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 Abstract: Brown rice planthopper (Nilaparvata lugens (Stål)) is a highly damaging pest 
of rice that has led to considerable losses in yields, increasing resistance to most conventional 
insecticides demands the adoption of eco-friendly chemical solutions. Cyperus rotundus 
L., a medicinal plant unaffected by N. lugens and reported to possess insecticidal 
properties, was selected for its potential to inhibit acetylcholinesterase (AChE), a key 
insect nervous system enzyme. Nine phytochemicals isolated from C. rotundus were 
evaluated through molecular docking, with quercetin (−8.9 kcal/mol), biochanin A 
(−8.7 kcal/mol), and cyperotundol (−8.1 kcal/mol) outperforming the positive control, 
carbofuran (−8.2 kcal/mol). The identified phytochemicals proved to have better binding 
affinity and complex stability, evidenced by the reduced values of RMSD/RMSF and more 
lasting interactions over 100 ns MD simulations compared to the positive control in both 
domain movement and binding stability. MMGBSA estimated favorable binding free 
energies (−67.06, −57.11, −71.07 kcal/mol) versus carbofuran (−36.84 kcal/mol). These 
findings suggest that C. rotundus phytochemicals are promising natural AChE inhibitors 
and potential candidates for sustainable N. lugens control. Their effectiveness implies the 
eco-friendly use of these natural compounds as a possible factor in the use of fewer and 
non-synthetic insecticides in pest control or integrated pest management. 

Keywords: brown planthopper; acetylcholinesterase; molecular docking; molecular 
dynamics 

 
■ INTRODUCTION 

Rice (Oryza sativa) is a vital staple crop globally, 
particularly in Asia and the Pacific, providing essential 
calories and significant economic value to millions of 
people [1]. Yet, rice cultivation faces multifaceted, biotic 
and abiotic challenges as it strives to meet escalating 
consumption demands. Among these, insect pests present 
one of the most formidable threats, frequently causing 
plant wilting and serving as vectors for various pathogens. 
Notably, the brown planthopper (Nilaparvata lugens 

(Stål)), BPH) is one of the most destructive pests of rice, 
severely curtailing yields across major rice-producing 
nations and causing the notorious "hopper burn" [2]. By 
inserting its stylet to feed on phloem sap, BPH inflicts 
mechanical damage, depletes vital nutrients and water, 
and transmits multiple viruses, such as the rice ragged 
stunt virus [3-4]. Thus, the predominant strategy has 
relied on chemical insecticides [5]. 

Intensive and continual pesticide use has driven the 
evolution of profound resistance in BPH, notably to 
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phenylpyrazoles (flufiprole, ethiprole), carbamates 
(isoprocarb), pyridine azomethine derivatives 
(pymetrozine), chitin biosynthesis inhibitors (buprofezin), 
and neonicotinoids (imidacloprid, thiamethoxam, 
clothianidin, dinotefuran) [6]. According to the Arthropod 
Pesticide Resistance Database (APRD), 456 resistance 
cases spanning 36 pesticide active ingredients have been 
recorded worldwide for BPH [7]. In Asia, neonicotinoids 
remain the primary pesticide class employed for BPH 
control [8]. Yet, decade-long surveillance reveals that 
BPH has developed high resistance levels against key 
neonicotinoids, including thiamethoxam, clothianidin, 
imidacloprid, and dinotefuran, especially in China [9]. In 
response, Takeda Agro introduced nitenpyram (NIT)—a 
second-generation neonicotinoid—in 1995, later 
commercialized in China in 2007 [10]. Though BPH 
resistance to NIT has increased with continued use, 
current resistance remains moderate (10.0 ≤ resistance 
ratio < 100.0) [11-12], allowing it to retain as a primary 
management tool. Nevertheless, compared to longer-
lasting insecticides like imidacloprid, NIT’s short 
environmental persistence and declining efficacy within 5 
days post-application necessitate multiple applications 
per season. This repeated use accelerates resistance 
development and exacerbates environmental 
contamination [10,13]. 

