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Abstract 
Objectives:  Cronobacter sakazakii, formerly Enterobacter sakazakii, is an emerging ubiquitous and opportunistic foodborne pathogen with a 
high mortality rate. It has been implicated in cases of meningitis, septicaemia, and necrotizing enterocolitis among infants worldwide in associ-
ation with powdered infant formula (PIF). This study was an insilico designed peptide base kit framework, using immunoinformatic techniques 
for quick detection of C. sakazakii in PIF.
Materials and Methods:  In the present study, a peptide-based kit was designed with a bioinformatic technique to rapidly identify C. sakazakii 
in PIF using flhE, secY, and bcsC, which are genes responsible for its biofilm formation, as target genes. The antigenicity, membrane topology, 
and the presence of signal peptides of the target genes were analysed using VaxiJen, DeepTMHMM, and SignalP servers. To provide stability 
and flexibility to the multiple-epitope construct, the linear B cells and helper T cells (IL-4 (interleukin 4) and IL-10 (interleukin 10) inducing epitopes) 
were linked with a GSGSG linker followed by the addition of protein disulphide bonds. To ascertain specificity, the multi-epitope construct was 
molecularly docked against genes from sources other than PIF, like alfalfa, and the environment, with PIF being the highest: –328.48. Finally, the 
codons were modified using the pET28a(+) vector, and the resultant multi-epitope construct was successfully cloned in silico.
Results:  The final construct had a length of 486 bp, an instability index of 23.26, a theoretical pI of 9.34, a molecular weight of 16.5 kDa, and 
a Z-score of –3.41. 
Conclusions:  The multi-epitope peptide construct could be a conceptual framework for creating a C. sakazakii peptide-based detection kit, 
which has the potential to provide fast and efficient detection. However, there is a need for additional validation through the in vitro and in vivo 
techniques.
Keywords: Powdered infant formula; Cronobacter sakazakii; bioinformatics; immunoinformatics; detection kit; peptide-based; epitopes; analytical kits; 
recombinant fusion protein; peptides.

Introduction
An emerging pathogen identified in powdered infant formula 
(PIF) consumption and linked epidemiologically to neonatal 
foodborne outbreaks is Cronobacter sakazakii (Cai et al.,  
2013; Fei et al., 2015). It is a Gram-negative, oxidase-
negative, catalase-positive, and facultatively anaerobic 

bacteria belonging to the Enterobacteriaceae family. They 
are generally motile, reduce nitrate, use citrate, and hydro-
lyse esculin and arginine. Cronobacter sakazakii, formerly 
Enterobacter sakazakii, comprises seven species: C. sakazakii, 
C. malonaticus, C. turicensis, C. muytjensii, C. condimenti, C. 
universalis, and C. dublinensis (Iversen et al., 2007). Several 
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strains of C. sakazakii, C. malonaticus, C. turicensis, and C. 
dublinensis are desiccation-resistant and persistent in dried 
products such as PIF (Fei et al., 2022).

In addition to being ubiquitous, this organism has been 
isolated from a variety of sources, including hospitals, PIF 
production facilities, and homes, as well as from various 
food categories like dried food products and spices, and it 
is expressed in breast milk (McMullan et al., 2018). Most C. 
sakazakii infections have been reported to affect newborns, 
children, and people with weakened immune systems (Healy 
et al., 2010). Numerous countries have reported nosocomial 
outbreaks in neonatal intensive care units (NICUs; Caubilla-
Barron et al., 2007; Hariri et al., 2013) with high mortality 
rates ranging from 40% to 80%.

