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Introduction
Increasing evidence has revealed the relationship between 

dysregulated microbiota-host interactions and many diseases such 
as cancer, metabolic syndrome, and inflammatory bowel diseases. 
Besides, specific bacterial species in microbiota can play important 
roles in specific clinical outcomes like gastric cancer [1]. Many 
studies have proven that chronic inflammation or infection can lead 
to neoplasms, and chronic inflammation of gastric mucosa caused 
by Helicobacter pylori is a well-known example that has a positive 
correlation with gastric carcinomas [2]. After the identification of 
H. pylori as the first pathogen classified as ‘group 1 carcinogen’ by 
the World Health Organization (WHO) in 1994, more studies have 
focused on Helicobacter species to identify their roles, especially in 
the liver and gastric diseases. In 1994, a study conducted with mice 
with multifocal necrotic hepatitis paved the way for the discovering 
a new Helicobacter spp. called H. hepaticus [3].

H. hepaticus is a natural inhabitant of mouse microbiota, 
and a persistent infection caused by this pathobiont leads to 
intestinal cancer, hepatocellular carcinoma, and chronic hepatitis 
in susceptible mice [4]. Although it was first considered as a 
mouse-specific pathogen, many studies have been reported for 
human cases. In a study, the pathogen was traced with nested-
PCR and Western blotting in bile samples of the patients having 
cholecystitis, gallbladder cancer, and cholelithiasis [5]. Besides, 
higher antibody titers against H. hepaticus in patients with 
gallbladder cancer were found than the control group, and thus, 
its association with gallbladder cancer has been suggested [6]. 
Further studies have supported the pathogenicity of H. hepaticus 
in diseases of the human biliary tract and liver [7,8]. An in vitro 
study supported these findings by showing that H. hepaticus can 
induce acute inflammation in primary human hepatocytes and lead 
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to hepatocellular carcinoma development [9]. Moreover, a meta-
analysis revealed a higher presence of Helicobacter spp. including 
H. hepaticus in patients with biliary tract cancers [10]. Although a 
significant correlation between H. hepaticus and liver or biliary tract 
diseases has been not shown yet, it is a potential zoonotic pathogen 
and is still worthy of investigating whether chronic infection of H. 
hepaticus can be a risk factor for these diseases. 

In the traditional approach, drug targets or vaccine 
candidates’ discovery for the control of pathogen-based diseases 
is generally based on protein identification through isolation and 
characterization of microorganisms. This approach has some crucial 
challenges, including challenging culturing conditions and a longer 
duration for exploration of proteins. The recent advancements in 
bioinformatics and computational biology opened the way for in 
silico identification of novel vaccine candidates and therapeutic 
targets faster and more cost-effectively. In reverse vaccinology, first 
described by Rappuoli in 2000, a pipeline has been used to reveal 
novel antigenic proteins by mining genomic or proteomic data [11]. 
Moreover, data mining can explore novel drug targets through a 
sequence or structural-based comparison of proteins with known 
targets. 

In silico approach carried out by the genome or proteome 
of various pathogens including H. pylori were provided the 
identification of useful drug or vaccine targets [12]. In the current 
study, a proteome-mediated mining approach was used to reveal 
novel antigenic proteins and drug targets in H. hepaticus, which 
can be valuable as potential preventive and prophylactic agents to 
control the diseases in relation. 

Methodology
Data retrieval and removal of paralogous sequences

The entire proteome of H. hepaticus ATCC 51449 was retrieved 
from the UNIPROT database and subjected to CD-HIT analysis to 
remove paralogous or duplicate proteins [13]. Sequence identity 
cut-off was set at 0.8 (80% identity) to exclude redundant 
sequences, and proteins with less than 100 amino acids were not 
also included. Selected non-paralogous protein sequences were 
further analyzed. 

Selection of human non-homologs 

NCBI BLASTp search was carried out for the non-paralogous 
proteins against non-redundant protein sequences of Homo 
sapiens (TaxID:9606) to identify human non-homologous proteins 
of H. hepaticus. 

Prediction of subcellular localization 

PSORTb v.3.0 (https://www.psort.org/psortb/) and CELLO 
v.2.5 (http://cello.life.nctu.edu.tw/) were used to predict the 

location of non-homologous proteins [14,15]. While outer 
membrane and extracellular proteins were considered for vaccine 
candidate analysis, cytoplasmic proteins were curated through the 
DrugBank database to reveal potential drug targets specific to the 
pathogen after essentiality analysis. 

Identification of essential non-homologous proteins of 
H. hepaticus 

Cytoplasmic proteins were considered as possible drug targets 
and subjected to BLASTp analysis through Database of Essential 
Genes (DEG) (http://www.essentialgene.org/) for the identification 
of indispensable proteins having roles in primary cellular functions 
of the pathogen [16]. The parameters, including bit score > 100 and 
percent identity ≥ 30%, were applied. 