Acetylcholine esterase (AChE) is a 
neurotransmitter-hydrolyzing enzyme essential to neural 
signal termination. Altered AChE activity is a principal 
resistance mechanism in numerous insect pests, 
commonly documented in carbamate- and 
organophosphate-resistant species [14]. AChE can be 
irreversibly inhibited by phosphorylating its active-site 
serine hydroxyl group with organophosphates [15-16]. 
Beyond synthetic compounds, natural products like neem 
(Azadirachta indica) extracts also impair AChE activity—
for instance, Vepacide (a neem seed oil derivative) 
significantly reduced AChE activity in rat brains at 80, 
160, and 320 mg/kg [17]. 

Recently, we explored the bioactive potential of 
Cyperus rotundus L., revealing its capacity to isolate new 
natural compounds with insecticidal and enzyme-
inhibitory activities. Phytochemical analyses identified 

molecules with potent inhibitory effects on AChE and 
glutathione S-transferase—crucial enzymes for insect 
neural transmission and detoxification. Notably, these 
compounds demonstrated remarkable insecticidal 
activity against N. lugens, positioning C. rotundus as a 
promising eco-friendly biopesticide source [18]. 
Conventional drug discovery methods, though 
foundational, are notoriously laborious, protracted 
(typically spanning 10–15 years), and financially 
demanding [19-20]. Dishearteningly, these traditional 
approaches suffer from low success rates and high 
attrition, with absorption, distribution, metabolism, 
excretion, and toxicity (ADME) shortcomings 
accounting for nearly half of all late-stage failures [21-
22]. In contrast, computer-aided drug discovery and 
development has revolutionized the field, substantially 
reducing timelines and costs by leveraging 
computational power [23]. Computer-aided drug design, 
particularly modeling and docking, offers a viable, 
efficient alternative to streamline discovery pipelines [24]. 

The integration of molecular simulations, 
including molecular docking and molecular dynamics 
simulations (MD), has become indispensable in 
elucidating protein structure-function relationships 
[25]. Virtual screening and MD facilitate the prediction 
of molecular docking affinities, biological system 
simulations, and dynamics analyses of protein-ligand 
interactions [26]. These strategies offer superior 
accuracy in drug development, revealing binding modes 
and informing the rational design of highly effective 
inhibitors [27]. Simplified scoring functions, 
emphasizing hydrophobic interactions and hydrogen 
bonds (H-bonds) while often neglecting entropy, are 
typically used to expedite computations by minimizing 
degrees of freedom. Consequently, this study seeks to 
validate computational predictions with supporting in 
vitro assays to strengthen the reliability of our findings 
[28-29]. This study aims to identify and evaluate natural 
compounds from C. rotundus for anti-BPH activity via 
AChE inhibition. We employed molecular docking, MD 
simulation, and the molecular mechanics generalized 
Born surface area (MMGBSA) method to calculate 
binding free energies. Although various scoring schemes 
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exist for estimating protein-ligand interaction energies, 
current methodologies struggle to reliably predict native 
binding modes and precise free energy values due to the 
inherent trade-offs between computational efficiency and 
predictive accuracy. 

■ COMPUTATIONAL SECTION 

Materials 

The AChE protein, having accession number AF-
G9BJC1-F1, was retrieved from the AlphaFold database 
(http://www.AlphaFold.org). AlphaFold is the first 
computational technique based on a neural network 
model, capable of accurately predicting protein structures 
even in the absence of homologous templates, achieving 
very high confidence scores (> 90% pLDDT). Following 
an extensive literature review, 9 compounds were selected 
for further investigation. Their structures (Fig. 1) were 
retrieved from the PubChem database [30] and 
ChemSpider [31]. To ensure the accuracy and reliability 
of the results, molecular docking was first conducted to 
predict the ligands' binding affinities and interaction 
profiles with the target protein. The top-ranked complexes 
were then subjected to MD simulations to evaluate the 
stability and dynamic behavior of the protein-ligand 
interactions over time. Finally, MMGBSA binding free 
energy calculations were performed on the MD-refined 
complexes to better estimate binding energies. 

