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Abstract

Mycobacterium tuberculosis contaminates all types of environments, and it is a biohazard of tuberculosis disease. This
concern has provided a strong motivation to search for a natural compound to inhibit the identified target enzyme against
that pathogen, which is contaminated in the environment before spreading to other living things and the ecology. The
procedure of finding and developing inhibitors begins with target identification. Therefore, the more accurate the
identification, the more opportunity for the success of inhibition. Many academic databases and bioinformatics tools have
been applied to complete this study via subtractive proteomics, biological networks, and molecular docking approaches.
Many databases including Kyoto Encyclopedia of Genes and Genomes (KEGG), the Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING), the Database of Essential Genes (DEG), the virulence factor database (VFDB), The
Research Collaboratory for Structural Bioinformatics Protein Data Bank (RCSB PDB), and The National Center for
Biotechnology Information (NCBI) were used. Eventually, according to the subtractive proteomics results, a total of 30
cytoplasmic proteins were obtained. Finally, histidinol-phosphate aminotransferase was identified as a potential target via
protein-protein interaction network analysis. Then molecular docking of 12 compounds obtained from the KEGG database
was performed against this enzyme target. Only a taurocyamine compound was proposed successfully as the potential
candidate based on its binding energy (-6.25 kcal/mol) compared to an original inhibitor (-7.10 kcal/mol). Moreover, the
binding patterns, including hydrogen bonds and hydrophobic interactions between the taurocyamine and targeted enzyme
were similar to those of the original inhibitor. The results reveal that the taurocyamine compound might be useful as an
antibacterial agent in environmental remediation. However, experimental validation needs to be performed. Moreover, the
added benefit from this study is that the in silico platform could be applied to identify the potent enzyme target and its
inhibitor quickly, cheaply, and credibly.
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environments, especially in soil (Velayati et al., 2015).
Therefore, it is necessary to inhibit M. tuberculosis to
reduce the likelihood of epidemics and transmission to
humans.

The greater the accuracy and speed of target
identifying, the greater the rate of inhibitor discovery for

1. Introduction

The causative agent of tuberculosis disease, also called
TB (tuberculosis), in humans is Mycobacterium
tuberculosis. This bacterium is a large, non-motile, rod-

shaped, aerobic, non-spore-forming, acid-fast bacterium,
and has a slow generation period (Singh, 2014; Zhang et
al., 2022a). Unfortunately, TB has most likely reverted to
being the most common infectious agent-related cause of
death worldwide (World Health Organization, 2024). M.
tuberculosis transmission occurs both with and without
patient contact, causing the environment to become a
source of M. tuberculosis infection (Velayati et al., 2015).
Moreover, M. tuberculosis contaminates many types of
environments, including natural environments (e.g., air,
soil, and rivers) and others (e.g., wastewater, raw sewage,
sewage effluent, sanatorium sewage, inlet and outlet
settling tanks, sewage from cattle farms, sewage sediment,
dam sediment, and household dust) (Zhang et al., 2022a).
Moreover, this pathogen remains virulent in contaminated
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pathogens contaminating the environment. Generally, in
the past, traditional target identification has relied on
experimental study, which is costly, time-consuming, and
inaccurate (Zhang et al., 2022b). To date, in silico
strategies have gained prominence and the acceptance of
researchers’  attention because they enable the
identification of possible targets (Melak and Gakkhar,
2015; Chowdhury et al., 2021; Ashraf et al., 2022; Khan et
al., 2022; Zhang et al., 2022b; Duguma and Dinka, 2024).
Additionally, computational techniques have facilitated the
identification of effective targets for such a pathogen
(Ashraf et al., 2022).