The current methods used to detect and identify C. sakazakii 
include culture and biochemical-based methods, polymerase 
chain reaction or gene probe assays. These methods require 
highly skilled personnel and expensive equipment or longer 
turnaround time; hence, they could be less effective for real-
time surveillance. Therefore, designing a cheaper, easy-to-
use, highly sensitive, specific detection kit will be beneficial. 
There is also a need for more consistency between results 
obtained with different detection and identification methods; 
the current United States Food and Drug Administration de-
tection method uses a series of culturing steps to isolate C. 
sakazakii from food matrices. Several target genes such as 
flhE, bcsC, and secY have been incriminated to be respon-
sible for the organism’s pathogenicity (Hartmann et al., 2010; 
Li et al., 2020). With the increasing availability of genome 
sequences in the NCBI database combined with bioinfor-
matics tools, retrieving selected target gene sequences with 
practical verification is possible. Several studies have used 
this in silico approach to design a detection kit for specific 
targets for pathogen detection (Schoch et al., 2020; Oladipo 
et al., 2023b). However, no such study has been done for 
Cronobacter species. In this study, bioinformatics tools were 
extensively utilized for the in silico design of a detection kit 
to effectively detect C. sakazakii in PIF and other related food 
categories.

Methods
Sequence retrieval and antigenicity prediction
Protein Knowledgebase (UniProtKB) and the National Center 
for Biotechnology Information (NCBI) were adopted to iden-
tify the amino acid sequences of the targeted genes. The genes’ 
accession number, amino acid sequence, and tertiary structure 
(3D) were retrieved from the database (Oladipo et al., 2023a). 
Using the VaxiJen 2.0 Bacteria model, it was predicted that 
these genes would trigger a response in the immune system 
(Doytchinova and Flower, 2007). VaxiJen generates protein 
antigenicity without using alignment and emphasizes the 
physical and chemical features of the identified alternative 
(Oladipo et al., 2023a) (Figure 1).

Signal peptide and transmembrane topology
DeepTMHMM Server (Hallgren et al., 2022) was used to pre-
dict the transmembrane topology of the selected antigenic genes 
and classified them into four regions: Outside, Inside, Membrane 
or Transmembrane, and Signal. Genes with signal peptides were 
further confirmed with the SignalP server (Almagro Armenteros 
et al., 2019). The amino acid sequence that fell within these 

regions was removed to eliminate false negative detection of the 
genes in the final detection kit construct.

B cell epitopes in continuous and discontinuous 
domains
IEDB, ABCpred, and SVMTriP were combined to determine 
the continuous B cell epitopes. The ABCpred server predicts 
15–20 amino acid fixed-length epitopes with a high accuracy 
of 65%–93%. It uses an artificial neural network algorithm, 
SVMTriP server uses a support vector machine (SVM) by com-
bining the Tri-peptide similarity and Propensity scores, while 
IEDB uses a random forest algorithm (Saha and Raghava, 
2006; Yao et al., 2012). The epitopes were scrutinized with 
the following three servers: VaxiJen (Doytchinova and Flower, 
2007), AllerTOP (Dimitrov et al., 2014), and ToxinPred 
(Gupta et al., 2015) for antigenicity, allergenicity, and tox-
icity. Multiple sequence alignment was done using the Unipro 
UGENE MAFFT Algorithm (Rose et al., 2019) to determine 
the consensus epitopes across each gene (Katoh and Toh, 
2010; Oladipo et al., 2023b). The ElliPro tool determines the 
discontinuous B cell epitopes based on their solvent accessi-
bility and electrostatic potential. The application highlights 
applicant epitope residues and illustrates the predicted anti-
genic region (Ponomarenko et al., 2008).

IL-4 (interleukin 4) and IL-10 (interleukin 10) 
inducing epitopes
Predictions of the helper T lymphocytes (HTLs) were made 
by checking for the major histocompatibility complex II 
(MHCII) using the web server tool IEDB (Wang et al., 2010). 
Furthermore, the prediction of IL-4 and IL-10 inducing 
epitopes from HTLs was made using the IL4pred and 
IL10pred (Dhanda et al., 2013; Nagpal et al., 2017) ser-
vers. Highly antigenic, non-allergenic and non-toxic IL-4 and 
IL-10 inducing epitopes were selected for assemblage.