Instrumentation 

AutoDock Vina was employed to generate all potential  
 

binding geometries based on its scoring function, which 
estimates binding affinity by evaluating factors such as 
van der Waals interactions, H bond, electrostatics, and 
desolvation energies. This approach facilitates the 
identification of optimal ligand conformations within 
the active site of target proteins [32-33]. PROCHECK 
(v3.5; European Bioinformatics Institute, UK), ERRAT 
(UCLA, USA), and Verify3D (Structural Analysis and 
Verification Server, UCLA, USA) were utilized for the 
stereochemical validation of the modeled protein 
structures [34-35]. The SwissADME online tool (Swiss 
Institute of Bioinformatics, Lausanne, Switzerland) was 
applied to assess drug-likeness and pharmacokinetic 
properties [36]. The protein-ligand interactions were 
visualized using UCSF Chimera [37] and Discovery 
Studio Visualizer [38]. Desmond v6.5 (Schrödinger LLC, 
New York, NY, USA) was used for MD simulations [39]. 
Maestro 2019.1 (Schrödinger LLC, New York, NY, USA) 
was used for protein-ligand preparation and system 
building [40]. The Prime MMGBSA module 
(Schrödinger LLC, New York, NY, USA) was utilized for 
binding free energy (ΔGbind) calculations during MD 
simulations. 

Procedure 

Protein preparation 
Polar hydrogen atoms were added to the protein 

and ligand structures using AutoDockTools. 
Subsequently, Gasteiger charges were computed, and non-
polar  hydrogens  were merged.  The prepared structures  

 
Fig 1. Structure of the 9 compounds used as natural inhibitors 
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were then saved in PDBQT format, which is required for 
AutoDock Vina [32]. 

Preparation of ligands 
The isolated compounds were first converted into 

MOL2 format using Open Babel. Energy minimization 
was then performed using the MMFF94 force field within 
Open Babel to optimize the geometry of the compounds. 
The minimized structures were subsequently processed 
using AutoDock Tools, where polar hydrogen atoms were 
added, Gasteiger charges were computed, torsion 
flexibility was defined, and the ligands were saved in 
PDBQT format for molecular docking analysis [41]. 

Validation of the modeled structures 
The 3D predicted structures of the target protein 

were validated using PROCHECK, ERRAT, and Verify3D 
tools accessed through the online server 
(https://saves.mbi.ucla.edu/). PROCHECK generated the 
Ramachandran plot illustrating favorable and unfavorable 
residue regions, ERRAT analyzed non-bonded atomic 
interactions using a sliding window approach, and 
Verify3D assessed the compatibility between the 3D model 
and the amino acid sequence based on secondary structure 
elements such as helices, sheets, and loops [42-43]. 

Drug-likeness and ADME studies 
Lipinski's Rule of Five was applied to assess the 

drug-likeness of the screened compounds, ensuring their 
potential to interact with target proteins or enzymes [44]. 
Pharmacokinetics properties and drug metabolism were 
also evaluated, acknowledging the high failure rate often 
observed during clinical trials [22]. The SwissADME tool 
was used to predict ADME characteristics of the screened 
compounds [36]. 

Molecular docking analyses 
AutoDock Vina was utilized to generate all potential 

binding geometries based on its scoring function. It 
estimates binding affinity by evaluating van der Waals 
interactions, H-bond, electrostatics, and desolvation 
energies. This approach facilitates the identification of 
optimal ligand conformations within the active site of 
target proteins [32,45]. The estimated binding energy (ΔG) 
was calculated using AutoDock’s scoring function, which 
accounts for van der Waals forces, electrostatic 

interactions, H-bonds, torsional entropy, and 
desolvation effects to predict ligand binding affinity. 
Molecular docking investigates the interactions between 
the isolated compounds and the active site of BPH 
AChE. The binding affinities were estimated using the 
Generalized Born Volume Integral/Weighted Surface 
Area (GBVI/WSA dG) scoring function, a force field-
based method that calculates the free energy of binding 
by incorporating solvation effects and molecular 
mechanics energies. This approach has been 
demonstrated to effectively predict ligand binding modes 
and affinities in various protein-ligand systems [46]. 