Among the diversity of in silico strategies, comparative
analysis is applied to find the unique enzymes of the
pathogen by comparing the metabolic pathways of the
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pathogens with the host (Zhang et al., 2022b). Subtractive
proteomics analysis is a notable approach to detect novel
targets in the pathogen (Chowdhury et al., 2021). It is a
powerful concept via sequence subtraction between the
host and pathogen proteomes (Ashraf et al., 2022).
Moreover, the protein-protein interaction network is also
used to identify a hub-bottleneck node, which can be the
potential target (Nithaya et al., 2023). The biological
network utilized for target identification operates under the
assumption that the impact of particular nodes within the
network might disseminate along its connections (Zhang et
al., 2022b). Generally, the interesting potential targets are
based on the following characteristics: 1) an essential
protein, 2) a non-homologous protein in the human host, 3)
existing in unique metabolic pathways, 4) a cytoplasmic
virulent enzyme, and 5) a hub-bottleneck node (Ashraf et
al., 2022; Khan et al., 2022; Zhang et al., 2022b; Nithaya
et al, 2023). If this enzyme loses function due to
inhibition, the pathogen will die. Meanwhile, the two-
dimensional (2D) similarity search combined with
molecular docking performs well in compound screening
(Szilagyi et al., 2021). The 2D similarity search assumes
that similar molecules are more likely to have similar
biological properties than dissimilar ones (Szilagyi et al.,
2021). It is suitable for virtual screening due to its
simplicity, ease of interpretation, and reasonably high
recovery rate (Szilagyi et al., 2021). The molecular
docking is commonly used to calculate the binding affinity
between a ligand and receptor in 3D space. Identifying the
“best-fit” orientation of a ligand and a specific protein by
reducing the system’s free energy helps to predict the
molecule’s affinity and efficacy (Abuhamdah et al., 2020).

The objectives in this study are 1) to identify and
prioritize the potential target of M. tuberculosis H37Rv by
a comparative, subtractive proteomics approach and
biological network analysis, and 2) to propose a lead
compound that could inhibit the potential target by
molecular docking.

2. Material and Methods

2.1. Hardware and overall computational methodology

A laptop with an Intel (R) Core™ i7-10750H CPU at
2.60 GHz, 16 GB of RAM, and a 64-bit operating system
was used in all steps of this study. Many databases and
programs were used in this study (Fig. 1).

2.2. Comparative proteomics analysis

The metabolic pathways of M. tuberculosis H37Ryv,
which is the most studied strain (Melak and Gakkhar,
2015), and Homo sapiens were downloaded from the
Kyoto Encyclopedia of Genes and Genomes (KEGG)
database (Kanchisa and Goto, 2000). The organism codes,
including “mtu” and “has”, were used for searching the
metabolic pathways of M. tuberculosis and Homo sapiens
(human), respectively. Those metabolic pathways were
compared using the Venny 2.1 online tool (Oliveros,
2007). Subsequently, all proteins of each unique metabolic
pathway were collected. The repeated proteins were
discarded using the Cluster Database at High Identity with
Tolerance (CD-HIT) program with cd-hit function at a
60% threshold (Li and Godzik, 2006). Finally, the non-
redundant amino acid sequences in the unique metabolic
pathways were obtained as dataset-1.
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Figure 1. Methodology of the computational experiment. Dash,
solid, and sketched boxes represent the comparative, subtractive
proteomics, and biological analysis, and molecular docking,
respectively.

#
2.3. Subtractive proteomics analysis

First, the essential genes of M. tuberculosis were
downloaded from the Database of Essential Genes (DEG)
(Luo et al., 2021). A total of 614, 771, and 687 essential
genes in M. tuberculosis H37Rv, H37Rv II, and H37Rv
111, respectively, were downloaded (Sassetti et al., 2003;
Griffin et al., 2011; Zhang et al., 2012). The repeated
sequences were then removed by the cd-hit function at a
60% threshold (Li and Godzik, 2006). After that, the non-
redundant essential proteins were kept for the next step as
dataset-2. Second, the cd-hit-2D function was utilized to
compare dataset-1 and dataset-2 at a 100% threshold (Li
and Godzik, 2006). This step was executed twice. The
essential proteins in the unique metabolic pathways were
then obtained as dataset-3. Third, it was subjected to the
Basic Local Alignment Search Tool (BLAST) available on
the NCBI database using BLASTp with the expectation
threshold 107 against Homo sapiens (human) Protein
BLAST (Altschul et al., 1990). The amino acid sequences
of the essential non-homologous proteins in the unique
metabolic pathways were then obtained as dataset-4.
Fourth, for identifying the proteins having the highest
virulence factor, the shortlisted proteins of dataset-4 were
subjected to BLASTp against the virulence factor database
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(VFDB) (Liu et al., 2019) by setting the E-value cut-off to
107, The essential non-homologous virulent proteins were
obtained as dataset-5. Fifth, PSORTDb version 3.0.3 was
employed to identify the subcellular location. Gram-
positive with an outer membrane was chosen, and the
return results are cytoplasm, cytoplasmic membrane,
periplasm, outer membrane, extracellular space, and
unknown (Yu et al., 2010). These areas are critical because
proteins are delivered to specific places once released
(Ashraf et al, 2022). Finally, the essential non-
homologous virulence cytoplasmic enzymes in unique
metabolic pathways were obtained as dataset-6.