Multi-epitope construct assemblage and 
physicochemical functions
The multi-epitope protein sequence was constructed via the 
top-scoring immunodominant epitopes. B cells, IL-4 and 
IL-10 inducing epitopes with highly antigenic, non-allergenic, 
and non-toxic properties were selected from each sought-out 
antigen. To guarantee epitope stability and recognition, these 
epitopes were bound with a flexible GSGSG linker (Oladipo et 

Figure 1. A flowchart of the methodology used in the design of the 
detection kit.
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al., 2023a). The Protein-Sol server (Hebditch et al., 2017) evalu-
ated the solubility of the multi-epitope protein using information 
on Escherichia coli protein solubility in the context of a cell-
free manufacturing approach. ExPASy-ProtParam (Hennebert 
et al., 2015) analysed the physical and chemical traits of the 
protein, particularly its instability index, half-life, grand average 
hydropathicity (GRAVY), aliphatic index, isoelectric point (pI), 
atomic composition and molecular weight (MW).

Assemblage secondary and tertiary structure
The alpha and beta helix structure was predicted using the 
self-optimized prediction method with alignment (SOPMA) 
server (Deléage, 2017). This tool (Geourjon and Deléage, 
1995; McGuffin et al., 2000) uses amino acid sequence to 
assess the beta sheets, alpha helices, and coils of proteins. In 
the subsequent phase, the multi-epitope construct underwent 
3D homology simulations on the AlphaFold2 server (Mirdita 
et al., 2022). The AlphaFold 2.0 network precisely forecasts 
the three-dimensional coordinates of all large atoms for a 
particular protein using the aligned sequences of homologues 
and core amino acid sequences as inputs.

Validation and refinement of tertiary models
The best-fit protein model proposed by the AlphaFold2 
server was boosted for precision and dependability with the 
Galaxy Refine server (Lee et al., 2016). The tool recommends 
five altered models leveraging different optimization param-
eters (RMSD, MolProbity, GDT-HA, Poor rotamers, Rama, 
and Clash Score) to improve the projected protein structure. 
The entire quality score was reviewed using a Z-score by the 
ProSA-web server (Wiederstein and Sippl, 2007), checking 
the extent to which they aligned in current protein struc-
tures. Furthermore, a Ramachandran map was constructed 
using the MolProbity service (Williams et al., 2018) to dem-
onstrate the energetically appropriate and disallowed dihe-
dral angles that make up the amino acids psi (ψ) and phi (φ).

Protein disulphide engineering
Disulfide by Design (DbD) 2.0 internet server was used for 
disulphide engineering (Craig and Dombkowski, 2013). The 
web server identifies residue pairings that can create a disul-
phide bond if each residue changes to cysteine. This allows 
the study of protein dynamics, interactions, identification, 
and mutation of potential residue in the highly mobile region 
of the sequence to generate new disulphide bonds.

Molecular docking and comparison with genes 
from other sources
The receptor (Disulfide Engineered structure of the de-
tection kit) and ligand (3D design of each antigenic gene) 

molecules were docked using the HDOCK server (Remmert 
et al., 2012). The server uses a hybrid template-based 
and template-free docking approach to automatically an-
ticipate their interaction (Yan et al., 2020). Viewing the 
binding interaction with PDBsum Generate (Laskowski and 
Thornton, 2022) (Figure 11) showed the protein chains, 
DNA, ligands, and metal ions and schematic diagrams of 
their interactions. Sequences of genes collected from add-
itional sources, such as the environment and alfalfa sprouts, 
were docked to our construct, and the docking score was 
compared to further ascertain the specificity of the detec-
tion kit in silico.

Reverse translation, codon optimization, and in 
silico cloning
The Java Codon Adaptation Tool server (JCAT) presented 
a simple method for adapting codon usage to E. coli K12, 
the cloning vector of interest (Grote et al., 2005). JCAT pro-
vides an optimized sequence with codon adaptation index 
(CAI) and percentage of guanine–cytosine content (GC%). 
SnapGene (Sarker et al., 2019) was used for in silico cloning. 
Plasmid vectors, peT28a(+) and appropriate restriction sites 
were used to embed the optimised codon at 5 and 3 –OH 
positions.

