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ABSTRACT

Insecticide resistance in pests such as bed bugs, mosquitoes, and cockroaches poses a major challenge in urban pest
management and public health by reducing the effectiveness of insecticides and increasing control costs. One of the
primary mechanisms underlying insecticide resistance is cytochrome P450-mediated metabolic detoxification. The
present study focuses on targeting CYP9E2, a member of the Cytochrome P450 monooxygenase enzymes involved in
xenobiotic metabolism and detoxification, to identify potential inhibitors that could overcome insecticide resistance.
Structure-based virtual screening, molecular docking, and molecular dynamics simulations were employed to identify
potent CYP9E2 inhibitors. A three-dimensional model of CYP9E2 was constructed, and the binding interactions
between the selected compounds and key active-site residues were comprehensively analysed. Additionally, the ADMET
and agrochemical-likeness (ag-like) properties of the shortlisted inhibitors were evaluated to assess their potential as
agrochemical agents. The results indicate that two compounds, ZINC09060935(ethyl3-{[(2-hydroxyethyl)
(methyl)carbamoyl]amino}-7,7-dimethyl-7,8-dihydro-5H-pyrano[4,3-b]thieno[3,2-e]pyridine-2-carboxylateand)  and
ZINC32091018 (1-(3-Chlorophenyl)-6,7-dimethoxy-1,4-dihydroindeno[1,2-c]pyrazol-3-yl)(morpholino) methanone),
are promising candidates with potential inhibitory activity against CYP9E2. The ADMET and ag-like predictions
confirmed agrochemical-likeness criteria of the lead compounds, indicating their potential as CYP9E2 inhibitors.
However, further in vitro and in vivo experiments can validate the effectiveness, safety, and applicability of these newly
developed resistance-modulating agents for pest management.

Keywords: small-molecule inhibitor, MD simulation, insecticide resistance, CYP9E2, cytochrome P450.
Received January 16, 2026 Published Online October 19, 2026 https://doi.org/10.36899/JAPS.2027.1.0002

INTRODUCTION

Bed bugs, mosquitoes, and cockroaches are among the insects that cause major issues in human habitations.
These insects can cause irritation, impair quality of life, and even contribute to the mechanical spread of infections
(Brenner and Kramer, 2019; WHO, 2020). The family Cimicidae encompasses bed bugs, which are obligate blood-
sucking ectoparasites of humans and have been one of the most prevalent and irritating pests throughout human history
(Akhoundi et al., 2020; Cooper and Harlan, 2011). Cimex lectularius (Hemiptera; Cimicidae, Carl Linnaeus, 1758) and
Cimex hemipterus (Fabricius, 1803), the two widespread species, feed entirely on humans and are responsible for
significant infestations worldwide (Akhoundi et al., 2020). The number of bed bug infestations has increased globally
(Alizadeh et al., 2018). Bed bug bites can cause allergic skin reactions, including red rash or sometimes severe itching,
which can lead to infection or even no reaction based on the immunological response of an individual and history of
exposure (Miller and Rogers, 2012).

Similarly, mosquito-borne diseases spread by Aedes aegypti (Diptera: Culicidae) (Linnaeus, 1762), including
dengue, Zika, and chikungunya, continue to pose a major global public health challenge. Among these, dengue is the
most widespread, causing millions of infections each year and resulting in substantial morbidity and mortality worldwide
(WHO, 2002; Strode et al., 2008; Ishak et al., 2017). Likewise, cockroaches, common pests in human dwellings, transfer
pathogens and contribute to health issues such as asthma, allergies, and psychological stress (Gore and Schal, 2007;
Zhou et al., 2014; Gondhalekar, 2019).

Globally, the development of pesticide resistance has been one of the major reasons for the resurgence of
insects (Myamba et al., 2002; Romero et al., 2007; Doggett et al., 2012). Insecticide resistance in C. lectularius and C.
hemipterus has been well documented worldwide, particularly pyrethroid and dichlorodiphenyltrichloroethane (DDT)
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resistance (Dang et al., 2017). During the modern resurgence, resistance to carbamates, neonicotinoids,
organophosphates, and phenyl pyrazoles has been reported in bed bugs (Romero and Anderson, 2016; Gonzalez-Morales
et al., 2021; Soh and Veera Singham, 2021). The development of insecticide resistance in bed bugs is caused by three
main resistance mechanisms: insensitivity to the target site, increased metabolic detoxification, and penetration
resistance (Davies et al., 2012; Mamidala et al., 2012).

Cytochrome P450 enzymes are a diverse superfamily that catalyse a range of reactions, including oxidation and
hydrolysis, and play a key role in Phase | metabolic pathways. These enzymes are essential for the metabolism of both
endogenous and exogenous compounds, contributing to detoxification processes by conwverting insecticides into more
excretable and less harmful forms (Mamidala et al., 2012). Bed bugs (C. lectularius) have revealed a significant role of
cytochrome P450s in insecticide resistance, with high expression levels of multiple cytochrome P450 genes observed in
resistant strains, particularly in the cuticle, midgut, and Malpighian tubules (Adelman et al., 2011). Molecular docking
research suggests that P450 enzymes can provide cross-resistance to a range of insecticides, including neonicotinoids,
organochlorines, and pyrethroids (Dang et al., 2017).