2.4. Biological network analysis

The protein-protein interaction (PPI) was generated
through the Search Tool for the Retrieval of Interacting
Genes/Proteins (STRING) version 12.0 (Szklarczyk et al.,
2015). Twenty-one cytoplasmic proteins with scores
higher than 9.97 of dataset-6 were used to generate the PPI
with the M. tuberculosis.

2.5. 2D similarity search and molecular docking

The query ligand, 2-(N-morpholino) ethanesulfonic
acid (MES), was structurally searched via the
SuperNatural 3 (Gallo et al., 2023), the Natural Product
Activity and Species Source (NPASS) (Zhao et al., 2023),
and the SIMilar COMPound (SIMCOMP) (Hattori et al.,
2010). For SIMCOMP, the query ligand was subjected to a
target database, including KNApSAcK (Afendi et al.,
2012) and compounds. Each database used a structure
search with the default parameters. The x-ray structure of
the enzyme (PDB ID: 4R8D) was used as a receptor
(Nasir et al., 2016), and was visualized by Discovery
Studio Visualizer (Biovia, 2024). AutoDock 4.2.6 and
AutoDockTools 1.5.7 (Morris et al., 2009) was used for
molecular docking. The optimal parameters were screened
prior to redocking (data not shown). Redocking was
performed so as to calculate the root mean square
deviation (RMSD) value. The lower the RMSD value, the
smaller the error deviation in the docking (Frimayanti et
al., 2021). If this value is less than 2 A, it means that the
method is credible (Shamsian et al., 2024). The grid box
size was 40 A x 40 A x 40 A. The grid center was X:
12.762, Y: -4.456, and Z: -15.695. The number of
individuals in the population, the maximum number of
energy evaluations, and the hybrid Genetic Algorithm with
Local Search (GA-LS) runs were set to 300, 2500000, and
50, respectively (Mishra et al., 2023). The other
parameters were set to default values. For candidate
docking, all compounds having structural similarity with
MES were docked in the receptor as well as the redocking
technique. For post-docking analysis, enzyme-inhibitor
interactions were analyzed by Ligplot™ tool (Laskowski
and Swindells, 2011).

3. Results and Discussion

3.1. Proteins in unique metabolic pathways

The comparative analysis has now helped in generating
a set of proteins existing in the unique metabolic pathways
of M. tuberculosis. A total of 137 and 360 metabolic
pathways were found in M. tuberculosis and humans,
respectively. Consequently, 51 unique metabolic pathways
of M. tuberculosis were identified, as shown in Fig. 2 and

Table 1. Because they are absent in humans (Khan et al.,
2022), they are important for M. tuberculosis in survival
and growth. Most of them are involved in the compound
biosynthesis and degradation, such as lysine and
peptidoglycan biosynthesis, and also benzoate and
flavonoid degradation. A total of 1113 proteins of unique
pathways were obtained. The 540 redundant proteins were
removed. A total of 573 proteins in unique metabolic
pathways were identified. They participate in different
cellular functions of the pathogen (Duguma and Dinka,
2024).

M. tuberculosis H. sapiens

51
(12.4%)

Figure 2. Metabolic pathways between pathogen and human
using Venny diagram.

3.2. Subtractive proteomics analysis

Subtractive proteomics analysis has helped in
identifying the set of proteins (essential non-homologous
virulent enzymes in unique metabolic pathways) that could
be a potential target, as shown in Table 2. A total of 1073
proteins were identified as essential proteins. They are
required for the survival of M. tuberculosis. A total of 315
essential proteins were found in unique metabolic
pathways. These proteins are indispensable for the survival
and growth of the pathogen without changing the host’s
metabolic pathways (Melak and Gakkhar, 2015; Khan et
al., 2022). A total of 135 essential proteins in unique
metabolic pathways showing sequence similarity with
humans were removed so as to eliminate the risk of
causing human toxicity (Melak and Gakkhar, 2015).
Therefore, a total of 180 essential non-homologous
proteins were selected. Non-homologous proteins are
proteins of the pathogen that have no similar amino acid
sequences in humans (Duguma and Dinka, 2024).
Furthermore, a total of 50 proteins were identified as
essential non-homologous and virulent proteins. Targeting
the virulent protein is an interesting technique, because
they determine the pathogenesis that enables them to cause
infection (Liu et al., 2019).