MD simulation 
MD simulations were performed using the 

Desmond software [47] for 100 ns. Rigid binding 
assessments of the selected compounds against the target 
protein were determined through MD simulations [48]. 
Newton’s classical equations of motion were applied to 
model ligand behavior under physiological conditions 
[49-50]. Proteins and ligands were optimized using 
Maestro's Protein Preparation Wizard. At the same time, 
the simulation system was constructed using the System 
Builder tool with an orthorhombic box and the 
OPLS_2005 force field, along with the TIP3P water 
model [51]. Simulation conditions included a 
temperature of 300 K, a pressure of 1 atm, and 0.15 M 
NaCl. Counterions were added to neutralize the system. 
Trajectory frames were recorded every 100 ps, and root 
mean square deviation (RMSD) analyses were 
conducted to monitor the structural stability of the 
protein-ligand complexes [52-53]. 

MMGBSA calculations 
The binding free energy (ΔGbind) of docked 

complexes during MD simulations was estimated using 
the MMGBSA approach within the Prime module. 
Calculations were performed using the OPLS_2005 
force field, the VSGB solvation model, and a rotamer 
search technique using Eq. (1) [54]; 

( )bind complex protein GligandG G GΔ = Δ − Δ + Δ  (1) 

where, ΔGbind = binding free energy, ΔGcomplex = free 
energy of the complex, ΔGprotein = free energy of the 
target protein, and ΔGligand = free energy of the ligand. 
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Protein-ligand interaction 
The Protein-Ligand Interaction Profiler (PLIP; 

https://plip-tool.biotec.tu-dresden.de) was used to 
analyze and map the interactions between the target 
protein and the three ligands exhibiting the highest 
binding affinities, along with the positive control, to 
identify similarities in the interacting residues. The PLIP 
is a widely recognized for analyzing non-covalent 
interactions between proteins and ligands. The 2021 
update of PLIP expanded its capabilities to include 
interactions with DNA and RNA, enhancing its utility in 
structural bioinformatics and drug discovery. This 
version provides detailed insights into various interaction 
types, such as H-bonds, hydrophobic contacts, π-
stacking, π-cation interactions, salt bridges, water bridges, 
metal complexes, and halogen bonds. PLIP offers a web 
interface and command-line tools, facilitating integration 
into high-throughput computational pipelines. The tool 
has been instrumental in characterizing docking 
experiments and assessing novel ligand–protein 
complexes, making it a valuable resource in the 
development of insecticides and other therapeutic agents 
[55]. The resulting interactions were further visualized 
and analyzed using UCSF Chimera and Discovery Studio. 

■ RESULTS AND DISCUSSION 

The 3D structure of the target protein AChE with 
accession number AF-G9BJC1-F1, Structural model 
obtained from AlphaFold database [56]. For further 
analyses, the missing residues within the designated 
protein structure were anticipated, refined, and reduced. 
The target protein's loop was refined, enough hydrogen 
atoms were added, and the right bond order was assigned 
to obtain the protein's native conformation [57-58]. 
Different stereochemical parameters of the protein 
structure, such as PROCHECK, ERRAT, and Verify3D, 
were utilized to assess the efficacy of the predicted model, 
and the model with the highest accuracy was selected for 
further analysis (Fig. 2). 

PROCHECK analyzes the overall model geometry 
by generating the Ramachandran plot with favorable and 
non-favorable residue regions, in which the red, yellow, 
and black colors, respectively, denote the most favorable, 
favorable,   and   disallowed   region;   the   torsion   angle,  

 
Fig 2. The 3D predicted structure of BPH AChE protein 
(N. lugens) 

represented by the Phi and Psi bonds, predicts the 
potential shape of the peptides, as shown in Fig. 3(a). 
The ERRAT, a database of highly refined protein 
structures with nine sliding windows of residue vs error. 
Verify3D validates a 3D structure in terms of loops, 
sheets, and alpha helices [59-60]. In Fig. 3(b), ** is 
expressed as the proportion of the protein for which the 
estimated error value falls below the 95% rejection level; 
two lines are placed on the error axis to represent the 
confidence with which it is possible to reject sections 
that exceed that error value. Typically, well-designed 
high-resolution structures yield values of approximately 
95% or more. The overall quality factor is at a lower 
degree of 2.5 to 3.0 Å, 91%. The confidence levels of 95% 
and 99% are shown by the yellow and red bars, 
respectively. The Ramachandran plots for AChE are 
shown in A. In ERRAT, AChE structures show an 
overall quality factor of 92.53. In the Verify3D model 
verification, where the minimum passing score was 80%, 
the 3D models received 84.74% (Fig. 3(c)). The ProSA-
web server was utilized to compare the protein structural 
models to the PDB's protein structures based on the Z-
score [61] (Fig. 3(d)). 