Cytochrome P450s, especially the CYP4, CYP6, and CYP9 families, are well studied for their roles in
xenobiotic metabolism and insecticide resistance. These families show broad substrate specificity and high catalytic
versatility, making them crucial in mediating resistance across various insecticide classes. In mosquitoes such as A.
aegypti and Anopheles gambiae, Giles, 1902 (Diptera: Culicidae), as well as in the German cockroach Blattella
germanica (Blattodea: Ectobiidae) (Linnaeus, 1767) and the bed bug C. lectularius, overexpression of P450 genes,
particularly those belonging to the CYP6 and CYP9 families, has been associated with resistance to insecticides
(Feyereisen, 2005; Smithetal., 2019). This genetic diversity and overexpression of P450s, especially in strains like the
Richmond strain of bed bugs, highlight the critical role of these enzymes in insecticide resistance (Zhu et al., 2013).

To develop more efficient and targeted insecticides, researchers are focusing on understanding insecticide
resistance mechanisms in pests. Innovative insecticides targeting specific cells could help address the challenge of
Insecticide discovery; using conventional approaches is prolonged and costly. However, in silico tools such as protein-
ligand docking, molecular modelling, pharmacophore generation, quantitative structure-activity relationships, and virtual
screening have emerged as effective alternatives to speed up the identification of potential drug candidates (Saini and
Kumar, 2014).

Considering the crucial role of cytochrome P450 enzymes in insecticide resistance, the current study was
designed to identify new CYP9E2 inhibitors using structure-based virtual screening, molecular docking, and molecular
dynamics simulations. Two promising inhibitors, ZINC09060935 and ZINC32091018, showed strong binding
interactions with key enzyme residues, indicating their potential in combating insecticide resistance. Collectively, these
findings suggest that further in vitro and in vivo validation can confirm the efficacy of potential candidates for combating
insecticide resistance.

MATERIALS AND METHODS

Library preparation: The reported inhibitors for Cytochrome P450 in insects were retrieved from available literature.
Initially, five reference ligands reported as Cytochrome P450 inhibitors were selected based on their experimentally
reported inhibitory potential and relevance to insecticide resistance mechanisms. The ligand structures were taken from
PubChem and downloaded in SDF format (https://pubchem.ncbi.nlm.nih.gov/). A multifunctional chemical library of
around 19 million compounds was downloaded from the ZINC database (Table 1) (Irwin et al., 2020). Then, the MOE
(version 2022.02) software's "sdwash™ tool was utilized to further refine these structures. Explicit hydrogen atoms were
added along with the protonation of strong bases and deprotonation of strong acids at PH 7.0. A maximum of ten
tautomeric states was specified for every ligand, and intramolecular bond lengths were optimized to ideal levels (Clark et
al., 2006). Disconnected salts were removed along with water and other residues, and the largest fragments were kept in
the library. The MMFF94x force field was then used to calculate the partial charges of the ligands. Subsequently, energy
of the chemical library was minimized using the MMFF94x force field till a root-mean-square gradient of 0.1 was
attained.

Molecular fingerprint and similarity search: A distinct molecular fingerprint was assigned to each ligand in the
screening library using the bit-packed MACCS structural keys (FP: BIT MACCS) system. An internal script written in
MOE Support Vector Language was used to identify chemical structures and showed at least 70-80% similarity to the
reference inhibitors of Cytochrome P450. Reference molecules with drug-like physiochemical properties were isolated as
Cytochrome P450 inhibitors using the fingerprint-based similarity metric, the Tanimoto coefficient (TC). The Tanimoto
coefficient was computed as #AB/ (#A + #B — #AB), where “A” and “B” represent the two fingerprints and ‘#” indicates
the number of features in each fingerprint. Structures similar to the known ligands were considered more likely to yield
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hits in a virtual screen. The resulting set of 2066 ligands was subjected to structure-based virtual screening and molecular
docking.

Homology modeling and protein structure preparation: The amino acid sequence of CYP9E2 was retrieved using a
search on UniProt (UniProt, 2025). The sequence was saved in FASTA format for subsequent analysis. The workflow of
the study is illustrated in Fig.1. To predict the 3D structure of the protein, homology modeling was performed. The
Protein Data Bank (PDB) was searched to find suitable templates. The retrieved amino acid sequence was then submitted
to the Swiss-Model database (Waterhouse et al., 2018) and I-TASSER (Zhou et al., 2022) to generate more accurate 3D
models. However, the final model selected for further analyses was the I-TASSER model due to structural quality
parameters, including Z-score and C-score values.
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Fig. 1. The overall summary of the virtual screening workflow for the identification of lead compounds. The dark-
blue boxes indicate the number of ligands carried forward into the next level.