Results
Retrieved sequences and antigenicity score
flhE, secY, and bcsC (Hartmann et al., 2010; Li et al., 2020) 
were the genes whose amino acid sequences were obtained in 
which all of them passed the antigenic threshold of >0.4 for 
the bacteria model on VaxiJen (Table 1).

Signal peptide and transmembrane topology
The result showed the region of the membrane topology for 
the gene bcsC, flhE, and secY. The membrane topology result 
bcsC revealed that bcsC had an outer region between 797 
and 1135 amino acids (aas) with signal peptide, the region of 
flhE outside was between 19 and 133 aas with signal peptide 
(Figure 2), and secY outer region was between 40 and 398 
aas with no presence of signal peptide. The signal peptides of 
bcsC and flhE were cleaved.

Continuous and discontinuous B cell epitopes
IEDB, SVMtrip, and ABCpred predicted 91 antigenic, 
non-allergenic, and non-toxic linear B cell epitopes (12 flhE, 
47 bcsC, and 32 secY). The consensus genes were also obtained 
with the Unipro UGENE MAFFT algorithm (Figure 3A). 
ElliPro predicted seven discontinuous B cell epitopes from 
the engineered construct (Figure 3B): 16 residues (0.803), 5 
residues (0.752), 19 residues (0.744), 18 residues (0.728), 11 
residues (0.659), 6 residues (0.656), and 5 residues (0.5).

Table 1. UniProt accession number, gene, function, and antigenic score of the selected genes

Accession 
number

Gene Function Antigenic 
score

A7MED5 flhE For flagella production, which is crucial in motility, inflammatory re-
sponse and ultimately the virulence of the bacteria (Li et al., 2020)

0.6822

A7MPF4 secY The gene is used for biofilm formation (Hartmann et al., 2010) 0.5409

A7MKP2 bcsC Required for maximal bacterial cellulose synthesis 0.6440
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IL-4 and IL-10 inducing epitopes
Fifty epitopes were selected from the over 2000 HTL epitopes 
predicted by the IEDB MHCII server, having passed the 
antigenicity score (>0.4). Upon further analysis with IL4pred 
and IL10pred servers, only IL-4 and IL-10 inducing epitopes 
were carried over (Table 2).

Multi-epitope construct assemblage and 
physicochemical functions
After thorough prediction and selection to create the multi-
epitope sequence, only nine epitopes (linear conformational 
B cells (LCB) and HTL (IL-4 and IL-10 inducing)) emerged. 

They were linked with GSGSG, a flexible linker that length-
ened the final construct to 162 amino acids (Figure 4).

According to the VaxiJen v2.0 server results, the chimeric 
model had a high antigenicity index (1.5541). The Protein-Sol 
server predicted with a score of 0.571 that the design would 
be soluble when expressed in E. coli. The 162 amino acid 
protein has a molecular weight of 16 584.63 Da and a the-
oretical pI of 9.34, according to the ExPASy ProtParam web 
server. The sequence also had eight positively charged residues 
(Arg+Lys) and six negatively charged residues (Asp+Glu). The 
generated sequence has an aliphatic index of 71.17, an in-
stability index of 23.26, and a GRAVY score of –0.125. The 
protein half-life was discovered to be around 100 h, >20 h, 

Figure 2. (A) Transmembrane topology (DeepTMHMM). (B) Signal peptide of flhE predicted (SignalP).
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Figure 3. (A) Consensus LCB epitopes for flhE from Unipro UGENE. (B) Conformational B cells (2 of 7) predicted by the Ellipro tool of the IEDB online 
server.