Molecular Docking Analysis 

AChEs exhibit point mutations that make 
resistance to carbamates and organophosphates; 
insecticide resistance is often the consequence of target 
site  insensitivity  in N. lugens [62].  AChE in  insects has  
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Fig 3. The 3D structure of brown planthopper (N. lugens) acetylcholinesterase (AChE) was confirmed using (a) the 
Ramachandran plot generated by PROCHECK, (b) the server quality factor (ERRAT), (c) Verify3D, and (d) ProSA-
web (Z-score) 
 
been suggested as the primary catalytic enzyme due to its 
high expression level and frequent point mutations linked 
to pesticide resistance [63]. Therefore, molecular docking 
research was conducted to determine the molecular 
interactions between the target protein and nine selected 
ligands isolated from C. rotundus. The aim was to use 
AChE as the primary target for developing new 
insecticides. Using the AutoDock Vina tool, these 
phytochemicals were docked with the active AChE site. 

Three compounds were selected based on less 
binding energy than the reference control pesticide 
carbofuran and have a propensity to interact and disrupt 
the function of AChEs (Table 1). The ligands with higher 

binding energies were determined to be quercetin, 
biochanin A, and cyperotundol, which had binding 
energies of −8.9, −8.7, and −8.1 kcal/mol, respectively 
(Table 1). These ligands were then utilized to examine 
molecular interactions and pharmacokinetic parameters 
(Fig. S1). Strong insecticidal properties are displayed by 
quercetin, while chlorogenic acid has an antagonistic 
impact on quercetin. Quercetin's binding energy value 
was lower than that of chlorpyrifos in the molecular 
docking analyses conducted on the active site of 
Spodoptera frugiperda AChE. Furthermore, the 
interactions profile revealed π–π interactions between 
quercetin and the active sites [64]. 
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Table 1. Binding affinities of ligands with AChEs of N. 
lugens 

Ligands Binding energy (kcal/mol) 
Carbofuran (control) −8.2 
Biochanin A −8.7 
Cyperotundol −8.1 
p-Coumaric acid −6.5 
Chlorogenic acid −7.7 
Quercetin −8.9 
Furocoumarin −7.8 
Lupeol acetate −6.7 
β-sitosterol −5.0 
Stigmasterol −2.6 

Protein-Ligand Interaction 

H-bonds are critical for the stabilization of ligand-
AChE and complexes and contribute significantly to 
inhibitory potency. Recent studies have shown that H-
bonds not only enhances the binding affinity but also 
improves selectivity towards insect AChEs. For example, 
Kukreja et al. [65] reported that H-bonds between natural 
inhibitors and key active site residues of Helicoverpa 
armigera AChE increased both affinity and insecticidal 
efficacy. Previous works also demonstrated that H-bonds 
in flavonoid-based inhibitors improved stability and 
inhibition efficiency against S. frugiperda AChE [66-67]. 
Hydrophobic contacts are equally important for 
anchoring inhibitors within the AChE binding pocket. 
These kinds of interactions with residues such as Trp and 
Phe significantly increased the potency of chalcones as 
AChE inhibitors for pest control [68]. The research 
confirmed that hydrophobic interactions contribute to 
inhibitor selectivity by fitting the unique hydrophobic 
pockets present in insect AChEs but absent in non-target 
organisms [69]. 

Using the PLIP tool, the molecular interactions 
between the ligands and receptor were analyzed. In 
addition to hydrophobic interactions, H-bond was the 
primary mechanism for chemical binding in the AChE's 
active site. A thorough analysis of the binding 
orientations of the top three phytochemical analogs, 
quercetin, biochanin A, and cyperotundol was conducted 
(Fig. S1). The best possible conformations were retrieved, 

which provided a detailed description of the amino acid 
residues involved in the interaction. H-bonds are the 
most prevalent directed intermolecular interactions in 
biological complexes [70]. These residues interact with 
ligands in four different ways: as hydrogen donors, 
hydrogen acceptors, Hydrophobic interactions, and in 
pi-pi interactions [71]. The intermolecular interactions 
observed to optimize ligand-receptor complexes can be 
utilized to synthesize entirely new molecules capable of 
interacting and inhibiting the target, with in vitro and in 
vivo biological activity [72]. 