Analysis of metabolic pathways

Metabolic pathways of H. hepaticus and human were compared 
to reveal pathogen-specific pathways. Kyoto Encyclopedia of Genes 
and Genomes (KEGG) server was used to extract both H. hepaticus 
and H. sapiens metabolic pathways, which were then manually 
screened to select the pathways unique to H. hepaticus.

Non-homologous, essential cytoplasmic proteins of H. 
hepaticus were subjected to BLASTp analysis through the KEGG 
pathway database (https://www.genome.jp/kegg/pathway.html) 
and proteins listed in the pathways specific to the pathogen were 
considered for further analysis.

Druggability screening of essential cytoplasmic proteins

Essential, pathogen-specific cytoplasmic proteins were 
assessed by BLASTp against the Drugbank database using default 
parameters with a bit score > 100 and e-value < 0.001 to identify 
the novelty of proteins as targets. 3D structure modeling of the 
proteins was carried out in SWISS-MODEL and Phyre2. 

3D structure modeling of the proteins was carried out in SWISS-
MODEL and Phyre2 protein fold recognition server (http://www.
sbg.bio.ic.ac.uk/~phyre2) [17]. Then, they were subjected to the 
PockDrug analysis for pocket druggability investigation (http://
pockdrug.rpbs.univ-paris-diderot.fr/) [18]. Also, protein-protein 
interaction analysis was performed in the STRING v11.0 database 
(http://string-db.org) to identify the hub proteins among putative 
targets according to the node degree (K ≥ 5) which represents the 
significant number of direct and indirect associations. Molecular 
weight estimation was performed by the Expasy ProtParam tool. 

Vaxign analysis

Vaxign database (http://www.violinet.org/vaxign2) was used 
to analyze outer membrane and extracellular proteins to identify 
adhesin probability and Vaxign-ML score [19]. The inclusion 
criteria were as follows: adhesion probability >0.51, the number of 
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transmembrane helices ≤ 1, and no similarity to mouse or human 
proteins. Besides, the proteins with Vaxign-ML score ≥ 90 were 
further selected. 

Prediction of putative antigenic and virulent proteins 

The Virulence Factor Database (VFDB) (http://www.mgc.ac.cn/
VFs/) and VaxiJen v2.0 (http://www.ddg-pharmfac.net/vaxijen/
VaxiJen/VaxiJen.html) were used to predict virulent and antigenic 
properties of the selected outer membrane and extracellular 
proteins, respectively [20,21]. While the proteins were screened 
based on BLAST score ≥ 80 in VFDB, a threshold value of ≥ 0.5 was 
applied in the VaxiJen search. Molecular weight and theoretical pI 
values were estimated through the Expasy ProtParam tool. 

Prediction of T-cell epitopes 

The selected antigens were evaluated to find out potent T-cell 
epitopes via Immune Epitope Database (IEDB) server (http://tools.
iedb.org/main/tcell/). Antigenic sequences indicative of MHC-I 
specific binding were predicted using the Stabilized Matrix Method 
(SMM) considering only frequently occurring alleles (http://tools.
iedb.org/mhci/). The prediction output was determined according 
to IC50 values. Peptides with IC50 < 50 nM, < 500 nM, < 5000 
nM are accepted as the indicator of high, intermediate, and low 
binding capacity, respectively [22]. In the study, the cut-off value 
was determined as IC50 < 50 nM. Parallelly, T-cell MHC-I binding 
epitopes were screened for their immunogenic properties (http://
tools.iedb.org/immunogenicity/), and epitopes with positive 
immunogenicity values were picked for further analysis. MHC-II 
binding prediction was performed using the SMM-align (NetMHCII 
1.1) method covering human HLA-DR locus (http://tools.iedb.org/
mhcii/). Peptide length was defined as 15 (default value proposed 
by the server). Peptides were sorted by predicted IC50 value and 
peptides with IC50 < 50nM were figured out for the next analysis. 

Prediction of B-cell epitopes 

Bepipred Linear Epitope Prediction 2.0 via IEDB server was 
employed (http://tools.iedb.org/bcell/) to determine linear 
B-cell epitopes, and BepiPred-2.0 Sequential B-Cell Epitope 
Predictor was used for confirmation (http://www.cbs.dtu.dk/
services/BepiPred/) [23]. The 0.5 default threshold was respected 
(Sensitivity=0.58564, Specificity=0.57158) for epitope prediction. 
The residues with scores above 0.5 were predicted as B-cell 
epitopes. 

Structural modeling 

The 3D structures of the antigenic candidates were modeled 
via SWISS-MODEL and Phyre2 web-server with default settings. 
Once the models were created, the Protein Preparation Wizard 
of Schrödinger package was employed to refine the structures. 
In the first step of the refınement, the models’ bond orders were 
assigned by using the Chemical Component Dictionary (CCD), 
missing hydrogens added, and het states determined by using 

the Epik tool of Schrödinger for pH 7 ± 2 [24]. Following, PROPKA 
(another package of Schrödinger) was employed for hydrogen 
bond assignment (at pH 7.0). In the second step of the refinement, 
the water molecules beyond 3 A from het groups were discarded 
from structures. Finally, energy minimization performed using the 
OPLS3e force field for each created structure [25]. 

