properties using validated bioinformatics 
servers. Molecular docking and dynamics (MD) simu-
lations are used to assess a candidate vaccine's binding 
to human immune receptors and ability to stimulate an 
immune response (Yurina & Adianingsih, 2022). 
Therefore, this research designed an MEV for C. pneu-
moniae from outer membrane proteins, using highly 
antigenic, non-allergenic, and non-toxic epitopes that 
stimulate both cellular and humoral immunity. Popu-
lation coverage analysis was also used to check com-
patibility with human leukocyte antigen (HLA) alleles, 
focusing on Indonesia. The results expanded the pool 
of potential vaccine candidates and reduced trial-and-
error costs. In the context of the hypothesis, outer 
membrane proteins of C. pneumoniae can be leveraged 
to design population-specific MEV. 

MATERIAL AND METHODS 

The vaccine design used computational tools rather 
than experimental research on human or animal sub-
jects in a laboratory. The general method of the re-
search included retrieval of the protein database, 
screening of outer membrane and non-homologous 
human protein, selection of the majority HLA alleles, 
screening of potential epitope, population coverage 
analysis, vaccine construction, protein modeling, 
structure refinement, prediction, docking between vac-
cine and human immune receptor, molecular dynam-
ics (MD), codon optimization, and in silico cloning, as 
reported in Fig. 1. 

Protein retrieval 

A total of 430 protein sequences in FASTA format 
from C. pneumoniae were retrieved from the UniProt 
(Universal Protein Resource) database (Bateman et al., 
2025). The dataset was filtered to include only Swiss-
Prot reviewed proteins.  

Prediction of the potential outer membrane proteins 

Proteins containing signal peptides were selected as 
candidates for an outer membrane protein-based vac-
cine. SignalP 5.0 (Almagro Armenteros et al., 2019) was 
used to predict the presence of peptides (shown by ‘S’) 
and the cleavage sites (shown by ‘C’) in C. pneumoniae 
proteins. 
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Figure 1. Workflow for MEV design against C. pneumoniae. 

 
The signal peptide regions were removed, and the 

sequences were cleaved at the position marked by ‘C’ 
to obtain the mature forms of the proteins (Forrester et 
al., 2014). Subsequently, the mature proteins were ana-
lyzed for transmembrane topology. The prediction of 
trans-membrane β-strands was performed using 
PRED-TMBB2 1.1 (Tsirigos et al., 2016) and 
BOCTOPUS (Hayat et al., 2016). Proteins identified as 
β-barrel outer membrane were selected as the final 
protein. BLASTp was used to exclude proteins show-
ing more than 30% sequence identity to minimize the 
risk of autoimmune responses (Rawal et al., 2021).  

Epitope mapping 

Antigenic regions on C. pneumoniae outer mem-
brane proteins that elicit humoral and cellular immune 
responses were obtained through epitome mapping. 
Using publicly available web tools (Soltan et al., 2022), 
B-cell and T-cell epitopes were predicted. The selected 
epitopes were evaluated for antigenicity, allergenicity, 
and toxicity to ensure safety and immunogenic poten-
tial. For linear B-cell epitopes, five algorithms from the 
Immune Epitope Database and Analysis Resource 
(IEDB) (Vita et al., 2025) were used, namely Bepipred 
Linear Epitope Prediction 2.0, Bepipred Linear Epitope 
Prediction 1.0, Emini Surface Accessibility, Kolaskar & 
Tongaonkar Antigenicity, and Parker Hydrophilicity. 
Epitopes found by multiple methods were shortlisted 
as candidates. 

CD8+ T-cell epitopes were predicted using the 
NetMHCpan 4.1 server (Reynisson et al., 2020), based 
on binding affinity to standard HLA class I alleles in 
the Indonesian population (HLA-A11:01, A24:02, 

B15:02, B44:03) out of 154 types (Gonzalez-Galarza et 
al., 2020). In addition, CD4+ T-cell epitopes were iden-
tified through the NetMHCIIpan 4.0 server (Reynisson 
et al., 2020), using the most prevalent HLA class II al-
leles (DRB1_1502, DRB1_1202, HLA-DPA10103-
DPB10501, HLA-DPA10103-DPB10101, HLA-
DPA10103-DPB11301, HLA-DQA10601-DQB10301, 
HLA-DQA10601-DQB10502) out of 322 types (Gonza-
lez-Galarza et al., 2020). High-affinity binders were pri-
oritized for subsequent screening. 

All selected epitopes were subjected to downstream 
screening for antigenicity, allergenicity, and toxicity 
using VaxiJen 2.0 (threshold ≥ 0.4) (Doytchinova & 
Flower, 2007), AlgPred 2.0 (Sharma et al., 2021), and 
ToxinPred 2 (Gupta et al., 2015), to ensure immunogen-
icity and safety. Additionally, CD4+ T-cell epitopes 
were analyzed for interferon-gamma (IFN-γ) induc-
tion, IL-4-inducing capacity, and IL-10 induction po-
tential using the IFNepitope 1.0 server (Dhanda et al., 
2013a), IL4pred (Dhanda et al., 2013b), and IL10pred, 
respectively (Nagpal et al., 2017).  