Table 2. IL-4 and IL-10 HTL inducing epitopes of bscC, secY, and flhE

Gene Allele Epitopes Antigenic 
score (VaxiJen)

IL4 inducer 
(IL4pred)

IL10 inducer 
(IL10pred)

Allergenic 
(ALLERTOP)

Toxic 
(TOXINPRED)

bscC HLA-DRB4*01:01 RDEAIRQMQALDARA 0.9268 Yes Yes No No

HLA-DRB4*01:01 EAIRQMQALDARAPG 0.6747 Yes Yes No No

secY HLA-DRB1*07:01 GGTGWNWLTTISLYL 1.0979 Yes Yes No No

HLA-DRB1*15:01 LYVLLYASAIIFFCF 1.194 No Yes No No

flhE HLA-DRB3*01:01 VVVWRYELAGPTPAG 0.9552 Yes No No No
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and >10 h in human reticulocytes (in vitro), yeast (in vivo), 
and E. coli (in vivo), respectively.

Secondary and tertiary structure of the assemblage
The SOPMA server provided the following details: 58 
(35.80%) random coil, 41 (25.31%) extended strands, 15 
(9.26%) beta-turn, and 48 (29.63%) alpha helix. The sec-
ondary structure’s most predominant areas, as the PSIPRED 
server shows, were coil regions, followed by helix and strand 
structures. Figure 5 presents the illustration of the PSIPRED 
server’s results. Based on their rankings, the AlphaFold2 
server displayed five tertiary structure models of the multi-
epitope protein. Therefore, using UCSF ChimeraX, the model 
with rank one was modelled as the most appropriate model 
(Pettersen et al., 2021).

Tertiary model refinement and validation
The GalaxyRefine server for the designed construct pre-
dicted five refined models. Model 1 was selected as the most 
appropriate model for further study because it satisfied the 
qualifying criteria of GDTHA of 0.8858, RMSD of 0.603, 
MolProbity of 1.433, Clash score of 3.4, Poor rotamers of 
0.0, and Rama favoured of 95.6. The improved model (Figure 
6), which is the most appropriate, has a Z-score of –3.41 
based on the ProSA-web outcome (Figure 7). Approximately 
95.6% of all residues were found in the preferred areas, 
whereas 97.5% were found in the allowed regions according 
to the MolProbity Ramachandran plot analysis of the im-
proved model (Figure 8B). As shown in Figure 8A, the crude 
Ramachandran analysis revealed that 63.8% of the residues 
were in the favoured regions and 78.8% were in the allowed 
regions.

Protein disulphide engineering
Only one pair of amino acids, ALA 120–GLY 123, was found 
to satisfy the criteria for the formation of disulphide bonds 
after residues were screened with DbD2 using the require-
ments of a chi3 value of –87° or +97° and an energy value of 

2.5 B-factor. These residues were then switched out for cyst-
eine residues (Figure 9).

Molecular docking and comparison with genes 
from other sources
The HDOCK server provided the docked model ranked 1–10; 
each had a docking score <–200 and a confidence score ran-
ging from 0.9000 to 1.000 (Table 3) (Figure 10).

In silico cloning
The improved sequences exhibited a CAI value of 1.0 and 
the percentage of cytosine and guanine nucleotides (CG%) of 
55.35%. In contrast, that of E. coli (strain K12) was 50.73%. 
For the in silico cloning, TatI (5ʹ start) and BstAPL (3ʹ end) 
were the restriction sites used. Upon inserting the fragment 
into the pET28a(+) vector, a cloned structure of 2683 bp was 
obtained (Figure 12).

Discussion
Cronobacter sakazakii, an emerging neonatal pathogen, has 
attracted considerable attention globally. It has been associ-
ated with outbreaks of life-threatening septicaemia, necro-
tizing enterocolitis, and meningitis in neonates and infants. 
The xerotolerant pathogen uses a variety of genes to ensure 
its survival in dry conditions; therefore, it can be detected 
in stored PIF even after 2.5 years of storage (Srikumar et 
al., 2019; Elkhawaga et al., 2020). Currently, the detection 
methods used for C. sakazakii either have a longer turnaround 
time, require specialized equipment handled by highly trained 
specialists, or are expensive. Further research is needed to de-
velop new techniques to create a simple, compact, portable 
device to facilitate early and rapid outbreak surveillance. 
Therefore, designing a highly sensitive and specific detection 
kit via immunoinformatics will be beneficial.