Once refinement was completed, predicted epitopes were 
visualized on the structures via Maestro v12.4 to confirm that they 
are surface-exposed.

Results
Exclusion of paralogous and human homologous 
proteins 

A large quantity of redundant sequences is present in the 
bacterial proteome mainly due to evolutionary duplications. Thus, a 
total of 1873 proteins of H. hepaticus ATCC 51449 was subjected to 
CD-HIT analysis to identify redundant sequences and proteins with 
< 100 amino acids. Two hundred fifty-five proteins were excluded 
after analysis, leaving 1618 proteins to be investigated. NCBI 
BLASTp analysis was carried out with non-paralogous proteins 
against human proteome to identify human homologs. Proteins 
having homology with the host proteins were excluded, and a final 
set of 1168 proteins were considered for further analysis (Table 1 
in Supplemental Data). 

Table 1: Fourteen proteins assigned to LPS and peptidoglycan 
biosynthesis pathways. The proteins were further analyzed to 
determine their druggability.

Uniprot 
ID Protein Name Metabolic 

Pathway

Q7VGY6 UDP-N-acetylglucosamine acyltransferase LPS biosynthesis

Q7VHF2 UDP-3-O-acyl-N-acetylglucosamine 
deacetylase LPS biosynthesis

Q7VFZ4 Phosphoheptose isomerase LPS biosynthesis

Q7VJS5 3-deoxy-manno-octulosonate 
cytidylyltransferase LPS biosynthesis

Q7VK53 2-dehydro-3-deoxyphosphooctonate 
aldolase LPS biosynthesis

Q7VGZ5 Uncharacterized protein LPS biosynthesis

Q7VH68 UDP-3-O-acylglucosamine 
N-acyltransferase LPS biosynthesis

Q7VHF8 Tetraacyldissacharide 4’-kinase LPS biosynthesis

Q7VHI4 Lipopolysaccharide heptosyltransferase LPS biosynthesis

Q7VI01 Lipid A dissacharide synthase LPS biosynthesis

Q/VFZ1 D,D-heptose 1,7-bisphosphate 
phosphatase LPS biosynthesis

Q7U327 3-deoxy-D-manno-octulosonic acid 
transferase LPS biosynthesis

Q7VHS3 Penicillin-insensitive transglycosylase Peptidoglycan 
biosynthesis

Q7U322

UDP-N-acetylglucosamine--N-
acetylmuramyl-(pentapeptide) 
pyrophosphoryl-undecaprenol 

N-acetylglucosamine transferase

Peptidoglycan 
biosynthesis

http://www.mgc.ac.cn/VFs/
http://www.mgc.ac.cn/VFs/
http://www.ddg-pharmfac.net/vaxijen/VaxiJen/VaxiJen.html
http://www.ddg-pharmfac.net/vaxijen/VaxiJen/VaxiJen.html
http://tools.iedb.org/main/tcell/
http://tools.iedb.org/main/tcell/
http://tools.iedb.org/mhci/
http://tools.iedb.org/mhci/
http://tools.iedb.org/immunogenicity/
http://tools.iedb.org/immunogenicity/
http://tools.iedb.org/mhcii/
http://tools.iedb.org/mhcii/
http://tools.iedb.org/bcell/
http://www.cbs.dtu.dk/services/BepiPred/
http://www.cbs.dtu.dk/services/BepiPred/
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Prediction of subcellular localization 

The pool of non-homologous proteins was subjected to 
subcellular localization prediction using the PSORTb database. 
When a protein location was assigned as ‘unknown’, CELLO v.2.5 
was used to overcome the limitation of PSORTb. H. hepaticus 
ATCC 51449 is a Gram-negative bacterium. Thus, five categories 
of subcellular localization were listed: (1) extracellular, (2) outer 
membrane, (3) periplasm, (4) inner membrane, and (5) cytoplasm. 
Figure 1 shows the distribution of the proteins according to their 
predicted subcellular locations. Among 1168 proteins, most (63%) 

were found in the cytoplasmic region, and the next more significant 
fraction (17%) localized in the inner membrane. While 9% and 
4% were outer membrane and extracellular proteins, respectively, 
periplasmic proteins were 7% (Table 1 in Supplemental Data). 
Cytoplasmic, outer membrane, and extracellular proteins were 
subjected to further analyses since cytoplasmic proteins can 
serve as promising drug targets based on their pivotal roles in cell 
survival. In contrast, outer membrane and extracellular proteins 
can be considered as vaccine candidates due to their more exposed 
nature than cytoplasmic ones. 