Population coverage analysis 

The selected CD8+ and CD4+ T-cell epitopes, with 
the corresponding HLA alleles, were analyzed using 
the IEDB Population Coverage tool (Bui et al., 2006; 
Vita et al., 2025). This tool calculated the estimated per-
centage of individuals within specific populations to 
present the selected epitopes based on HLA allele fre-
quencies. The analysis provided insight into the poten-
tial population-wide effectiveness of the proposed vac-
cine (Knudsen et al., 2014). Specifically, population 
coverage in Indonesia was assessed to determine the 
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compatibility of epitope-HLA combinations with the 
Indonesian HLA distribution, in support of this re-
search's goal. 

Construction of MEV 

The MEV construct was developed by assembling 
selected epitopes derived from prior B-cell and T-cell 
epitope prediction steps. These epitopes were selected 
for high antigenicity, non-allergenicity, and low tox-
icity, as well as strong HLA-binding affinity. The vac-
cine sequence was annotated and visualized using 
Benchling (Benchling, 2025). Epitope sequences were 
retrieved from previous prediction analyses and com-
bined using specific linker sequences to maintain the 
structural flexibility of GGGS, GPGPG, and KK for B-
cell, CD8+ T-cell, and CD4+ T-cell epitopes, respec-
tively. 

An adjuvant peptide, cholera toxin B subunit, was 
added to the N-terminal region of the vaccine to en-
hance interaction with Toll-like receptors (TLR) and 
stimulate immune activation (Stratmann, 2015). To 
overcome HLA class II polymorphism, the universal 
Pan HLA-DR epitope (PADRE) was included after the 
adjuvant, joined by a rigid EAAAK linker (Chen et al., 
2013, Reginald et al., 2018). Additionally, an invasin se-
quence from Yersinia was added to the C-terminus to 
improve immunogenicity, linked via an EGGE linker 
(Li et al., 2015).  

Antigenicity and allergenicity of the final construct 
were evaluated using VaxiJen 2.0 and AllerTOP v.2 
(Dimitrov et al., 2014). Physicochemical properties, in-
cluding molecular weight, theoretical isoelectric point 
(pI), instability index, aliphatic index, and grand aver-
age of hydropathicity (GRAVY) score, were calculated 
using ProtParam (Gasteiger et al., 2005). Protein solu-
bility was predicted using SOLpro (Magnan et al., 
2009), while PredictProtein analyzed the secondary 
structural elements (Rost et al., 2004). 

Protein modeling and structure refinement 

The 3D structure of the designed vaccine construct 
was generated using I-TASSER. This web-based tool 
predicted protein tertiary structure based on threading 
and ab initio modeling (Zheng et al., 2021). The input 
for this analysis was the complete amino acid sequence 
of the final MEV construct, obtained from the previous 
design step. Among the models generated by I-
TASSER, the model with the highest confidence score 
(C-score) was selected for further refinement. 

To improve structural quality, the selected model 
was refined using GalaxyRefine (Shin et al., 2014), 
which performed side-chain repacking and overall 
structural relaxation. The refined model was subjected 

to a series of validation analyses. Ramachandran plot 
analysis (Waterhouse et al., 2024) was used to assess 
backbone dihedral angle distributions and identify ste-
rically allowed regions. Verify3D was accessed 
through the SAVES v6.0 server (Dym et al., 2006) to 
evaluate the compatibility of the 3D model with the 
amino acid sequence. Additionally, ProSA-web (Wie-
derstein & Sippl, 2007) was used to assess overall 
model quality and detect potential errors by compar-
ing Z-scores to known native structures.  

Docking between the vaccine and the immune 
receptor 

Molecular docking was performed using the 
HDOCK server (Yan et al., 2020) to evaluate the inter-
action between the designed MEV and immune recep-
tors. The refined 3D MEV construct was used as the 
ligand, while the 3D structure of human TLR4 was re-
trieved from the Protein Data Bank (PDB ID: 4G8A) as 
the receptor. The model with the most negative dock-
ing score was selected for further analysis. Protein-pro-
tein interactions at the interface were visualized and 
interpreted using BIOVIA Discovery Studio 2021 (Das-
sault Systèmes, 2021) and PyMol v2.5 (Schrödinger 
Inc., 2021).  

Binding affinity was calculated using the PRODIGY 
web server (Vangone & Bonvin, 2015; Xue et al., 2016) 
to estimate the thermodynamic stability of the MEV–
TLR4 complex. This predicted binding free energy was 
based on the complex's structural and physicochemical 
parameters. Furthermore, the average binding energy 
and the 95% confidence interval were recorded. The 
complex with the lowest predicted binding free energy 
was also selected for structural validation through MD 
simulation.  