Studies have shown that the ability of C. sakazakii to sur-
vive under desiccated stress can be attributed to its ability 
to form biofilms. It helps the organism firmly adhere to the 
surface of equipment and packaging materials, increasing the 
possibility of contamination of PIF with this pathogen (Aly et 
al., 2019). bcsC (cellulose biosynthesis), flhE (flagellar struc-
ture or biosynthesis), and secY genes have been found to play 
significant roles in biofilm formation (Hartmann et al., 2010; 

Figure 4. Primary construct of the peptide based kit.

Figure 5. Secondary structure, SOPMA and PSIPRED.

Figure 6. Refined tertiary protein structure, GalaxyRefine.
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Li et al., 2020). They were screened to choose potential can-
didates for the detection kit construct. Using VaxiJen, the 
protein sequences derived from the genes were subjected to 
antigenicity screening at a threshold of 0.4, where proteins 
with exact or higher antigenicity imply that they can elicit an 
immune response and bind to specific antibodies (Doytchinova 
and Flower, 2007). Subsequently, these antigenic genes were 
subjected to a DeepTMHMM online server to analyse their 
transmembrane topology. A more significant portion of the 
protein sequences of these three genes were found outside the 

membrane. As Yao et al. (2022) described, using antigenic 
proteins with epitopes in their outer membrane sequence will 
increase exposure and easy detection for antibody–antigen 
interaction without the need for a lysis buffer.

Continuous and discontinuous B cell epitopes were pre-
dicted with three servers (IEDB, SVMTrip, and ABCpred). 
Unipro UGENE was used to obtain a consensus for the 
epitopes of each gene. For the detection kit design, the selected 
peptides had 12–20 amino acid residues to get a reasonable 
molecular weight. Further antigenicity, allergenicity and 

Figure 7. Validation of the refinement process with a Z-score of −3.41 based on the ProSA-web.

Figure 8. MolProbity server’s Ramachandran plot analysis of (A) the crude model and (B) the refined model.
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toxicity screening were conducted on the epitopes. Epitopes 
with the highest antigenicity score that could induce IL-4 and 
IL-10 were selected. IL-4 helps B cells differentiate and switch 
between different types of antibodies, whereas IL-10 is cru-
cial for B cells’ survival, growth and generation of antibodies, 
as supported by Moore et al. (2001). The predicted epitopes 
that passed all the necessary screenings were linked with the 
GSGSG linker to increase construct folding and biological 
activity. As a result, the primary construct comprised 162 
amino acid residues with a high antigenic score of 1.5441. 
The ElliPro tool of the IEDB server was used to predict seven 

discontinuous B cell epitopes. These epitopes are essential 
for determining the quality of interactions between antibodies 
and antigens. The protein-Sol server yielded a solubility co-
efficient of 0.5711, indicating that the construct is soluble. 
Other physicochemical features, such as theoretical pI (9.34), 
instability index (23.26), and aliphatic index (71.17) confer 
stability and the ability of the construct to withstand thermal 
denaturation. At the same time, a GRAVY of –0.125 shows it 
is hydrophilic. According to Shams et al. (2021), such theoret-
ical pI is advantageous for ion-exchange chromatography and 
isoelectric focusing techniques. The multi-epitope construct 
had an estimated half-life in yeast to be >20 h; in E. coli, the 
estimated half-life was >10 h in vivo and the half-life was 
100 h in mammalian reticulocytes in vitro. The GC content 
and CAI value are essential for successful protein expression 
in the prokaryotic host. Typically, the GC content falls within 
the 35%–65% range, while the CAI value ranges from 0.8 
to 1.0. In this study, the JCAT online server was employed to 
enhance the GC content and CAI value of the multi-epitope 
protein to 55.35% and 1.0, respectively, to improve its ex-
pression in the E. coli K12 strain. The GC content of the E. 
coli K12 strain was measured to be 50.73%. The protein 
model underwent reverse translation and codon adaptation. 
This modified DNA sequence was then successfully ligated 

Figure 9. Disulfide Design results in (A) the original and (B) the mutant model.