Figure 1: Distribution of the proteins based on subcellular localization predicted by PSORTb and CELLO. CELLO assessed the locations of some 
unknown proteins sorted by PSORTb. Cytoplasmic, outer and extracellular proteins were prioritized for the identification of drug targets and vaccine 
candidates.

CELLO assessed the locations of some unknown proteins 
sorted by PSORTb. Cytoplasmic, outer and extracellular proteins 
were prioritized for the identification of drug targets and vaccine 
candidates. 

Identification of druggable cytoplasmic target proteins 

The cytoplasmic proteins essentiality was analyzed in DEG 10 
since they were considered as the most promising drug targets, and 
a total of 281 essential cytoplasmic proteins carrying out important 
functions in survival, adhesion, and infection were identified (Table 
2 in Supplemental Data).

After retrieval of H. hepaticus and human metabolic pathways 

from the KEGG database, they were manually compared to reveal 
the pathogen-specific ones, which then resulted in 25 metabolic 
pathways. Analysis of 281 essential cytoplasmic proteins 
revealed 36 proteins having roles in these specific pathways 
(Table 3 in Supplemental Data) (Figure 2). Moreover, 14 proteins 
were assigned to peptidoglycan and lipopolysaccharides (LPS) 
biosynthesis pathways, which play essential roles in constructing 
cell walls of Gram-negative bacteria (Table 1). Therefore, to check 
the druggability of these fourteen proteins, they were analyzed 
through BLASTp search in the DrugBank database. Six of fourteen 
proteins matched with FDA-approved or experimental drug targets 
in DrugBank (Table 2) [26].

Table 2: Six putative drug targets identified by DrugBank. They were also checked by PockDrug to assess their druggable regions and by STRING 
to reveal their associations with other proteins.

Uniprot ID Protein Name Metabolic Pathway
PockDrug Score 

(residues in pocket) 
> 0.5

Molecular Weight 
(kDa) Node Degree ≥ 5

Q7VGY6 UDP-N-acetylglucosamine acyltransferase LPS biosynthesis 0.9 (0) 28.47 5.64

Q7VHF2 UDP-3-O-acyl-N-acetylglucosamine 
deacetylase LPS biosynthesis 0.95 (1) 33.57 6.73

Q7VFZ4 Phosphoheptose isomerase LPS biosynthesis 0.97 (8) 21.01 6.18

Q7VJS5 3-deoxy-manno-octulosonate 
cytidylyltransferase LPS biosynthesis 0.91 (3) 26.73 8.36

Q7VK53 2-dehydro-3-deoxyphosphooctonate 
aldolase LPS biosynthesis 1.0 (17) 29.72 8.55

Q7VHS3 Penicillin-insensitive transglycosylase Peptidoglycan 
biosynthesis 1.0 (10) 75.28 6.73

https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
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Figure 2: Distribution of essential cytoplasmic proteins based on metabolic pathways specific to H. hepaticus. The proteins included in LPS and 
peptidoglycan biosynthesis were selected for further analysis to identify drug targets.

After modeling and validating the protein structures, PockDrug 
analysis revealed that all six targets had druggable regions that a 
drug-like molecule can bind (Table 2). Following that, interactome 
analyses were performed for these six proteins to understand 
whether they are hub proteins representing a significant degree 
via interacting with many other nodes in protein networks. 

Interactome analyses were performed using the STRING database, 
and all six proteins seemed to have the node degree greater than 5 
(Table 2) (Figure 3). The inhibition of hub proteins can be lethal for 
the survival of pathogens, so all these six proteins can be considered 
as novel drug targets. 

Figure 3: Protein-protein interaction diagram of the putative drug targets. Red colored circle indicates the query target. a) UDP-N-acetylglucosamine 
acyltransferase (lpxA), b) UDP-3-O-acyl-N-acetylglucosamine deacetylase (lpxC), c) 3-deoxy-manno-octulosonate cytidylyltransferase (kdsB), d) 
2-dehydro-3-deoxyphosphooctonate aldolase (kdsA), e) Phosphoheptose isomerase (gmhA), and f) Penicillin-insensitive transglycosylase (pbpA). 
Among six selected targets, lpxA, lpxC, kdsA and kdsB directly interact with each other while gmhA and pbpA are in association with different nodes. 
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Identification of potential vaccine candidates

110 outer membrane and 47 extracellular proteins of H. 
hepaticus ATCC 51449 were subjected to Vaxign analysis for 
the identification of possible vaccine candidates having defined 
properties. After the analysis, the outer membrane and extracellular 
proteins with adhesion probability > 0.51, Vaxign-ML score ≥ 90, 
and the number of transmembrane helices ≤ 1 were considered as 
putative vaccine candidates and selected for further analysis (Table 
4 in Supplemental Data) 

Assessment of antigenicity and virulence of putative 
vaccine candidates

Potential vaccine candidates (45 outer membrane and 26 
extracellular proteins) were screened for virulent and antigenic 
properties through Virulence Factor Database (VFDB) and 
VaxiJen v.2.0, respectively. 4 outer membrane and 7 extracellular 
proteins were listed as candidates having virulence and antigenic 
properties. Physiochemical properties, including molecular weight 
and theoretical pI values, were assessed by the Expasy ProtParam 
tool (Table 3). 