MD simulation 

Using YASARA Dynamics with the AMBER14 
force field, 100-nanosecond MD simulations were per-
formed to assess the structural stability of the MEV–
TLR4 complex under physiological conditions. The in-
itial structure was the best-scoring model from the 
HDOCK server. The complex was put in a cubic box 
with water and neutralized with 0.9% NaCl at pH 7.4. 
The system was preprocessed and equilibrated 
through energy minimization, solvation, ion neutrali-
zation, NPT, and NVT to ensure stability. Furthermore, 
trajectory data was analyzed to evaluate structural and 
dynamic parameters, namely RMSD for stability, 
RMSF for flexibility, Rg for compactness, and SASA for 
solvent exposure (Rubio-Camacho et al., 2020). Confor-
mational changes were observed using PCA and 
DCCM in Bio3D tools, revealing correlations among 
internal atoms (Grant et al., 2021).  
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Figure 2. PRED-TMBB2 β-barrel topologies prediction for seven proteins. 

(A) PMP1, (B) PMP2, (C) PMP9, (D) PMP13, (E) PMP15, (F) PMP20, and (G) PMP21. Upper loops = extracellular environment; lower loops = periplasmic space. 

 
Codon optimization and in silico cloning 

Codon optimization was performed to enhance the 
expression of the vaccine construct in Escherichia coli. 
Even though the vaccines were designed based on pro-
tein (amino acid), the corresponding DNA sequences 
were adapted to the host organism’s preferred codon 
usage for efficient translation. The amino acid se-
quence of the final MEV construct obtained from the 
design phase was submitted to the JCat webserver 
(Grote et al., 2005) for codon optimization. JCat ana-
lyzed host-specific codon preferences and generated 
an optimized DNA sequence. This codon provided 
two key indicators of expression efficiency: the Codon 
Adaptation Index (CAI) and GC content, which predict 
the likelihood of successful gene expression in the tar-
get organism (Sharp & Li, 1987) and influence mRNA 
stability, respectively. 

The resulting DNA sequence was analyzed and in-
serted into the pET-28a(+) expression vector using 
SnapGene v7.1.1 (www.snapgene.com) for in silico 

cloning. This allowed visualization of restriction sites, 
start/stop codons, and vector compatibility, thereby 
simulating the expression readiness of a gene in a la-
boratory setting. 

RESULTS  

Selection of protein target 

Out of the initial 430 C. pneumoniae proteins re-
trieved from the UniProt database, 23 contained signal 
peptides based on SignalP 5.0 analysis. Subsequent to-
pology prediction using PRED-TMBB2 and 
BOCTOPUS reduced the selection to seven candidate 
outer membrane proteins. These seven proteins were 
subjected to a BLASTp analysis against the human pro-
teome to evaluate sequence similarity. The proteins 
did not show significant homology to human (identity 
<30%). The seven predicted outer membrane proteins, 
namely PMP1, PMP2, PMP9, PMP13, PMP15, PMP20, 
and PMP21, were retained for further analysis (Fig. 2). 
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Table 1. List of the potential B-cell epitopes of the C. pneumoniae vaccine and properties. 

Protein Start End Epitope Peptide Antigenicity 

PMP1 513 528  ISPTGNAYEDLRMRN 0.6765 

PMP2 785 800 QGSWKTKGSNLARQA 0.9461 

PMP9 475 490 TTLETADGITINNLV 0.7314  

PMP13 29 44 MPSENFDGSSGKIFP 1.0630 

PMP15 714 729 FSKAKEHESQNSTSS 1.1770  

PMP20 1452 1467 KEVSRNSDSFTYHGR 0.5378 

PMP21 1320 1335 HHTIAQRMELDFSTN 1.0946 

*Antigenicity threshold = ≥0.4. 

 
 

Table 2. List of the potential CD8+ T-cell epitopes of the C. pneumoniae vaccine and properties. 

Protein  Start  End  Peptide  Alleles  Antigenicity 

PMP1  839  848 VLYDFSFSY HLA-A*11:01, HLA-B*15:02 1.6232 

PMP2 483 492 TINWSTDDK HLA-A*11:01 0.4707 

PMP9 745 754 YIYSKNTMK HLA-A*11:01 0.4911 

PMP13 152 161 IYATTPMLF HLA-A*24:02 0.4455 

PMP15 199 208 IYSGNSLNI HLA-A*24:02 0.8770 

PMP20 874 883 TNLYGGGIY HLA-B*15:02 0.6604 

PMP21 467 476 NETISEVAF HLA-B*44:03, HLA-B*15:02 0.4877  

* Antigenicity threshold is ≥0.4. 