Table 3. Docking results of multi-epitope peptide and genes of 
Cronobacter sakazakii from PIF and other sources

Source Gene Docking score Conference score

PIF bcsC –328.48 0.9726

secY –369.53 0.9878

flhE –260.63 0.9014

Environment ompA –282.06 0.9335

Alfalfa sprouts flhE –263.95 0.9071
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with the pET 28a(+) vector using the SnapGene software for 
cloning purposes. To precisely identify and cleave the DNA 
sequences in a controlled manner, restriction enzymes BstAPL 
and TatI were used. The E. coli expression system is a better 
option due to its low cost and ease of bacterial cultivation 
(Kamionka, 2011). The T7 promoter, frequently used to con-
trol the gene expression of recombinant proteins, is included 
in this vector, making it an excellent system for producing 
large quantities of the required peptide (Safavi et al., 2019). 
Additionally, it has proper restriction enzyme sites.

SOPMA server analysis of the protein secondary structure 
shows that the percentage of random coils, extended strands, 
beta (β) turn, and alpha (α) helices were 58 (35.80%), 41 
(25.31%), 15 (9.26%), and 48 (29.63%), respectively. The 
tertiary construct of the epitope was predicted using the 
AlphaFold 2.0 online server and refined using GalaxyRefine. 
Five models were constructed, but the best model was model 
1, which had a better Rama-favoured score (95.6) and 
GDT-HA score (0.8858). The ProSA-web and MolProbity 
servers were utilised to validate the quality of the refining 
process. The ProSA-web results demonstrated a significant 
improvement, indicated by a Z-score of –3.41. Additionally, 
Ramachandran analysis by MolProbity showed that the re-
fined model had 95.6% and 97.5% of its amino acids in the 
favoured region of the Ramachandran plot, which indicates 
that the refined model is of high quality. This is compared to 
the Ramachandran analysis of the crude model, which had 
63.8% and 78.8% of its residue in the favoured and allowed 
areas, respectively. Therefore, the crude model has lower 
quality than the refined model. The result from DbD2 showed 
that the sequence was mutated at ALA120 and GLY123 

residue lengths to increase the thermal stability of the epitope 
as well as improve its interaction, as explained earlier by Gao 
et al. (2020).

Subsequently, by employing the HDOCK online server, the 
construct, which passed through refinement, validation and 
disulphide engineering processes, was docked against the 
three antigenic genes whose source was PIF. It was examined 
that the docking score was <–200. A similar technique was 
carried out for identifying antigenic genes from other sources, 
such as the environment and alfalfa sprouts. However, their 
binding scores were lower than those of the PIF isolates, ex-
cept for that of flhE, which was close. This suggests that the 
primary construct has favourable interaction or stronger 
binding affinity with PIF isolates than those from the environ-
ment and alfalfa sprouts, except for flhE.

Conclusions
Using bioinformatics and computational methods to design 
a detection kit for detecting C. sakazakii holds excellent po-
tential for creating a new detection tool for this foodborne 
pathogen. It can be concluded that the final construct and 
clone have successfully met the in silico design requirements 
for the development of a lateral flow kit, which has the poten-
tial to provide quick and effective detection of C. sakazakii, 
based on the findings from epitope peptide analysis Z-score, 
Ramachandran plot analysis, cloning, and docking. This could 
enhance treatment options and accelerate decision-making, 
ultimately decreasing death rates. However, it is critical to 
recognize that further confirmation using in vitro and in vivo 
methods is needed.

Figure 10. HDOCK model viewed with UCSF ChimeraX. (A) Construct and bcsC. (B) Construct and secY. (C) Construct and flhE.
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Figure 12. In silico restriction cloning of the sequence of the multi-epitope construct into pET28a(+) expression vector.

Figure 11. Interactions between construct multi-epitope (chain A) and the genes (flhE, secY, and bcsC) in chain B as shown in PDBsum.
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