Table 3: Putative antigenic proteins of H. hepaticus. Vaxign, VaxiJen, and VFDB were used to reveal their antigenicity and ProtParam analysis was 
carried out to determine their molecular weight and theoretical pI values. 

Uniprot ID Protein Name Subcellular 
localization

Vaxign ML 
Score

Adhesin 
Probability

VaxiJen 
Score

Molecular 
Weight (kDa)

Theoretical 
pI

Q7VF32 Iron-regulated outer membrane 
protein FrpB

Outer 
membrane 96.6 0.63 0.6574 76.1 6.53

Q7VJ32 Uncharacterized protein Outer 
membrane 99.9 0.816 0.6286 81.6 8.01

Q7VI87 Uncharacterized protein Outer 
membrane 98 0.753 0.5564 79.6 7.59

Q7VH52 Uncharacterized protein Outer 
membrane 99.3 0.521 0.5522 59.1 7.66

Q7TTM9 Flagellin flaA Extracellular 97.8 0.707 0.7321 53.1 5.56

Q7VJK0 Uncharacterized protein Extracellular 92.5 0.549 0.6963 18.7 5.63

Q7VF81 Flagellin flaB Extracellular 97.8 0.549 0.654 54.4 6.38

Q7VFH2 Flageller hook protein FlgE Extracellular 99.8 0.824 0.6077 77 5.08

Q7VH86 Flagellar basal-body rod protein 
FlgG Extracellular 93.2 0.71 0.5828 28.1 4.55

Q7VJR0 Flageller basal body protein Extracellular 97.7 0.567 0.5745 83.1 4.82

Q7VJK1 Phage_base_V domain-containing 
protein Extracellular 96.5 0.53 0.527 103.7 5.68

Prediction of potent T-cell epitopes of putative antigenic 
proteins

T-cell dependent cellular immune response is initiated following 
antigen presentation by Major Histocompatibility Complex (MHC) 
class I and class II. Therefore, it is inevitable to predict epitope 
sites of the prioritized 11 antigenic proteins for potential vaccine 
design. First of all, selected proteins were screened to find epitopes 
presenting specific binding capacity to MHC class I by IEDB server. 
High binding affinity property was considered equivalent to IC50 
< 50 nM, and matching epitopes were furtherly subjected to 
immunogenicity prediction and checked for their ability to provoke 
an immune response. Following double screening covering MHC 
I-binding and immunogenicity prediction, epitopes with IC50 < 50 
nM value and positive immunogenicity score were listed in Table 5 
in Supplemental Data. Secondly, candidate proteins were depicted 
for the specific binding capacity to MHC class II by the IEDB server 
(IC50 < 50 nM) (Table 6 in Supplemental Data). 

B-cell epitopes of putative antigenic proteins

In addition to T-cell epitope prediction, 11 proteins were 
examined for B-cell epitope prediction (humoral immunity). The 
Bepipred server was used to find linear epitopes, respecting 0.5 
threshold value proposed by version 2.0. As the linear epitopes’ 
location is in close relation with physicochemical properties of 
proteins, candidate proteins were subjected to Chou and Fasman 
beta-turn prediction, Emini surface accessibility prediction, 
Karplus and Schulz flexibility prediction, Kolaskar and Tongaonkar 
antigenicity prediction, and Parker Hydrophilicity Prediction 
(Data not shown). Peptides of 5-15 amino acids in length for each 
corresponding protein were chosen as potent B-cell epitopes (Table 
7 in Supplemental Data).

Final epitope selection and topological analysis of 
common epitopes

MHC Class I/II epitope prediction study and B-cell linear 
prediction were treated to find common epitopes. Common MHC 

https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
https://biomedgrid.com/pdf/AJBSR.MS.ID.001900-Supplementary-files.xlsx
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class I-II epitopes with IC50 < 50 nM overlapped with B-cell 
predicted linear epitopes were shortlisted. 2 outer membrane 
proteins (Protein ID: Q7VF32, iron-regulated outer membrane 
protein FrpB; Protein ID: Q7VJ32, uncharacterized protein) and 3 

extracellular proteins (Protein ID: Q7VH86, flagellar basal-body 
rod protein FlgG; Protein ID: Q7VJR0, flagellar basal body protein; 
Q7VJK1, Phage_base_V domain-containing protein) were finally 
selected based on their common T and B-cell epitopes (Table 4). 

Table 4: The MHC Class I/II (IC50 < 50 nM) and B cell epitopes overlay (Threshold = 0.5). Score value is the average of epitope-residue score.