Following prediction of the 3D structure, the model was protonated at pH 7.0. Energy minimization was then
performed in MOE (version 2022.02) using the Amber12: EHT force field, continuing until the root-mean-square
gradient reached 0.01. The predicted model was further refined and evaluated using GalaxyWEB (Ko et al., 2012), 3D
Refine (Bhattacharya et al., 2016), Verify3D, Pdbsum, and ERRAT. The model's refinement score was good. The
selected model consists of 28 helices, 3 Beta turns, and 4 sheets (Fig. 2A, D). To improve the quality assurance of the
predicted structure, it was further validated using ProSA-WEB (Wiederstein and Sippl, 2007) and RAMPAGE (Lowell et
al., 2003). The structure of the selected protein revealed 90.658% residues in the favoured and allowed regions, 5.520%
residues in the permitted region, and 3.822% in the exception area after examining the Ramachandran plot (Fig. 2C, D).
These structural parameters of the protein indicated that it was of high quality, adequate and stable.
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Active site prediction: The active site was predicted using the Site Finder module in MOE (version 2022.02) and the
online servers 3DLigandSite (Wass et al., 2010), COACH (Yang et al., 2013), and CASTp version 3.0 (Tian et al.,
2018).

Molecular docking: The docking process was carried out using MOE (2022.02), employing the standard ligand
placement method. The triangular matcher algorithm was applied to determine the most suitable poses for the docked
molecules. The simulated poses were rescored using the London dG scoring function. London dG generated the best ten
ranked poses for each molecule, which were further minimized utilizing the Force field refinement algorithm. All
compounds were ranked as per their S-score, binding affinity and Root-Mean-Square Deviation (RMSD) values. The
aim was to select only the top pose compounds that actively bind to the target protein with a good docking score.
BIOVIA-Discowvery Studio visualizer (v21.1.0.20298) was used for the prediction of binding interactions and hydrogen
bonding between ligands and the target protein (2021). Initially, the top 10 compounds with a binding score of -9.582
kcal/mol and greater than -9.582 kcal/mol were selected using MOE (2022.02). Subsequently, the top two compounds
with docking scores greater than -9.770 kcal/mol were selected for further detailed molecular dynamics (MD)
simulations.

Molecular dynamics simulations: MD simulations of the top two hits and permethrin as an insecticide bound to
CYP9E2 have been performed using the CHARMM36 force field (Lee et al., 2016) in GROMACS v2022.4 (2022a).
Docked complexes solvated within the dodecahedron boxes lined with the rigid water model, TIP3P. CGENFF server
was used for retrieving the ligand topology (https://cgenff.umaryland.edu/). A proper proportion of counter ions
(Na*/Cl") was added to neutralize the system. The steepest descent algorithm was used to minimize the system's energy
to 0.001 kJ/mol/nm. The system was then adjusted for temperature and pressure up to 100 ps, using the Parrinello-
Rahman (Parrinello and Rahman, 1981) and Nose-Hoover methods. To prevent structural distortions, position
constraints were imposed on the skeleton of heavy atoms during the equilibration process. Long-range electrostatic
interactions were treated with cubic interpolation using the particle mesh Ewald algorithm (Darden et al., 1993), while
short-range Van der Waals and Coulomb interactions were treated with a 12 A cutoff.

The docked complexes were considered for a 100 ns MD simulation study using constant pressure and constant
temperature (NPT ensemble). All bonds, including hydrogen atoms, were constrained using an algorithm, the Library of
Integrated Network-Based Cellular Signatures (LINCS) (Hess et al., 1997) and then 2-ps was used for saving structural
coordinates. Xmgrace (Turner, 2009), MOE 2022.02, and the BIOVIA-Discovery Studio visualizer (v24.1.0.23298) was
used to create the plots and structure visualizations (2021). After the MD simulation was successfully completed, several
parameters were evaluated, including the Radius of gyration (Rg), root-mean-square deviation (RMSD), root-mean-
square fluctuation (RMSF), the number of hydrogen bonds, and the distance between the protein and ligands.

Toxicity Analyses: SWISSADME (Daina et al., 2017) and ADMETIab 2.0 (Xiong et al., 2021) were used for
physicochemical and ADMET (Absorption, distribution, metabolism, excretion and toxicity) properties of the top ten
compounds. Tice's rule of similarity with agrochemicals was applied to assess agrochemical-likeness (ag-like) of the
compounds, which specify a molecular weight between 150 and 500 Da, polar surface area < 14222, a Log P ranging
from0to 5, a maximum of 12 rotatable bonds, number of hydrogen bond donors <2 and 1 to 8 hydrogen bond acceptors
(Rosado et al., 2019, Tice, 2001).

RESULTS

Potential inhibitors of cytochrome P450 enzymes responsible for insecticide resistance were identified using
computer-aided drug design (CADD), and a novel binding site was proposed, along with efficient chemicals that can be
used for the control of insects. An extensive review of the literature shows that cytochrome P450 monooxygenases
perform a crucial role in insecticide detoxification. Specifically, the CYP9 subfamily has been known as a primary
mediator of metabolic resistance in several key insect species, such as A. aegypti, C. lectularius and B. germanica.