Among all the phytocompounds, quercetin shows 
the strongest interaction of −8.9 kcal/mol with the AChE 
of the brown plant hopper N. lugens. H-bonds are the 
most prevalent type of directed inter molecular 
interactions in biological complexes The quercetin 
formed H bonds with five specific amino acids of the 
AChE Asp201, Tyr259, Tyr259, Tyr457, and His568, 
whereas Asp201, Trp213, Trp213, and Trp213, are 
involved in hydrophobic interactions (Table 2). The 
second-best compound revealed from the molecular 
docking analysis was biochanin A, with binding energy 
of −8.7 kcal/mol by interacting with the key amino acid 
residues, Asp201, Trp213, Gly247, and Ser251, this 
molecule fits into the receptor's active binding site 
stably. These residues are important for H-bonding, 
while Ile199, Asp201, and Tyr461 are involved in 
hydrophobic interaction (Table 2). 

The binding energy between cyperotundol and 
AChE was measured at −8.1 kcal/mol. Six H-bonds and 
six hydrophobic interactions were also found between 
cyperotundol and AChE. The observed H-bonds with 
amino acids Gly246, Gly247, Gly248, Tyr259, Ser328, 
and Ser328, respectively. Hydrophobic interactions of 
cyperotundol and AChEs of N. lugens were also found 
with amino acid Trp213, Trp213, Trp213, Leu256, 
Tyr457, and Phe458 (Table 2). The interactions between 
the three ligands with minimum binding energies and 
the target protein were compared to the positive control 
carbofuran. It was observed that the three ligands bound 
at a similar pocket of the target protein and shared more 
than 80% of the binding site residues (Table 2). 
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Table 2. Molecular interactions of the best ligands against AchE of N. lugens 

Ligands Binding affinity 
(kcal/mol) 

Interacting amino acids 
Hydrogen bonds Hydrophobic interactions 

Carbofuran 
(positive control) −8.2 

Tyr250 (2.94 Å), Ser251 (2.09 Å),  
Gly247 (2.22 Å), Tyr259 (2.45 Å),  

Asp201 (2.54 Å) 

Trp213 (3.64 Å), Asp201 (3.33 Å), 
Trp213 (3.12 Å) 

Quercetin −8.9 
Asp201 (2.44Å), Tyr259 (2.33 Å),  
Tyr259 (2.81Å), Tyr457 (2.56 Å),  

His568 (2.40 Å) 

Asp201 (3.91 Å), Trp213 (3.60 Å), 
Trp213 (3.01 Å), Trp213 (3.61 Å) 

Biochanin A −8.7 
Asp201 (3.33 Å), Trp213 (2.27 Å),  
Gly247 (3.30Å), Ser251 (2.80 Å) 

Ile199 (3.59Å), Asp201 (3.37 Å), 
Tyr461 (3.74 Å) 

Cyperotundol −8.1 
Gly246 (2.75Å), Gly247 (2.97Å),  
Gly248 (2.82Å), Tyr259 (2.81Å),  
Ser328 (2.37Å), Ser328 (2.31Å) 

Trp213 (3.48 Å), Trp213 (3.39 Å), 
Trp213 (3.61 Å), Leu256 (3.97 Å), 
Tyr457 (3.42 Å), Phe458 (3.63 Å) 

 
Pharmacodynamic Analysis 

Swiss ADME and Lipinski rule of five were utilized to 
assess the drug likeness of the screened compounds [73]. 
The number of rotatable bonds, H-bond donors, and 
acceptors was also calculated, including the drug-like 
properties of all the selected compounds, to assess the 
toxic behavior of the compounds. The Lipinski’s rule of 
five was also calculated for all the selected compounds. 
The properties of ADME play a significant role in 
studying the distribution and absorption behavior of the 
compound in an organism. As per Lipinski’s rule of five, 
the screened compound should not violate > 1 of the 
following conditions: the molecular weight of the 
compound should not > 500, the log P value should not 
> 5, H-bond acceptors should not > 10, and H-bond 
donors should not > 5. 