Uniprot ID Occuring 
MHC I Allele Peptides IC50 Occuring MHC II Allele Peptides IC50 B-cell epitope Score

Q7VF32 HLA-B*15:01 FDMLLPNRSY 23.95 HLA-DRB1*01:01 KNAFDMLLPNRSYGA 7 AFDMLLPNRSY 0.548

HLA-DRB1*04:05 43

HLA-DRB1*01:01 NAFDMLLPNRSYGAH 7

HLA-DRB1*04:05 45

HLA-DRB1*01:01 ITKNAFDMLLPNRSY 8

43

HLA-DRB1*01:01 TKNAFDMLLPNRSYG 8

HLA-DRB1*04:05 44

HLA-DRB1*01:01 AFDMLLPNRSYGAHF 20

Q7VJ32 HLA-B*35:01 MPTQFQSQF 9.39 HLA-DRB1*07:01 VNFITSMPTQFQSQF 48 PTQFQSQF 0.537

HLA-B*53:01 38.54 HLA-DRB1*07:01 48

Q7VH86 HLA-B*15:02 FLELSNVKL 18.67 HLA-DRB1*01:01 QLRQGFLELSNVKLV 8 LELSNVK 0.522

HLA-DRB1*07:01 29

HLA-DRB1*01:01 LRQGFLELSNVKLVE 8

HLA-DRB1*07:01 29

HLA-DRB1*01:01 RQGFLELSNVKLVEE 8

HLA-DRB1*07:01 30

HLA-DRB1*01:01 QGFLELSNVKLVEEM 8

HLA-DRB1*07:01 31

HLA-DRB1*01:01 GQLRQGFLELSNVKL 9

HLA-DRB1*07:01 31

HLA-DRB1*01:01 GFLELSNVKLVEEMT 22

HLA-DRB1*01:01 FLELSNVKLVEEMTD 26

Q7VJR0 HLA-A*11:01 AAFVNDQGLRK 7.26 HLA-DRB5*01:01 IGIAAFVNDQGLRKV 35 DQGLRKV 0.533

HLA-DRB5*01:01 GIAAFVNDQGLRKVG 36

HLA-DRB5*01:01 RIGIAAFVNDQGLRK 37

HLA-DRB5*01:01 IAAFVNDQGLRKVGG 38

HLA-DRB5*01:01 AAFVNDQGLRKVGGN 39

HLA-A*02:06 LYKHLETS 13.68 HLA-DRB1*01:01 SVLYKHLETSNVDVG 20 HLETS 0.515

HLA-DRB1*04:05 39

HLA-DRB1*01:01 GSVLYKHLETSNVDV 21

HLA-DRB1*04:05 38

HLA-DRB1*01:01 VLYKHLETSNVDVGN 21

HLA-DRB1*04:05 39

HLA-DRB1*01:01 KYGSVLYKHLETSNV 22

HLA-DRB1*04:05 41

HLA-DRB1*01:01 YGSVLYKHLETSNVD 22

HLA-DRB1*04:05 40

Q7VJK1 HLA-B*40:02 RESLQSPFHI 14.75 HLA-DRB5*01:01 TFTITKAHIRESLQS 47 RESLQSPFH 0.521

HLA-DRB5*01:01 FTITKAHIRESLQSP 48
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HLA-A*68:01 NSITFTITK 27.2 HLA-DRB5*01:01 DINSITFTITKAHIR 16 SLDINSITFTITKA 0.54

HLA-DRB5*01:01 INSITFTITKAHIRE 16

HLA-DRB5*01:01 NSITFTITKAHIRES 16

For the immune cells’ effective recognition, exo-topology of 
the predicted common epitopes was investigated. During the 
homology modeling, which was performed via SWISS-MODEL, 
4AIP, 6JZR, 6K31, and 5FP1 were employed as templates of Q7VF32, 
Q7VH86, Q7VJR0, and Q7VJ32, respectively. Here templates were 
given as Protein Databank IDs (PDB), and target proteins were 
represented with UniProt IDs. In the case of Q7VJK1, which has two 

identified epitope regions from 10th to 27th amino acids, Phyre2 
was employed in intense mode with the default settings to benefit 
from the ab-initio method because the templates identified for this 
protein represent a low coverage for the target region where the 
epitopes are located. After the analysis, the surface-exposed nature 
of the epitopes was displayed with no folding into the protein 
structure (Figure 4). 

Figure 4: Conformational representation of the epitope regions on the structure of the related proteins. The protein structures are displayed in 
gray color and the epitopes are shown in red or green. Each of Q7VF32, Q7VJ32, and Q7VH68 proteins contains one epitope region within 156-
165 (FDMLLPNRSY), 151-158 (PTQFQSQF), and 219-225 (LELSNVK) bp, respectively. Q7VJK1 has two different epitope regions within 10-18 
(NSITFTITK) and 22-27 (RESLQS) bp. Q7VJR0 also contains two epitope regions within 654-659 (DQGLRK) and 701-705 (HLETS).