CYP9E2 from Blattella germanica contained 533 amino acids. The sequence was retrieved from UniProt in
FASTA format, and a homology model of the protein was built. The model built by the Swiss Model database showed
41.27% sequence identity (PDB ID: 8S0O1). The sequence similarity of I-TASSER (Suite v5.1) was good compared to
the Swiss model, as the normalization Z-score was 4.05 (PDB ID: 1TQN).

Thus, the protein model of CYP9E2 was selected from I-TASSER (Suite V5.1) based on the z-score, sequence
identity and alignment scores, as structure prediction requires closely related templates from the PDB; therefore, that
model was downloaded for further docking and virtual screening.
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I-TASSER accurately generates up to 5 predicted models for each sequence, ranked by C-score, and the normal
range for a C-score ranges from -5 to 2. The best model was selected based on the highest confidence score (C-score -
0.09), which was further evaluated and refined.

Prediction of active sites: The active site residues of CYP9E2 were identified using MOE (SiteFinder), the CASTp
server, 3DLigand, and the COACH server, including polar and charged amino acids such as His, Asp, Ser, and Cys
involved in ligand binding and catalytic activity. A consensus analysis of the results from these tools revealed the active
site (highlighted in red) and identified key amino acids critical for docking (Fig. 2B). The predicted active sites of
CYP9E2 comprised of the following residues: His108, Pro111, Alal16, Phe120, Leul24, Phe125, Asn126, Leul39,
Phel43, GIn239, Phe259, Met289, GIn327, Leu330, Phe331, Phe333, Ala334, Thr338, Pro399, Ala400, Phe402, Thr403,
Aspd04, lle431, Pro467, Phe468, Gly469, Cys475, 1le476, Gly4d77, Asn478, Phe515.

s (degrees)

D Structure refinement score of selected 3D model of CYP9e2
Structure Refinement Analysis Score %o
Residues in most favoured regions [A.B.L] 357 75.8
Residues in additional allowed regions [a.b.l.p] 93 19.7
Residues in generously allowed regions [~a.~b.~1.~p] 13 2.8
Residues in disallowed regions 8 1.7
Number of non-glycine and non-proline residues 471 100
Number of end-residues (excl. Gly and Pro) 2 -
Number of glycine residues (shown as triangles) 32 -
Number of proline residues 28 -
Total number of residues 533 -
Verify3D 86.30 -
*PDBsum 95.5 -
ERRAT 84 -
GalaxyWEB 93.2 -
*Score is the sum of amino acids in allowed and favored region.

Fig. 2. Prediction and evaluation of the Homology model. (A) Predicted structure and pocket residues representation
of CYP9E2. (B) Representation of CYP9E2 active site (red color) using MOE, and CastP server. (C)
RAMPAGE analysis of the target protein. (D) Structure refinement score of the selected 3D model of CYP9E2.

Molecular docking: To identify specific and nowel ligands for CYP9E2, the target protein was docked against
commercially available chemical compounds (Table 1) and reference ligands, known as inhibitors of cytochrome P450
(Table 2). The docked compounds were assessed and ranked based on their docking scores (S scores), RMSD values,
binding energies, and interactions with the active site residues.
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Table 1. Chemical compound libraries used for ligand screening.

Compound library Number of compounds
ZINC druglike 14,480,911
ZINC leadlike 5,449,805
Total 19,930,716

All ligand libraries were freely obtained from the ZINC database (https://zinc.docking.org/).

Table 2. List of ligands selected as Cytochrome P450 inhibitors

Ligands 2D structures Target ICs, values  Reference

Ritonavir CYP3A 70-130nM  (Loosetal., 2023)

Permethrin CYP6P4 0.97 M (lbrahim et al.,
% o/—Q 2016)

Clarithromycin OH CYP3A4 56 uM (Zhao etal., 1999)

O
N/
on |
Diltiazem g CYP3A4 120 uM (Sutton et al.,
% 1997)
3 T
p

Itraconazole =N CYP3A4 6.1 nM (Isoherranenet al.,

(\NJ@'"W"{\ 2004)
J

0
/\N .{
N\“. o’?'

\»-N
\|"E

ICs0: Half maximal inhibitory concentration; uM: Micromolar; nM: Nanomolar

The top ten compounds with the highest scores were further analyzed for their binding interactions, docking
scores, and ADMET properties (Table 4 and Table 5).
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Table 4. Top 10 compounds selected for CYP9E2 inhibition after virtual screening

ZINC IDs Binding score (Kcal/mol) Binding energy RMSD
ZINC09060935 -10.125 -107.457 1.072
ZINC32091018 -9.966 -56.210 1.342
ZINC06404931 -9.770 -101.525 1.591
ZINC78287601 -9.742 -85.719 0.918
ZINC12750810 -9.737 -75.952 1.878
ZINC89961216 -9.736 -73.169 1.575
ZINC00108562 -9.665 -85.806 0.724
ZINC69828911 -9.611 -91.032 1.373
ZINC78115327 -9.593 -84.945 0.979
ZINC89961217 -9.582 -83.066 1.549

RMSD: Root Mean Square Deviation
Binding Score: Empirically determined fitness approximated from static molecular docking
Binding Energy: Actual thermodynamic affinity (\Delta G) determined from MD simulation trajectories