 
B-cell epitopes identification 

Linear B-cell epitopes were predicted from the 
seven selected outer membrane proteins using five 
tools provided by the IEDB. All selected epitopes were 
15-amino-acid sequences found to be non-toxic and 
non-allergenic, with antigenicity scores above 0.4. The 
highest antigenicity score was observed in the epitope 
from PMP15 (1.1770), followed by PMP21 (1.0946) and 
PMP13 (1.0630). Table 1 shows details of epitope se-
quences and prediction scores. 

CD8+ T-cell epitopes identification 

CD8+ T-cell epitopes were predicted from the se-
lected proteins using NetMHCpan 4.1, with criteria 
based on strong binding affinity to MHC class I alleles 
(rank ≤ 0.5%). Epitope derived from PMP1 had the 
highest antigenicity score (1.6232) among the identi-
fied candidates. Table 2 presents details of the selected 
epitopes and their prediction scores. 

CD4+ T-cell epitopes 

CD4+ T-cell epitopes were identified based on 
strong MHC class II binding affinity, non-toxicity, non-
allergenicity, and antigenicity scores of 0.4 or higher 
(Table 3). All selected epitopes were also predicted to 

induce cytokines associated with immune response 
modulation, including IFN-γ, IL-4, and IL-10. Epitope 
derived from PMP2 showed the highest antigenicity 
score (1.097). The epitope from PMP9 was included 
despite its lower antigenicity, given its predicted abil-
ity to induce all three cytokines. 

Population coverage analysis 

The IEDB Population Coverage Analysis Tool was 
used to predict 273 populations at global, regional, and 
country levels (Fig. 3). The selected T-cell epitopes 
showed 99.76% and 64.13% coverage for Indonesian 
HLA alleles and the global population, respectively, 
suggesting broad applicability within the target popu-
lation. 

Assessment of MEV construction 

The MEV consisted of 512 amino acids and incorpo-
rated seven epitopes for B-cells, CD8+ T-cells, and 
CD4+ T-cells, as reported in Fig. 4. VaxiJen v2.0 pre-
dicted an antigenicity score of 0.8997, while AllerTOP 
v.2 classified the construct as non-allergenic. Predicted 
physicochemical properties included a molecular 
weight, theoretical pI, GRAVY, instability index, and 
aliphatic index of 54.87 kilodaltons (kDa), 9.64, -0.573, 
25.35, and 57.42, respectively.  
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Table 3. List of the potential CD4+ T-cell epitopes of the C. pneumoniae vaccine and properties 

Protein Start End 
Core 

peptides 
Peptides Alleles Antigenicity IFN-γ IL-4 IL-10 

PMP1  420  429 FKSTIPQNV PRDFKSTIP

QNVNLS 

DPA1*01:03, 

DPB1*01:01, 

DQB1*03:01, 
DQA1*06:01, 

DQB1*05:02, 

DRB1*15:02, 

DPB1*13:01, 

DPB1*05:01 

0.5106 - + - 

PMP2 408 417 IKLSAATAQ KKIKLSAATA

QKDIR 

DQA1*06:01, 
DQB1*05:02, 

DPA1*01:03, 

DPB1*13:01 

1.0970 - + - 

PMP9 839 848 RASYEATVI FSRNERASY

EATVIY 

DQB1*03:01 0.3604 + + + 

PMP13 778 787 FFSGGTSRV SSRFFSGGT

SRVTYS 

DPA1*01:03, 

DPB1*13:01 
0.6447 - + + 

PMP15 679 688 FKGFRSHMT DKNGFKGFR

SHMTGY 

DQA1*06:01, 

DQB1*03:01 

0.4062  - + - 

PMP20 767 776 FTYITNVNI TDCSFTYITN

VNITN 

DRB1*15:02, 
DQA1*06:01, 

DQB1*05:02 

0.8561 + - - 

PMP21 1003 1012 IVELSAVQD NDSKIVELSA

VQDKN 

DRB1*15:02 0.6571 - + + 

* The threshold of antigenicity is a minimum of 0.4; +: inducer; -: non-inducer. 

 
 

 

Figure 3. Predicted population coverage (%) of the MEV across 273 populations based on computational analysis.  

Global average was 64.13% (SD = 28.53%). Darker blue regions show higher epitope-HLA compatibility. 
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Figure 4. Schematic of the constructed vaccine sequence, showing adjuvant, PADRE, B-cell, CD8⁺, and CD4⁺ epitopes, and invasin.  

Linkers (EAAAK, GS, GPGPG, KK, EGGE) are shown in black. 

 
 

Table 4. Initial vs. refined model by GalaxyRefine. 

Model GDT-HA RMSD (Å) MolProbity Poor rotamers Rama favored 

Initial model 1.0000 0.000 2.838 15.2 57.5 

MODEL 1 0.9966 0.224 2.052 0.2 90.6 

MODEL 2 0.9976 0.226 2.016 0.5 90.6 

MODEL 3 0.9946 0.245 2.047 0.2 90.6 

MODEL 4 0.9976 0.224 2.040 0.5 91.0 

MODEL 5 0.9946 0.234 2.021 0.2 91.6 

 
SOLpro predicted solubility with a score of 85.67%. 