Among 50 essential non-homologous virulent proteins,
thirty of them were found to be
cytoplasmic proteins. They are more suitable for inhibitor
targets, because the proteins found in the cell membrane
are difficult to purify (Duguma and Dinka, 2024).
Moreover, cytoplasmic proteins are frequently utilized as
therapeutic targets (Khan and Uddin, 2022).

3.3. A hub-bottleneck protein identification

The refined lists of proteins were generated by the PPI
network to prioritize potential targets (Fig. 3). The
STRING results showed different nodes (proteins) and
edges (interactions) of each protein. They also showed that
the prioritized target may act as a hub node.
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Table 1. List of proteins in unique metabolic pathways of M. tuberculosis.

No.  Metabolic pathways name  Pathway ID Protein No.  Metabolic pathways name  Pathway ID Protein
number number
1 Mycolic acid biosynthesis mtu00074 36, 28 37 Caprolactam degradation mtu00930 23,1
) Secondary bile acid 00121 11 38 Degradation of flavonoids ~ mtu00946 1,0
biosynthesis ’ 39 Steroid degradation mtu00984 13,13
3 Monobactam biosynthesis ~ mtu00261 7,7 “Biosynthesis of various
4 Lysine biosynthesis mtu00300 13,9 40 plant secondary mtu00999 2,1
Penicillin and metabolites™
> cephalosporin biosynthesis mtu00311 2.2 “Biosynthesis of
6 Carbapenem biosynthesis mtu00332 2,2 41 siderophore nonribosomal ~ mtu01053 9,9
peptides”
7 C}illlorobcyclohetjane aéldt ‘ mMtu00361 5.5 “Biosyathosis of
chlorobenzene degradation 42 3 cabolites” mtu01110 341, 236
8 Benzoate degradation mtu00362 40, 40 sec?n ar.y metabo 1'es ]
. Fluorobenzoate 00364 20 43 Mlcroblal metabollsgl i 01120 219,35
degradation mtul ) diverse environments
10 Novobiocin biosynthesis ~ mtu00401 3,3 44 Degradati;n ofaromatic 1500 12,0
1 Cyanoamino acid mMtu00460 6.6 compounds
metabolism ’ 45 Nitrogen cycle mtu01310 6,0
12 Streptomycin biosynthesis ~ mtu00521 11,11 46  Beta-Lactam resistance mtu01501 7,5
13 g?()l:)l::}li:izugar unit mtu00523 7,1 47 Vancomycin resistance mtu01502 6,2
Acarbose and validamycin Catic‘)nic antimicrobial
14 biosynthesis mtu00525 4,0 48 peptide (CAMP) mtu01503 2,2
Li L harid resistance
ipopolysaccharide
15 biosynthesis mtu00540 3.3 49 Two-component system mtu02020 58,36
16 O-Antigen nucleotide Mtu00541 19.13 50 Quorum sensing mtu02024 24,11
sugar biosynthesis 51 Bacterial secretion system  mtu03070 14,5
O-Antigen repeat unit
17 biosynt%lesis P mtu00542 1,1 Summation of protein 1113, 573
18 Exopolysaccharide 00543 2,1 Remark: Regular fonts represent all proteins. Bold fonts
biosynthesis mtu represent the unique protein.
19 Peptidoglycan biosynthesis ~ mtu00550 17,15
20 Teichoic acid biosynthesis ~ mtu00552 2,0 Table 2. Stepwise applied in this study.
21 ?ﬁfﬁ;ﬁiggﬁiﬁx mtu00571 13,13 Step used in this study M. tuberculosis
Arabinogalactan Essential proteins from DEG 2072
22 biosynthesis - mtu00572 14,10 Non-redundant essential proteins 1073
Mycobacteri
.ycc') ac erlum. Proteins in unique metabolic pathways 573
23 Dioxin degradation mtu00621 4,0 ] o )
24 Xylene degradation mtu00622 4.0 Non-red}mdant essential proteins in unique 315
. metabolic pathways
25 Toluene degradation mtu00623 2,0
« Non-redundant essential non-homologous
26 Chloroalkane and ., mtu00625 10,7 proteins in unique pathways 180
chloroalkene degradation
27 “Naphthalene degradation”  mtu00626 4,0 Virulence proteins 50
28 ?min((j)be.nzoate 00627 30,9 Subcellular localization:
egradation - Cytoplasmic 30
29 St degradati tu00643 5,0 .
“Cysre;e eirz Z'lt:m' 4 o - Cytoplasmic membrane 14
-Branched dibasic aci
30 metabolism” mtu00660 9,9 - Periplasmic -
31 “Methane metabolism” mtu00680 21,18 - Outer membrane (Cell wall) -
1 cC;relion fixation by Calvin mtu00710 11,0 - Extracellular -
)(I) N bon fixati - Unknown 5
“Other carbon fixation
33 pathways” mtu00720 37,0 - Unknown (multiple sites) 1
34 leonenef degradmon_ mtu00903 52 STRING is claimed to be a web resource database
35 Ca.mteno‘d biosynthesis mtu00906 L1 dedicated to experimentally known and predicted PPI,
36 Pinene, camphor and mtu00907 23,0 including both physical and functional interactions (Melak