Table 5. Physiochemical properties of the top 10 compounds

ZINC IDs MW NH NH Log Log LogS BB AB P- Acute TPS Lipins AME CYP3A

(g/mo A D P D (ESO B S gp rat A ki S 4
)} 7.4 L) toxici Rule Toxici  Inhibit
ty ty or
ZINC09060 4074 6 2 2.8 2.2 -3.4 No Hig Ye 0.07 129. Accept 0.4 Yes
935 h S 2 ed
ZINC32091 4398 5 0 3.6 2.7 -4.8 Yes Hig Ye 04 65.8  Accept 0.4 Yes
018 h S ed
ZINCO6404 3714 4 0 3.2 3.2 -4.5 No Hig No 0.2 811 Accept 04 Yes
931 h ed
ZINC78287 3424 4 2 3.4 1.6 -1.8 No Hig Ye 02 111, Accept 0.6 No
601 h S 8 ed
ZINC12750 3734 4 0 35 3.1 -4.6 Yes Hig No 0.2 73.3  Accept 04 No
810 h ed
ZINC89961 3614 5 2 3.3 13 -2.7 No Hig Ye 03 102.  Accept 0.8 No
216 h S 9 ed
ZINC00108 306.7 3 0 3.2 3.4 -4.0 Yes Hig No 0.3 433  Accept 0.1 Yes
562 h ed
ZINC69828 3494 4 2 2.9 2.1 -2.8 No Hig Ye 02 102. Accept 0.4 No
911 h S 9 ed
ZINC78115 3684 4 2 25 2.3 -2.5 No Hig Ye 02 111, Accept 0.4 No
327 h S 8 ed
ZINC89961 3614 5 2 2.7 14 -2.7 No Hig Ye 0.1 102.  Accept 0.7 No
217 h S 9 ed

MW: Molecular weight; NHA: Number of Hydrogen bonds acceptor; NHD: Number of Hydrogen bonds donor; LogP: Partition
coefficient; LogD: Distribution coefficient; LogS: Solubility; BBB: Blood-Brain Barrier; ABS: Aboroption ; P-gp: P-Glycoprotein;
TPSA: Topological Polar surface area; LogS: optimal: higher than -4 log mol/L, LogS <10 pg/mL: low solubility; LogS 10-60
pg/mL: moderate solubility; LogS >60 pg/mL: high solubility; LogP: optimal: 0< LogP <3, LogP <0: poor lipid bilayer permeability,
LogP >3: poor aqueous solubility.

Visualization of the residues within approximately 5 A of the top hits revealed interactions involving both
unique and common amino acids identified in the receptor-binding cavities (Fig. 3, 4). The selected top ligands were
deeply embedded within the binding pocket and exhibited the lowest binding energies, ranging from -9.5 to -10 kcal/mol.
All top-ranked hits demonstrated favourable binding energies and robust interactions. These interactions included
hydrogen bonds, hydrophobic interactions, and w-alkyl, n-n stacking, and n-c bonding between the CYP9E2 active site
residues and the top hits. Notably, residues such as Cys, His, and Pro were involved in strong hydrogen bonding, while
Thr contributed to both hydrogen bonding and carbon-hydrogen interactions. Additionally, Asn, Phe, Asp, and Ala were
involved in carbon-hydrogen interactions. (Fig. 3). Among these compounds, the top two were selected based on their
strong binding affinities and favourable interactions with the target protein (Fig. 4).
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The docking results confirmed that the compound ZINC09060935 interacts with the key residues of the protein.
This compound with a molecular weight of 407.492 g/mol showed the best interaction, lowest (-10.12 Kcal/mol) binding
energy and stability inside the druggable pocket of the target protein (Fig. 4A). Thr403 and Phe402 residues established

strong hydrogen bonds with bond distances of 2.02A, 2.25A, 3.04A with the carbamate moiety (2-hydroxyethyl) of the
ligand (Fig. 4B).
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hits and CYP9e2 residues. Dark green residues have a conventional hydrogen bond, whereas light green

residues have a carbon-hydrogen bond, pink (Pi-alkyl), dark pink (Pi-pi stacked), purple (Pi-sigma), red
(unfavorable donor-donor), and orange (Pi-anion) bonds.

ZINC32091018 showed better binding orientation at the active site cavity of the CYP9E2 protein (Fig. 4C). The
compound with a molecular weight of 439.899 g/mol showed a -9.966 Kcal/mol binding score and carbon-hydrogen
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bonding with Gly477, 1le476, Leu330, Asn126, and His108. These interactions served to enhance the ligand's stability
inside the druggable pocket (Fig. 4C). Dimethoxy-dihydroindeno pyrazol and morphine moieties present in
ZINC32091018 were found to form C-H bonding as well as =-stacking and hydrophobic interactions with the key
residues shown in Fig. 4D. These findings suggest that these compounds hold significant potential as lead candidates and
were further used for MD simulations.