PredictProtein analysis showed secondary structure 
composition of 21.3% helix, 27.9% strand, and 50.8% 
other structures, with 47.07% and 52.93% of residues 
predicted to be buried and exposed, respectively. 

Protein modeling and structure refinement 

The tertiary structure of the MEV was predicted us-
ing I-TASSER. Based on PDB ID 4L6T, Model 1 was se-
lected due to the highest C-score (-0.25) and estimated 
TM-score of 0.68 ± 0.12. Structural refinement was per-
formed using GalaxyRefine, resulting in improved 
model quality (Table 4). Model 5 from the refinement 
output was selected following the highest 

Ramachandran favored score, which increased from 
57.5% to 91.6%. 

Additional assessments of the predicted 3D struc-
ture were performed using multiple validation tools 
(Fig. 5). Ramachandran plot analysis using SWISS-
MODEL showed that 91.6% of residues were in fa-
vored regions. ProSA analysis produced a Z-score 
within the range of X-ray-determined structures. Ver-
ify3D analysis obtained a score of 86.72%, exceeding 
the quality threshold (≥80%). 

Docking between the MEV candidate and TLR4 

Molecular docking of the MEV candidate with 
TLR4 using HDOCK identified Model 1 as the top 
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result, with a docking score of -305.40 and a confidence 
score of 0.9572 (Fig. 6). PRODIGY analysis showed an 
average binding free energy of -15.94 kcal/mol with a 
confidence interval of -19.70 to -14.27 kcal/mol. The 
docking model with the lowest binding energy (-19.7 
kcal/mol) was selected for MD validation. This model 
showed 55 and 45 interacting residues from TLR4 and 
MEV, forming four salt bridges, 31 hydrogen bonds, 
and 314 non-bonded contacts. 

MD simulation 

MD simulations were conducted for 100 ns to assess 
the stability and behavior of the MEV-TLR4 complex 
on the apo form of TLR4 (Fig. 7). RMSD analysis (Fig. 
7A) showed that the TLR4-MEV complex stabilized af-
ter ~5 ns, with an average of 7.8 Å. The apo TLR4 

structure stabilized more quickly, within 0.1 ns, with 
an average RMSD of 1.8 Å. Furthermore, RMSD of 
MEV within the binding pocket (Fig. 7B) stabilized af-
ter 0.4 ns, with an average RMSD of 14 Å. The internal 
RMSD of MEV averaged around 10 Å, and the analysis 
(Fig. 7C) showed average backbone fluctuations of 2.1 
nm and 1.4 nm in the TLR4-MEV complex and apo 
TLR4, respectively. MEV RMSF (Fig. 7D) averaged 4.9 
nm, with higher fluctuations observed in residues 1–
37, 512–570, 658–704, 1105–1158, 1489–1519, 1822–1886, 
and 1993–2125, ranging from 5.35 to 12.82 nm. Rg anal-
ysis (Fig. 7E) reported an average of 31.95 nm and 36.61 
nm for the TLR4-MEV complex and apo TLR4, respec-
tively. SASA values (Fig. 7F) were 54636.64 nm² and 
25362.86 nm² for TLR4-MEV complex and apo TLR4, 
respectively. 

 
 

 

Figure 5. Protein structure assessment. 

(A) 3D structure vaccine (green: N-terminal, blue: epitopes, and orange: C-terminal); (B) Ramachandran plot with favored region = 91.6%; (C) Verify3D = 86.72%; 

(D) ProSA value = -6.22. 
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A 

 

Blue: Receptor TLR4 (PDB ID = 4G8A:A) 

Yellow: MEV 

B 

 

 

Chain A: Receptor TLR4 (PDB ID = 4G8A:A) 

Chain B: MEV 

C 

 

D 

 

Figure 6. Docking of TLR4 with MEV. 

(A) 3D visualization of docking; (B) Summary of interaction between TLR4 

and MEV; (C) Interaction between TLR4 and MEV; (D) legend of B and C. 
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Figure 7. MD results. 

(A) RMSD complex (blue) vs. apo-TLR4 (red); (B) RMSD ligand: MEV movement (green) and configuration (purple); (C) RMSF: complex (blue) vs. apo (red); (D) MEV 

RMSF; (E) Rg: complex (blue) vs. apo (red); (F) SASA: complex (blue) vs. apo (red). 

 
 

 

Figure 8. Secondary structure of (A) TLR4 apo; and (B) TLR4-MEV complex. 