For the ADME and drug-likeness analysis, Lipinski’s 
rule of five was applied, where acceptable thresholds 
included a molecular weight ≤ 500 Da, log P ≤ 5, no more 
than 5 H-bond donors, and no more than 10 H-bond 
acceptors. Compounds violating more than one of these 
parameters were considered less drug-like. The 
topological polar surface area (TPSA) was also evaluated, 
with an ideal threshold of ≤ 140 Å2 to ensure good 
membrane permeability. Compounds were also assessed 
for solubility (log S) and the number of rotatable bonds 
(≤ 10), which influence absorption and bioavailability. 
These thresholds align with established criteria for oral 
bioavailability and pharmacokinetic stability in bioactive 

compounds used for insecticide development and drug 
discovery [36,74]. 

Other relevant markers of high bioavailability, i.e., 
log P and TPSA values [75-76], were also examined, and 
it was observed that they varied from ~124.29 for TPSA 
and between 0.72 and 4.83 for log P. Lipophilicity, 
represented as log P, less than 5, indicates the substance's 
capacity for penetration of biological membranes [77]. 
On the other hand, it was observed that TPSA—which is 
the total of polar surfaces with atoms of oxygen, 
nitrogen, and hydrogen—is connected to a compound's 
H-bond capability [78]. Since a TPSA score of fewer than 
140 Å2 is desirable for drug-like molecules, it was 
observed that all the screened compounds fell between 
20.23 and 124.29. Additionally, no compound violated 
Lipinski's rule of five by having a molecular weight less 
than 500. Increased bulkiness of the molecule is 
indicated by a higher molecular weight, which 
eventually impacts permeability [79]. Additionally, it is 
permitted to deviate from Lipinski's rule in two or fewer 
parameters [80]. Furthermore, the number of rotatable 
bonds was examined and determined to be ≤ 10 for 
every phytochemical, indicating that compounds can 
interact with the rigid protein's binding site [74] (Table 3). 

MD Simulation 

MD simulation analyses of the three selected 
protein ligand complexes, along with the positive 
control, were performed for 100 ns to analyze the radius 
of gyration (Rg), H-bonds, RMSD, and root mean square 
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Table 3. Drug-like properties of ligands 

Name of ligands 
MW 

(g/mol) 
#H-bond 
acceptors 

#H-bond 
donors 

TPSA 
(Å2) i log P ESOL log S Lipinski violations Lead likeness violations 

Biochanin A  284.26 5 2 79.90 2.55 -3.92 0 0 
Cyperotundol  272.30 4 4 80.92 1.89 -2.91 0 0 
p-Coumaric acid 163.15 3 1 60.36 0.97 -2.01 0 1 violation: MW < 250 
Chlorogenic acid 322.35 6 4 107.22 1.46 -3.03 0 0 
Quercetin  302.24 7 4 124.29 0.72 -3.22 0 0 
Furocoumarin 186.16 3 0 43.35 2.01 -2.73 0 1 violation: MW < 250 
Lupeol acetate 468.75 2 0 26.30 4.89 -9.13 1 violation: M log P > 4.15 2 violations: MW > 350, X log P3 > 3.5 
β-Sitosterol 386.65 1 1 20.23 4.83 -7.41 1 violation: M log P > 4.15 2 violations: MW > 350, X log P3 > 3.5 
Stigmasterol 384.64 1 1 20.23 4.76 -6.93 1 violation: M log P > 4.15 2 violations: MW > 350, X log P3 > 3.5 