Molecular dynamics simulations: MD simulations were performed to assess critical insights into the structural
integrity, stability, and behaviour of the ligand-protein complexes over time. The ligand-protein interactions for the two
hits (ZINC09060935 and ZINC32091018), along with the reference insecticide permethrin, were calculated over the
simulation time (from the initial conformation at 0 ns and final conformation at 100 ns).
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Fig. 4. Interactions of hit compounds with CYP9e2. (A) Surface representation of the receptor and binding pocket of
ZINC09060935. (B) A detailed interaction of the key residues within 5 A of ZINC09060935. (C) Surface
representation of the receptor and binding pocket of ZINC32091018. (D) A detailed interaction of the key
residues within 5 A of ZINC32091018.

The initial conformation of permethrin interacted with Phel43, Arg479, Asn478, and Tyr465. These
interactions remained stable at 100 ns, except for the Phe143 interaction (Fig. 5A).

For ZINC09060935, the 7,8-dihydro-5H-pyrano[4,3-b]Jthieno[3,2-e] pyridine scaffold formed =-alkyl
interactions with hydrophobic residues Alall6, Prolll, Phe259, and Phe515. Additionally, the methyl 3-
{[(propylamino)carbonyl]amino}-2-thiophenecarboxylate moiety interacted with both polar and hydrophobic residues,
including Phe468, Pro467, Ala400, Thr403, Cys475, Leu330, and Ala334, through hydrogen bonding and n-alkyl
interactions (Fig. 5B). Similarly, for ZINC32091018, the 6,7-dimethoxy-1,4-dihydroindeno[1,2-c]pyrazole scaffold
engaged in w-alkyl interactions and hydrogen bonding. Its morpholine ring formed hydrogen bonds with Leu330, 11e476,
and Gly477. These findings suggest that Ala334, Leu330, Cys475, Ala400, Phe515, Phe259, Prol11, Alall6, and
Phe402 serve as common binding residues for both ZINC09060935 and ZINC32091018, the remaining interacting
residues are distinct to each compound (Fig. 5C). Notably, the interacting residues for both compounds remained
consistent between their initial and final conformations, emphasizing the stability of these ligands within the binding
pocket.
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Fig. 5. Time-dependent distance and interaction analysis of CYP9e2 complexes with permethrin, ZINC09060935,
and ZINC32091018. (A) The interaction and distance between permethrin and CYP9e2 residues over time,
depicted at initial conformation (0 ns), and final 100 ns. (B-C) The interaction and distance between the top hits
ZINC09060935 and ZINC32091018 owver the same time points. Dark green residues have a conventional
hydrogen bond, whereas light green residues have a carbon-hydrogen bond, pink (Pi-alkyl), and dark pink (Pi-pi
stacked) bonds.

The structural and dynamic stability of the ZINC09060935-CYP9E2, ZINC32091018-CYP9E2, and
permethrin-CYP9E2 complexes were evaluated using Rg, RMSD, RMSF, distance, and hydrogen-bond analyses. The
simulation results demonstrated that ZINC09060935, ZINC32091018, and permethrin maintained structural stability
throughout the 100 ns simulation. The Rg values, averaging 24 A, indicated consistent compactness and minimal
fluctuations across all complexes (Fig. 6A). This stability underscores the strong binding interactions of ZINC09060935
and ZINC32091018 with the CYP9E2 binding site, supporting their potential as effective inhibitors.

The average RMSD values for all three complexes remained around 0.4 A, confirming the stability of the
protein-ligand interactions and the overall integrity of the systems over the simulation period (Fig. 6B). RMSF values for
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the complexes were within a range of 0.3-0.5 A, reflecting minimal fluctuations and a stable binding environment (Fig.
6C).

To gain additional insights, centre-of-mass (COM) distances were monitored over time (Fig. 6D). The top hits,
ZINC09060935 and ZINC32091018, consistently maintained a COM distance of ~5 A, while permethrin exhibited a
larger distance of ~15 A. The greater distance observed in the permethrin complex likely contributed to the reduced
interactions compared to the top hits. Hydrogen bond analysis revealed that both ZINC09060935 and ZINC32091018
formed consistent hydrogen bonds with CYP9E2 throughout the simulation, averaging approximately one bond at any
given time (Fig. 6E, F). These interactions further confirm the stability and binding efficiency of the top compounds,
positioning them as strong candidates for CYP9OE2 inhibition.
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Fig. 6. Trajectoryanalysis of CYP9e2 complexes with Permethrin, ZINC09060935, and ZINC32091018. (A) The
Radius of gyration (Rg). (B) The Root-mean-square deviation (RMSD). (C) Root-mean-square fluctuation
(RMSF). (D) The distances between the CYP9e2, permethrin, ZINC09060935, and ZINC32091018. (E-F) The
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The compounds' favorable pharmacokinetic and physicochemical characteristics enhance their potential as
promising leads for inhibitor development. The selected compounds exhibited favourable drug-like properties, meeting
essential pharmacokinetic and safety criteria. Lipinski's Rule of Five assesses the "drug-likeness" of new molecular
entities (NMEs) and predicts their absorption and permeability. According to the rule, drugs with more than 5 hydrogen-
bond donors (HBDs), more than 10 hydrogen-bond acceptors (HBAs), molecular weights above 500 g/mol, or a CLogP
value exceeding 5 are likely to exhibit poor absorption or permeation. The selected compounds have fewer than 10
rotatable bonds (6 in ZINC09060935 and 4 in ZINC32091018), which enhances molecular stability and bioavailability,
as excessive rotatable bonds (>10) are associated with reduced bioavailability.