 
The analysis of secondary structures (Fig. 8) shows 

the differences between apo-TLR4 and the TLR-MEV 
complex. Apo-TLR4 primarily consisted of coils 
(42.91%), followed by sheets (28.36%), turns (22.41%), 
helix (4.16%), and helix310 (2.15%) (Fig. 8A). In con-
trast, the TLR4-MEV complex showed a higher propor-
tion of coils (55.06%) and a slight increase in helix 

(5.73%) compared to apo-TLR4. Conversely, the com-
plex showed decreases in sheets (19.18%), turns 
(18.32%), and helix310 (1.73%) (Fig. 8B). 

DCCM was used to evaluate the motion correla-
tions within apo-TLR4 (Fig. 9A) and TLR4-MEV com-
plex (Fig. 9B). The TLR4-MEV complex showed a 
higher prevalence of positively correlated motions 
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along the diagonal and other areas compared to apo-
TLR4. In contrast, apo-TLR4 exhibited more anti-corre-
lated motions than the complex. 

PCA was used to evaluate the motion of apo-TLR4 
and the TLR4-MEV complex during MD simulations. 
Apo-TLR4 explored a conformational space ranging 
from -20 to +20 along PC1, accounting for 11.9% of the 
total motion, and from -20 to +20 along PC2, represent-
ing 6.6% (Fig. 10A). Additionally, the TLR4-MEV com-
plex occupied a broader conformational space, ranging 
from -60 to +40 along PC1 (14.19%) and -20 to +30 
along PC2 (9.22%) (Fig. 10B). 

Codon optimization and in silico cloning 

Based on codon optimization performed using the 
JCat web server, the CAI value of the vaccine candidate 
and GC content were improved by 1.0 and 48.17%, re-
spectively. The codon-optimized sequence was 

inserted into the pET-28a(+) plasmid using the re-
striction enzymes XhoI and BamHI, facilitated by 
Snapgene software (Fig. 11). 

DISCUSSION 

This research aimed to design an MEV candidate 
against C. pneumoniae using a comprehensive in silico 
method. Safe and immunologically relevant targets 
were identified for vaccine development by integrat-
ing antigen selection, epitope prediction, structural 
modeling, and molecular simulations. The selection of 
seven outer membrane proteins, characterized by the 
presence of signal peptides and transmembrane β-bar-
rel topology, reported the potential accessibility to im-
mune surveillance (Tsaousis et al., 2017). The absence 
of significant similarity to human proteins supported 
the candidacy by reducing the risk of cross-reactivity 
with the human host (Rawal et al., 2021). 

 

 

Figure 9. DCCM of (A) TLR4 apo and (B) TLR4-MEV complex.  

Blue shows a negative correlation area, while red shows a positive correlation interaction. 

 
 

 

Figure 10. PCA of (A) TLR4 apo and (B) TLR4-MEV complex.  

The color scale from blue to white to red is equivalent to simulation time. The blue shows the initial time step, the white shows the 

intermediate time step, and the red shows the final time step. 
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Figure 11. Plasmid recombinant with the insert gene of C. pneumoniae vaccine using the pET-28a(+) as the expression vector. 

 
The screening process identified seven high-affinity 

epitopes for B cells, CD8+ T cells, and CD4+ T cells. 
Subsequently, the candidate epitopes were evaluated 
for allergenicity, toxicity, and antigenicity using ap-
propriate bioinformatics tools. This step ensured that 
the selected epitopes would be safe and immunologi-
cally stimulating. A subset of CD4+ T-cell epitopes 
showed the potential to induce the production of key 
cytokines, including IFN-γ, IL-4, and IL-10, thereby en-
hancing immunogenicity. Cytokine induction played a 
crucial role in orchestrating protective immune re-
sponses against C. pneumoniae. IFN-γ is a key Th1 cyto-
kine that activates macrophages and promotes intra-
cellular bacterial clearance, including C. pneumoniae 
(Yu et al., 2024). IL-4, associated with Th2 responses, 
also modulated adaptive immunity by promoting B-
cell activation and class switching, thereby supporting 
antibody production against extracellular stages of in-
fection (Chakma & Good-Jacobson, 2023). Meanwhile, 
IL-10 maintained immune homeostasis by suppressing 
overactive Th1 responses while allowing for effective 
pathogen control (Iyer & Cheng, 2012).  

Directing epitope selection to HLA alleles achieved 
high predicted population coverage (99.76%), suggest-
ing the vaccine's potential suitability for the local pop-
ulation. Noor et al. (2022) did not target a specific de-
mographic, while this research emphasizes popula-
tion-specific relevance. The global mean predicted cov-
erage (64.13%) and high variability (SD 28.53%) 
showed the need to include additional epitopes to im-
prove global applicability. Several countries with high 

pneumonia burdens, as listed by Rudan et al. (2008), 
also showed high population coverage. For instance, 
East Africa, including Tanzania, Congo, and Sudan, 
has an estimated coverage of 86.77%. Brazil, China, In-
dia, Nigeria, Vietnam, the Philippines, and South Asia, 
with high pneumonia burdens, also show high vac-
cination rates at 98.03%, 98.53%, 95.29%, 88.27%, 
93.24%, 92.29%, and 95.56%, respectively. Further vali-
dation of epitope immunogenicity and cytokine induc-
tion was performed using peripheral blood mononu-
clear cells (PBMCs) from Indonesian donors, to ensure 
HLA compatibility and relevance to the target popula-
tion (Tapia-Calle et al., 2019). 