Discussion
In the last decades, computational approaches, coupled 

with bioinformatics tools, have provided insights to identify 
potential targets and antigens from different microorganisms. The 
bioinformatics-mediated analysis helps narrow down the number 
of proteins or genes to be investigated through a rational workflow. 
This strategy provides advantages in terms of time and cost. 
Besides discovering novel targets or antigens, in-silico approaches 
can also help design structure-based drugs, repurpose known 
drugs, construct multi-epitope vaccine proteins, and investigate 
host-pathogen interactions [27]. A computational approach 
termed reverse vaccinology has been used to mine the genome or 
proteome of microorganisms to identify novel vaccine candidates, 
and sequence or structure-based comparisons with known targets 
provide information to discover putative drug targets. 

In this study, a proteome-mediated analysis was applied 
to uncover potential antigenic proteins and drug targets in H. 
hepaticus, which is a member of the enterohepatic group of 
Helicobacter spp. with well-known pathogenesis in chronic hepatitis 
and hepatocellular carcinoma in mice. The studies also revealed its 
presence in human cases with cholecystitis, gallbladder cancer, liver 
diseases, and cholelithiasis, implying that a possible relationship 
between the infection of H. hepaticus and these diseases may be 
directly or indirectly present. After retrieving the total proteome 
of H. hepaticus, paralogous proteins or duplicates were eliminated 
through CD-HIT analysis. Human non-homologous proteins were 
also excluded since an ideal vaccine or drug candidate should 
not show homology with host proteins to prevent autoimmune 
reactions for vaccine candidates and avoid binding of therapeutic 
agents to the host homologs. Through the PSORTb and CELLO 
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database, non-homologs were analyzed to identify the subcellular 
location, which is an important aspect since it helps to understand 
protein’s function and to evaluate proteins as drug targets or 
vaccine candidates. 

As antibiotic resistance became a significant threat to human 
health, alternative approaches rather than antibiotics began to be 
sought to fight against bacterial pathogens. One popular approach 
is to design small-molecule enzyme inhibitors for critical pathways 
of microorganisms such as LPS, peptidoglycan, and quorum sensing 
[28]. In addition to traditional methods, genomics or proteomics-
based in-silico strategies enable to search potential druggable 
candidates for these small-molecule inhibitors in a fast manner 
[29-31]. Therefore, the cytoplasmic proteins of H. hepaticus were 
analyzed to reveal the enzymes that have a role in vital metabolic 
pathways that can serve as promising drug targets.

DEG 10 contains more than 12,000 essential genes and 
their expressed proteins from 31 bacterial species [16]. Besides 
search with the gene name or function, the database also allows 
BLASTp search for query sequences against essential genes. 
After retrieving essential gene-products among the cytoplasmic 
proteins through the DEG server, KEGG pathway analysis was 
carried out to reveal metabolic pathways unique to the pathogen. 
These analyses resulted in 36 proteins specific to 25 metabolic 
pathways found only in H. hepaticus compared to the human. 
Among them, LPS and peptidoglycan biosynthesis pathways 
have primary importance due to their critical roles, especially 
in pathogen survival, antibiotic sensitivity, and pathogenesis. 
Besides, the disruption of these constituents would be quite useful 
to control pathogens by making them vulnerable against osmotic 
lysis [26]. Therefore, fourteen out of thirty-six proteins assigned 
to these pathways were prioritized and analyzed, resulting in 
six hub proteins (UDP-N-acetylglucosamine acyltransferase 
(LpxA), UDP-3-O-acyl-N-acetylglucosamine deacetylase (LpxC), 
2-dehydro-3-deoxyphosphooctonate aldolase (KdsA), 3-deoxy-
manno-octulosonate cytidylyltransferase (KdsB), phosphoheptose 
isomerase (GmhA) and penicillin-insensitive transglycosylase 
(PbpA)) whose inhibition would cause detrimental outcomes in the 
the pathogen’s survival (Table 2). In the literature, several studies 
show the importance of these indispensable enzymes in terms of 
the survivability of various bacterial pathogens [32-34]. 

LPS mainly consists of three distinct compartments: Lipid A, 
core oligosaccharide, and O-chain polysaccharide. Lipid A is a key 
element that anchors LPS in the outer part of the external membrane 
[35]. Among six putative drug targets, UDP-N-acetylglucosamine 
acyltransferase (LpxA) and UDP-3-O-acyl-N-acetylglucosamine 
deacetylase (LpxC) are the first and second enzymes, respectively, in 
the biosynthesis of Lipid A [36]. Many studies have been conducted 
in other pathogens to design small molecule or peptide inhibitors 