The topological polar surface area (TPSA), another key indicator of drug-likeness, was well within Veber’s rule
threshold of 140 A2, with no compound exceeding 129 A2. The selected compounds showed favourable water solubility,
partition and distribution coefficients, and other drug-likeness parameters. Additionally, the physicochemical properties
of the lead compounds generated by SwissADME and ADMET LAB meet the criteria defined by Tice's Rule, thereby
supporting their classification as agrochemical-like (Table 5). The top two hits demonstrated CYP3A4 inhibition and
achieved high scores across all evaluated criteria, while complying with Lipinski's Rule of Five and Veber's rule.
According to Tice's rule, most insecticides fall within the MLogP range of 1.7-3.5, with an average of 2.6 and
ZINC09060935 and ZINC32091018 aligned with this pattern.

DISCUSSION

The excessive use of fumigation and insecticides for pest control has contributed to the emergence of insecticide
resistance in various insect species (Amezian et al., 2021). One major factor driving this resistance is the elevated
expression of cytochrome P450 enzymes, which plays a pivotal role in detoxifying insecticides. This study aimed to
identify potential inhibitors targeting cytochrome P450 enzymes involved in metabolic detoxification in insects,
specifically C. lectularius, A. aegypti, and B. germanica, through computational approaches.

Cytochrome P450 enzymes exhibit species-specific variations (Chan et al., 2014), yet our findings revealed that
the CYP9 subfamily is commonly implicated in insecticide resistance in C. lectularius, A. aegypti and B. germanica.
Targeting this subfamily with effective inhibitors could help to mitigate resistance. As the 3D structure of the target
protein was not available in the PDB, it was predicted using I-TASSER and Swiss-Model. A high C-score indicates that
the predicted structure is of high quality, and vice versa (Zhang and Skolnick, 2004). The predicted model demonstrated
good scores and accuracy, enabling further molecular docking studies conducted using MOE software.

Molecular docking analyses are crucial in drug discovery as they can predict a ligand's preferred orientation
with a protein (lbrahim et al., 2024). Docking results highlighted strong interactions and binding affinities of the selected
compounds, with the top ten exhibiting the highest docking scores and binding energies against the target protein.
Among these, ZINC09060935 and ZINC32091018 demonstrated the most favourable binding energies. The binding
energies and docking scores offer key insights into the stability and binding affinities of the protein-ligand interactions
(Alruhaimi et al., 2024). However, while binding energy indicates affinity, it alone cannot guarantee inhibitory activity.
The binding conformation and interactions with critical amino acid residues in the active site significantly influence a
compound's inhibitory potential (Ononamadu et al., 2021).

The selected top hits exhibited extensive interactions with critical residues of the target protein. For instance,
ZINC09060935 formed four hydrogen bonds, with its carbamate moiety establishing three stable conventional hydrogen
bonds with Phe402 and Thr403, and additional carbon-hydrogenbonds. These interactions were within the optimal range
for hydrogen bonding (2.5-3.5 A), confirming the accuracy of the molecular docking studies (Hubbard and Haider,
2010). The second compound, ZINC32091018, formed five hydrogen bonds with key residues His108, Asn126, Leu330,
lle476, and Gly477. Both compounds also displayed hydrophobic and z-stacking interactions, indicating that their
functional groups effectively interacted with CYP9E2 binding residues.

In contrast, permethrin exhibited fewer interactions. It was selected as a positive control due to its proven
insecticidal activity via sodium-channel disruption (Wismer, 2016) and its extensive use against populations of these
three pests susceptible to pyrethroids (Duetal., 2016; Feng et al., 2023). Its carboxylic moiety formed only two carbon-
hydrogen bonds with Arg479 and Asn478, and its phenoxy benzyl ring formed a n-stacked interaction with Tyr465 but
lacked stable hydrogen bonds. These results suggest weaker binding compared to the top hits.

Pyrethroid insecticides, such as permethrin, are widely used to control insect pests due to their strong
insecticidal effects and low mammalian toxicity (Du et al., 2016; Feng et al., 2023). Permethrin functions by binding to
sodium channels, causing nerve hyperactivity and leading to paralysis and death of insects (Wismer, 2016). During the
100 ns molecular dynamics (MD) simulations, the interactions between ZINC09060935 and ZINC32091018 with the
active-site residues of CYP9E2 were analyzed alongside those of permethrin. The top hits demonstrated more robust and
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consistent interactions throughout the simulation, supporting their potential as effective inhibitors of CYP9E2 to combat
insecticide resistance in C. lectularius, A. aegypti and B. germanica.