geraniol degradation”

and Gakkhar, 2015; Khan et al., 2022). This network
composed of 21 nodes (protein) and 15 edges (interaction).
The node hisC1 was a hub-bottleneck node, presenting
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high degree and betweenness (Yu et al., 2007; Nithaya et
al., 2023). This node is very important to the cell (Yu et
al., 2007). Deletion of this node is lethal to the cell,
leading to it being a potential target (Nithaya et al., 2023).
Furthermore, Raman et al. (2008) reported that hisCl1 is a
potential target of M. tuberculosis.
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Figure 3. Protein-protein interaction network for 21 proteins by
STRING.

3.4. Significance of the opted potential protein (hisC1)

The hisC1 is a histidinol-phosphate aminotransferase
(EC: 2.6.1.9). It is classified as required for optimal
growth (Lunardi et al., 2013). It is the seventh enzyme in
the L-histidine Dbiosynthetic pathway, converting
imidazole-acetol-P to L-histidinol-P (Kulis-Horn et al.,
2014). Thus, inhibition of this enzyme leads to the
blockage of histidine biosynthesis, ultimately disrupting
bacterial growth and survival, because histidine is an
essential amino acid for cellular processes (Singh et al.,
2025). The histidine biosynthesis pathway comprises ten
enzymatic steps  that  convert  phosphoribosyl
pyrophosphate (PRPP) and ATP to L-histidine, and it
appears to be conserved in many living things (Kulis-Horn
et al., 2014). Importantly, this pathway is absent in
mammals, making it a promising target (Lunardi et al.,
2013). In other words, this inhibition is a key strategy for
developing novel antibiotics against pathogenic bacteria.
Finally, the x-ray structure of this enzyme with PDB_ID:
4R8D has also supported its targetability and use for
molecular docking (Fig. 4A and 4B).

\
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Figure 4. X-ray structure of hisC1 enzyme. (A) Sphere is the binding pocket around the ligand (MES: green) and cofactor (PLP: pink)
within a radius of 4 A. (B) A close-up view of the binding pocket, created with Discovery Studio.

3.5. Molecular docking of 2D similarity compounds

None of the compounds was obtained from NPASS and
SuperNatural 3. A total of 12 compounds were obtained
from KEGG, showing similarity with the original ligand
(MES). Four compounds were obtained from KNApSAcK,
whereas eight compounds were obtained from the
compound target database. The similarity scores were in
the range of 0.40-0.60. The RMSD value of redocking was
1.1035 A (Fig. 5). Thus, this technique is valid and could
be implemented in compound docking. The docked
screening led to the identification of 12 compounds with
binding energies ranging from -2.76 to -6.37 kcal/mol
(Table 3). Only the top 5 compounds were selected with
binding energies spanning between -5.97 and -6.37
kcal/mol, which was similar to those of redocking (-7.10
kcal/mol). The lower the value of the binding free energy,
the stronger the attachment between the ligand and

receptor (Jain et al., 2021). Moreover, the results also
revealed that the taurocyamine compound could inhibit
this enzyme as well as a specific inhibitor (MES) based on
the estimated inhibition constant (Ki) value of 26.18
umol/L  and 6.22 pumol/L, respectively. Increased
inhibition arises from less dissociation, as evidenced by a
lower Ki value (Pandey and Verma, 2020).