for these enzymes. Their blockage helped control the spread of 
the pathogens and decrease their pathogenicity. Besides, their 
combinational use with antibiotics made the cell wall weaker for the 
entrance of antibiotics into the host cells [37-40]. The second part, 
core oligosaccharide, is composed of a short chain of sugars such 
as KDO and heptose. 2-dehydro-3-deoxyphosphooctonate aldolase 
(KdsA) and 3-deoxy-manno-octulosonate cytidylyltransferase 
(KdsB) are the enzymes responsible for KDO biosynthesis. The 
studies carried out with different pathogens revealed that the 
inhibition of KdsA and KdsB resulted in the accumulation of Lipid 
A precursor, which eventually arrested the cell growth and made 
the bacterial cell more vulnerable to antibiotic actions [34,41]. In 
addition to KdsA and KdsB, phosphoheptose isomerase (GmhA) 
also has a role in the core oligosaccharide part where GmhA 
catalyzes the committed step of heptose biosynthesis, which in 
turn, could be a valuable target for the inhibition of bacterial 
growth [42]. The last enzyme, called penicillin-insensitive 
transglycosylase (PbpA), is a Class A penicillin-binding protein that 
catalyzes both transglycosylation and transpeptidation reactions in 
glycan strands of peptidoglycan. The studies have provided insights 
into its contribution to fully mature cell wall structure, viability, 
and resistance to β-lactam antibiotics [32]. When considering all 
these key enzymes’ functions, they seem to be valuable targets to 
control the pathogen due to the disruption of structural integrity 
and enabling antibiotics to accomplish their actions.

The outer membrane and extracellular proteins usually play 
significant roles as virulence factors related to the pathogen’s 
adhesion, invasion, and survival in the host. They are generally 
the first contact points with the host, which can elicit an immune 
response. Therefore, they can be considered as potential vaccine 
candidates, and Vaxign was used to analyze the outer membrane 
and extracellular proteins of H. hepaticus. Vaxign performs the 
topology analysis using HMMTOP based on a general hidden 
Markov model (HMM), and proteins having ≥ 2 transmembrane 
helices are not considered as ideal candidates due to the difficulty 
in the cloning and expression of proteins during vaccine studies 
[12,19]. Adhesin proteins are generally critical for pathogen 
invasion, and proteins with locations rather than cytoplasm and 
cytoplasmic membrane tend to have more adhesin probability 
(AP) [43]. Vaxign predicts AP using SPAAN with 89% sensitivity 
and 100% specificity. Moreover, Vaxign assigns a protegenicity 
score to each protein, indicating how well a candidate induces 
protective immunity [44]. After selecting the candidates based on 
Vaxign search, they were subjected to VFDB and VaxiJen analyses 
to screen virulent and antigenic proteins. VFDB contains up-to-
date virulence factors of various bacterial pathogens and supports 
BLASTp search based on sequence similarity. VaxiJen provides an 
alignment-independent prediction of antigenic proteins and makes 
antigen classification according to the physicochemical properties 
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of proteins. The results exposed eleven putative vaccine candidates, 
including five uncharacterized proteins in addition to known 
immunogenic proteins; flagellar proteins and iron-regulated outer 
membrane protein (FrpB). Epitope analysis revealed that five of 
eleven vaccine candidates displayed common T and B-cell epitopes, 
which provide advantages to elicit both cellular and humoral 
immune responses (Table 4). Moreover, the structural analysis 
demonstrated the surface-exposure topology of these epitopes, 
suggesting an efficient immune system recognition. Among 
these five proteins, FrpB, FlgG, and flagellar basal-body protein 
were previously characterized, whereas two candidates remain 
uncharacterized. The immunogenic nature of bacterial flagella has 
been widely known, and flagellar proteins including FlaA, FlaB, 
FlgE, and FlgG studied in different pathogens have been found as 
immunogenic [45-48]. Another characterized protein, FrpB, has 
been also identified as immunogenic in various pathogens such as 
Neisseria meningitidis and Salmonella typhi [49, 50]. Besides these 
known antigens, Q7VJ32 (uncharacterized protein) and Q7VJK1 
(phage base V domain-containing protein) could be considered as 
new antigenic determinants specific to H. hepaticus. 

 Conclusion
Although experimental validation is still needed, the current 

study uncovered six drug targets and eleven putative antigenic 
proteins in H. hepaticus through the subtractive proteomic 
approach. Given the fact that all six proteins have critical roles in 
vital metabolic pathways, they were typically identified as drug 
targets in different pathogens including Acinetobacter baumannii, 
Pseudomonas aeruginosa, and H. pylori in previous studies (Hamada 
et al., 2009; Pradhan and Dal, 2004; Rappuoli, 2000). Among eleven 
antigenic proteins, five had common epitopes of T and B-cells with 
an exo-topology, resulting in both humoral and cellular-mediated 
immune responses. 

In further studies, structural analysis of the drug targets could 
be helpful to design specific small-molecule inhibitors to control the 
pathogen. Moreover, putative antigenic proteins could be used to 
detect H. hepaticus. The identified epitope regions can be utilized to 
speculate potential multi-epitope vaccine constructs with different 
adjuvants in further studies.
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