MEV constructs were designed to incorporate chol-
era toxin subunit B (CTB) as an adjuvant to enhance the 
immune response. CTB reduced nasopharyngeal 
pneumococcal load, requiring activation of the 
caspase-1/11 inflammasome, mucosal T cells, and 
macrophages (Kuipers et al., 2016). The PADRE se-
quence was incorporated to enhance the in vivo anti-
body response, specifically by enhancing helper T-cell 
activity (Franke et al., 1999). Linkers were used to con-
nect the different components. Invasin was added to 
the C-terminus via an EGGE linker to promote attach-
ment and entry into mammalian cells via β-integrin re-
ceptors (Brett et al., 1993). Vaxijen's prediction score 
showed that the vaccine had the potential to trigger an 
effective immune response. Meanwhile, AllerTOP v.2 
prediction suggested the vaccine candidate was non-
allergenic. The predicted molecular weight was within 
a favorable range for the vaccine. The constructed 
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vaccine was predicted to have a low molecular weight 
(< 110 kDa), which facilitated protein purification (Ka-
kakhel et al., 2023). The bio-computed pI indicated the 
fundamental nature of the majority of amino acids in 
the peptide structure (Martinelli, 2022). The vaccine 
was predicted to be stable, as shown by an instability 
index below 40. The aliphatic index was below 65, sug-
gesting relatively lower thermostability compared to 
that of typical stable proteins (Panda & Chandra, 2012). 
The GRAVY value ranged from −2 to 2, and a value of 
<0 was a hydrophilic protein. Therefore, the vaccine 
was predicted to be a hydrophilic protein, which 
exhibited good water solubility, a crucial factor for vac-
cine delivery (Kumar et al., 2012). The secondary struc-
ture composition and solvent accessibility supported 
this result. However, murine challenge models were 
used to evaluate vaccine efficacy in reducing bacterial 
load or pathology. 

The vaccine design was successfully modeled into 
a well-constructed 3D structure using I-TASSER and 
refined using GalaxyRefine. The model was selected 
based on the highest C-score in the range [-5,2], where 
a higher C-score indicates greater confidence. The esti-
mated TM-score of model 1 was above 0.5, showing 
correct topology (Yang & Zhang, 2015). After refine-
ment, the model increased the Rama favored score to 
91.6%, with 90% of the residues within the "favored" 
regions (Rao et al., 2020). The RMSD was below the 2 
Å threshold for acceptable models (Green & Zardecki, 
2019). The very high GDT-HA (Global Distance Test—
High Accuracy) score [0,1] suggested a degree of simi-
larity between the refined model and the initial protein 
structure. Furthermore, MolProbity reflected the over-
all quality of the 3D model, with a lower score than the 
initial model, showing fewer errors in the refinement 
model. A lower poor rotamers score signified a better 
representation of side-chain amino acid conformations 
(Jacobson et al., 2002; Yang et al., 2021). Assessment of 
the refinement model using the SWISS-MODEL web 
server confirmed that more than 90% of the amino acid 
backbone conformations were within favorable re-
gions. The Verify3D score exceeded 80%, indicating 
the model's high reliability relative to a reference struc-
ture. Similarly, the ProSA plot showed the protein's Z-
score, indicating a structure comparable to experimen-
tally determined structures (Eisenberg et al., 1997).  

Docking simulation reported a strong binding af-
finity between the vaccine candidate and TLR4. A 
more negative binding energy suggested a stronger in-
teraction between proteins (Tiwari et al., 2025). TLR4 
was selected due to its role in triggering immune re-
sponses, including the production of IFN-γ and type I 
interferons (Zhou et al., 2020). TLR4 is a crucial com-
ponent of the innate immune system and acts as a re-
ceptor that recognizes specific molecules associated 

with pathogens, such as lipopolysaccharides (LPS) 
(Ohto et al., 2012). After TLR4 detection of these mole-
cules, a signaling cascade was initiated, alerting the im-
mune system and triggering an inflammatory re-
sponse. The interaction between TLR4 and the vaccine 
design was evaluated using MD simulations.  