Figure 5. The superimposed co-crystallized MES (in pink) over
redock (in green), created by Discovery Studio.
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3.6. Post docking analysis

LigPlot™ version 2.3.1 was used for binding mode
analysis (Laskowski and Swindells, 2011). For redocking
complex, the results showed that Tyr25, Thr38, Asn39,
Asn103, Tyrl27, Metl129, Asnl76, Arg337, and Arg346
were common residues in the binding pocket (Fig. 6). It
showed 6 hydrogen bonds with 5 residues, such as Asn39,
Tyr127, Asnl76, Arg337, and Arg346. It also displayed
hydrophobic interaction with 4 residues, such as Tyr25,
Thr38, Asn103, and Met129. These interactions determine
the drug-receptor affinity (Sahu et al., 2008). These results
are similar to the results of Naris et al. (2016). Amino
acids involved in binding between the MES ligand with
histidinol-phosphate aminotransferase are Tyr25, Thr38,
Asn39, Tyrl27, Metl29, Asnl76, Pro260, Tyr261, Arg
337, and Arg346. Moreover, the residues involved in the
active site region are Asnl03, Tyrl27, Metl129, Lys232,
Arg337, and Arg346 (Nasir et al., 2016).

Table 3. Molecular docking of compounds posing the 2D
structure similar to MES.

No. Compound_ID E:Si/?ngo?; crey Eln‘;g:?]f)
Lig 1 C00050208 -6.27 25.54
Lig 2 C00048188 -3.85 1500.00
Lig 3 C00000767 -5.42 107.32
Lig 4 C00001530 -5.94 43.88
Lig 5 Cole16 -6.37 21.50
Lig 6 C05353 -6.10 33.81
Lig 7 C14452 -3.47 2850.00
Lig 8 C01959 -6.25 26.18
Lig 9 C22977 -5.03 204.14
Lig 10 C06771 -2.76 9410.00
Lig 11 C19283 -4.85 278.49
Lig 12 C00519 -3.95 1280.00
Lig_13 MES (redocking)  -7.10 6.22

Remark: Compounds with bold font were selected for binding
pattern analysis.

For hydrogen bonds, the pattern is identical, while
hydrophobic interactions are also similar with 3 residues,
such#fas Tyr25, Thr38, and Metl129. These results,
therefore, also confirmed that the docking technique was
valid. Among ligand candidates, only Lig 8 (2-
(diaminomethylideneamino) ethanesulfonic acid:
taurocyamine) could identically form hydrogen bonds with
redocked results (Fig. 7), while the remaining compound
could not form an interaction pattern similar to the
redocked molecule.

Hydrogen bonds help in proper orientation of the
compound, and they are primary contributors to the
specificity of molecular recognition to make maximum
interaction (Sahu et al., 2008; de Freitas and Schapira,
2017). Moreover, Lig 8 could form hydrophobic
interactions with Tyr25, Thr38, and Met129. Hydrophobic
binding type is essential in ligand-protein interaction due
to their predominant and major contribution (Sahu et al.,
2008). Therefore, the taurocyamine was selected as the
best candidate.

snlU3(A)
:%mﬁ@ %;;:w
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. Thras(a)

Figure 6. The binding interactions between enzyme and Lig_13.
Hydrogen bonds are shown in green dotted lines, whereas
hydrophobic interactions are shown in spikes. This figure was
created by LigPlot™.

Tyrl5iA)
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N
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Figure 7. The binding interactions between enzyme and Lig_ 8.
Hydrogen bonds are shown in green dotted lines, whereas
hydrophobic interactions are shown in spikes. This figure was
created by LigPlot".

The taurocyamine has a molecular formula of C3H9N303S

with a molecular weight of 167.19 g/mol based on the
KEGG database. It consists of a guanidine group attached
to an ethanesulfonic acid molecule. Remarkably, the
guanidine is a functional group of antibacterial agents due
to hydrogen bond interaction with the target (Kim et al.,
2021). Based on the author’s knowledge, the taurocyamine
is not reported to be an antibacterial agent.

4. Conclusion

In this study, comparative and subtractive proteomics
combined with many bioinformatics resources led to
obtaining the histidinol-phosphate aminotransferase as a
potent enzyme target. Then the taurocyamine compound
was discovered as a potent inhibitor. These results may
lead to stopping the spread of this pathogen that
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contaminates the environment. However, the proposed
inhibitor and target need to be studied further in depth and
experimentally validated both in vivo and in vitro. Notably,
applying the computational platform from this study may
enable swift and economical environmental remediation in
the future with the discovery of effective natural
compounds against various other pathogens contaminating
the environment before they become widespread.
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