Several orthogonal metrics offer the same outcome when the 100 ns MD simulations were used to test whether
these favourable docking poses were associated with actual stable complexes compared to static docking. The quality set
of descriptors employed inthe computational drug-discovery literature to differentiate between transient or non-specific
binding and stable protein—ligand complexes is RMSD, RMSF, radius of gyration and hydrogen-bond persistence
(Arefinet al., 2021; Ghahremanian et al., 2022).

Fluctuations influence the stability of a protein-ligand complex in a dynamic state in the backbone of individual
amino acid residues (Senthil et al., 2019). Quantitative metrics such as RMSD and RMSF are critical indicators of this
stability. RMSD measures the deviation of atomic positions from their reference coordinates over time, providing
insights into structural variations during MD simulations. For ZINC09060935, ZINC32091018, and the positive control
permethrin, the RMSD remained stable with an average value of approximately 0.4 A over the 100 ns simulation,
confirming their stability within the CYP9E2 binding cavity. A docking program is considered reliable when the RMSD
is <2.0 A compared to the native binding position of the control ligand (Ramirez and Caballero, 2018). The low RMSD
values observed here validate the structural stability of the protein-ligand complexes and confirm the reliability of the
docking protocol. The ligand fitness and binding interactions indicate that critical binding interactions crucial to ligand
efficacy are effectively captured by the docking protocol.

The RMSF determines a protein's specific amino acid residues (lIbrahim et al., 2025). RMSF analysis was
conducted to evaluate residue-specific flexibility in CYP9E2 ligand complexes. RMSF provide insights into the dynamic
behavior of the protein—ligand complex and locates specialised protein regions that exhibit considerable conformational
changes in response to ligand binding (Hassan et al., 2023). The RMSF value of ZINC32091018 demonstrated superior
stability to ZINC09060935 and permethrin, indicative of better potential as a Cyp9E2 inhibitor. The RMSF profiles of
ZINC09060935 and permethrin showed very slight fluctuations, indicating more flexible areas of Cyp9E2. Howeer,
these complexes maintained stable conformations throughout the simulation.

The radius of gyration (Rg) measures the distribution of a protein's atoms around its axis and reflects structural
compactness during simulations. It is essential to determine structural stability and conformational changes during MD
simulations (Swati et al. 2024). The Rg values for ZINC09060935, ZINC32091018, and permethrin remained super
stable, with a maximum value of ~24 A, confirming the system's compactness and structural integrity throughout the
simulation. These findings are consistent with Bagewadi et al. (2023), who reported that Consistent Rg values indicate
stability, while deviations may suggest protein destabilisation.

The centre-of-mass (COM) distances between the ligands and the protein were monitored over time to assess
interaction stability. Permethrin showed a higher average centre-of-mass distance between the ligand and the protein
complex than ZINC09060935 and ZINC32091018. These two compounds maintained consistent distances of ~5 A,
while permethrin exhibited a distance of ~15 A The greater distance for permethrin likely explains its reduced
interactions compared to the top hits. The lower average distance indicates a closer proximity and potentially more stable
protein-ligand binding (Alshaghdali et al., 2024). Hydrogen bond (H-bond) kinetics were analyzed to assess interaction
stability. The stability and specificity of protein-ligand interactions depend significantly on the formation of hydrogen
bonds (Rana et al., 2025). The two hits, ZINC09060935 and ZINC32091018, formed more H-bonds than permethrin,
indicating their potential as strong inhibitors of CYPOE2.

The significant physicochemical parameters considered for a compound to be drug-like are solubility, polarity,
flexibility, saturation, lipophilicity and size. A compound must fall inside the pink area indicated by certain
characteristicsillustrated on each axis to be classified as "drug-like (Chibuye et al., 2025). Notably, the compounds were
positioned within the optimal "pink area™ of the bioavailability radar, indicating that their physicochemical attributes
align with those of bioavailable drugs. The red-distorted hexagon within the pink shade further confirmed their potential
as effective and safe candidates for further development (Saleh et al., 2021).

ZINC09060935 and ZINC32091018 revealed desirable physicochemical properties and were aligned with the
ag-like parameters of the Tice Criterion, such as the compounds' LogP values (Rosado et al., 2019).

These compounds' alignment with Tice's Rule parameters, notably their molecular weight and LogP, fall within
the range of agrochemicals and supports their potential suitability as agrochemical candidates. The comparison of drug-
likeness and agrochemical-likeness of a candidate is important, as agrochemicals usually exhibit lower lipophilicity and
smaller size than therapeutic compounds, in compliance with the validation underlying Tice's adaptation of Lipinski's
original framework (Souza et al., 2025).

These findings affirm the physicochemical and agrochemical-likeness (ag-likeness) properties of the selected
compounds as promising candidates for inhibiting cytochrome P450 and addressing insecticide resistance in insects.
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Conclusion: In conclusion, all the selected compounds showed strong protein-binding interactions and high scores.
However, ZINC09060935 and ZINC32091018 demonstrated the highest docking scores and strong interactions with the
target protein. According to the current study, these compounds could serve as effective inhibitors of cytochrome P450
(CYP9E2) in insects and provide a theoretical basis for developing improved insecticides. As computational predictions
alone do not confirm a compound's efficacy, further experimental validation can confirm the effectiveness of these
compounds.
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