Analysis of the RMSD showed increased fluctua-
tions for the MEV-bound TLR4 compared to the un-
bound (apo) TLR4 protein. This observation was due 
to the large size of the MEV molecule. The high molec-
ular weight established numerous interactions with 
TLR4, leading to conformational rearrangements of the 
receptor through chemical and physical forces, as re-
ported by Arwansyah et al. (2022). The RMSD analysis 
of MEV showed a stable ligand conformation through-
out the simulation. This suggested a low likelihood 
that MEV would be damaged or degraded during in-
teraction with TLR4. The RMSD values observed for 
MEV movement were attributed to the large size rela-
tive to the TLR4 receptor. RMSF analysis also assessed 
side-chain conformational changes induced by ligand 
binding. In addition, the observed fluctuations in the 
RMSF plot were due to the insertion of the vaccine into 
the binding activity of TLR4. The Rg analysis of the 
TLR4-MEV complex showed higher Rg values than 
those of the apo TLR4 structure. This result was con-
sistent with the RMSD and suggested an expansion of 
the complex upon MEV binding. However, a decrease 
in the radius of the TLR-MEV complex was observed 
between 25 and 50 ns of simulation time. This decrease 
showed a stabilization of MEV interaction with the 
TLR4 receptor after an initial period of conformational 
adjustment. The SASA analysis mirrored the trends ob-
served in other parameters such as RMSD, RMSF, and 
Rg. The high SASA value in the TLR4-MEV complex 
reflected the formation of numerous interactions be-
tween MEV and the TLR4 receptor. 

The TLR4 protein exhibited conformational and in-
teratomic interaction variations throughout the MD 
simulation. Analysis of secondary structures reported 
changes in the percentage of different structural ele-
ments over time (Bornot & Brevern, 2006). An ob-
served increase and decrease in alpha-helix and beta-
sheet content suggested that the TLR4 structure be-
came more stable after MEV binding (Börner & Lutz, 
2012). The DCCM plot of the MEV-TLR4 complex 
showed positive interactions concentrated around the 
central diagonal. Positive correlations in DCCM plots 
showed favorable interactions within the protein struc-
ture. Furthermore, PCA was used to assess conforma-
tional variability. The top principal components for the 
TLR4-MEV complex and unbound (apo) TLR4 were 
found to be similar at 14.2% and 11.9%, respectively. A 
lower principal components value reflected lesser con-
formational variability, suggesting increased 
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structural rigidity and stability (Ezaj et al., 2022). 
Therefore, the PCA was consistent with the results 
from RMSD, RMSF, Rg, and SASA analyses towards a 
stable MEV-TLR4 complex. 

A CAI-value of 1.0 reported a highly optimized se-
quence for expression in a specific organism, while the 
ideal GC content fell within a range of 30-70% (Ali et 
al., 2017). This result was better than those of the vac-
cine designs by Guo et al. (2023) and Noor et al. (2022), 
which achieved 0.93 and 0.95 CAI, respectively. For in 
silico cloning, E. coli K12 was selected as the host organ-
ism due to the well-established genetic manipulation 
methods. The pET-28a(+) plasmid served as the clon-
ing vector due to its reputation for high expression ca-
pability in E. coli (Li et al., 2022). Future in vitro and in 
vivo research must validate computational predictions, 
such as assessing protein expression by SDS-
PAGE/Western blot (Sharma et al., 2025). 

CONCLUSION 

MEV candidates against C. pneumoniae were de-
signed using an immunoinformatics method. A total of 
seven outer membrane proteins were selected based on 
surface localization and the absence of significant ho-
mology to human proteins. These proteins were sub-
jected to various software tools to predict potential 
epitopes. The final MEV candidate comprised 512 
amino acids, incorporating adjuvant, PADRE se-
quences, and invasion, as well as B-cell, CD8+ T-cell, 
and CD4+ T-cell epitopes. In silico analyses predicted 
that MEV would be stable, non-allergenic, non-toxic, 
and capable of inducing antigenicity and IFN-γ, IL-10, 
and IL-4. The selected epitopes were predicted to cover 
99.76% and 64.13% of the Indonesian and world popu-
lation, respectively. This included a relatively high 
coverage percentage in regions with increased preva-
lence of lung cancer and pneumonia. Protein-protein 
docking simulations predicted a binding affinity of -
19.7 kcal/mol and a confidence score of 0.9572 for the 
MEV-TLR4 interaction. MD simulations supported the 
result observed in RMSD, RMSF, Rg, and SASA anal-
yses. The DCCM plot of the MEV-TLR4 complex ex-
hibited a higher positive correlation, suggesting favor-
able interactions between the vaccine and the receptor. 
The secondary structure analysis showed increased al-
pha-helix content and decreased beta-sheet content. 
Additionally, codon optimization yielded a sequence 
with a CAI value of 1.0 and a GC content of 48.17%, 
highly suitable for insertion into the expression vector 
pET-28a(+) and for use with E. coli K12 as the host. 
These results contributed to the development of the C. 
pneumoniae vaccine for the Indonesian population. Fur-
ther experimental research is needed to validate the in 
silico predictions and assess the vaccine candidate's ac-
tual efficacy. In vitro peptide binding and human cell 

assays, animal immunization analyses, and clinical 
HLA mosaic validation are also suggested for the sub-
sequent research. 
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