 
fluctuation (RMSF) to assess the compounds' stability. 
The relatively lower RMSD values compared to the 
positive control reflect the ligands' stability and binding 
consistency. After analyzing the RMSD plot of the 
compound quercetin with the target protein, it was 
observed that a smaller number of deviations were 
observed in the protein structure as the structure started 
deviating from 0.4 to 2.8 Å for the first 20 ns of the 
simulation time. The protein structure adapts to stability 
after the first 20 ns of the simulation time. The ligand 
quercetin was found to be deviating during the initial 
simulation period, but it became stable after 27 ns. 
Although minor deviations were observed in the ligand 
from 60 to 70 ns, those deviations were within the 
acceptable window of 1.5 Å overall. Overall, the protein 
ligand complex was found to be stable after initial 70 ns of 
the simulation time as the deviations were within the 
window of 3 Å suggesting that the protein did not suffer 
any structural change (Fig. 4(a)) According to the RMSF, 
it was observed that a fluctuation of 4.8 Å occurred from 
residue no 80 to 100. The overall protein was stable, 
although minor fluctuations were observed, confirming 
the target protein's flexibility (Fig. 4(b)). The average 
RMSF was 1.11 Å. This calculation revealed some 
variation, indicating a kinetic shift from the starting point. 

The RMSD plot of biochanin A and the target protein 
complex revealed that the protein deviated from its initial 
position at the start of the simulation. After the initial 5 ns, 
the protein reached its equilibrium state. The average 
RMSD of the target protein was 2 Å; minor deviations 
were observed, indicating the flexibility of the protein 
structure. On the other hand, the compound Biochenin A 
was also found to be stable during the first 60 ns of the 

simulation period. A deviation was observed from 1.5 to 
3.5 Å in the ligand after 60 ns, but the ligand became 
stable after 70 ns. Overall, the protein ligand complex 
was found to be stable in case of biochenin A as the 
average RMSD between the ligand and the target protein 
was almost 1.5 A which is within the acceptable window 
(Fig. 4(c)). The RMSF analysis of the target protein was 
also found to be stable as the binding pocket regions was 
observed to be stable with some minor fluctuations 
indicating the flexibility of the protein binding pocket. 
The average RMSF calculated was 1.11 Å (Fig. 4(d)). 

According to the RMSD analyses of the 
cyperotundol and the target protein, it was observed that 
the target protein was found to be stable throughout the 
simulation time. Although minor deviations were 
observed in the protein structure, the protein slightly 
deviated at 40 ns from 2.8 to 1.6 Å. After 40 ns, the 
protein was stable throughout the simulation time. 
During the simulation period, the ligand cyperotundol 
was found to be deviating during the initial timeframe as 
the ligand deviated from 1.2 to 5.2 Å from 10 to 18 ns, 
respectively. Minor deviations were observed in the 
ligand throughout the simulation time. Still, the ligand 
got stable during the final stages as the RMSD recorded 
was 3.5 Å, which is within the acceptable window. 
According to the RMSD analyses, the protein ligand 
complex was found to be stable as the RMSD recorded 
between the protein and the selected ligand was less than 
1 Å (Fig. 4(e)). According to the RMSF analysis, the 
protein was found to be stable throughout the 
simulation time. Fluctuations were observed between 
the 40–100 and 310–380 residue region was found to be 
fluctuating, but the binding site regions were found to be  
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Fig 4. RMSD and RMSF plots depicting the dynamic behavior of AChE in complex with three selected phytochemicals 
and the positive control for 100 ns. RMSD plots of protein-ligand complexes with (a) quercetin, (c) biochanin A, (e) 
cyperotundol, and (g) carbofuran. RMSF plots for the same protein-ligand complexes with (b) quercetin, (d) biochanin 
A, (f) cyperotundol, and (h) carbofuran, illustrating residue-level flexibility 
 
stable throughout the simulation time, which reveals that 
the protein remained stable. No significant change in the 
protein structure occurred during the simulation period 
(Fig. 4(f)). 

RMSD analyses of the positive control revealed that 
the protein structure showed higher deviation at the 

initial stages of simulation. After 20 ns of the simulation, 
the protein reached its equilibrium state, but the 
deviation observed in the protein structure was high as 
the protein RMSD reached 22 Å in the first 20 ns of the 
simulation. The average RMSD of the protein structure 
recorded was 20.5 Å during the MD simulation. On the 
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other hand, the ligand also showed higher deviation as the 
average RMSD recorded was 10.2 Å. Both the protein and 
ligand showed a higher number of deviations. The average 
RMSD between the protein and ligand was more than 
10 Å, exceeding the acceptable window of 10 Å (Fig. 4(g)). 
According to the RMSF analyses, the protein was found 
to be fluctuating at the starting region, as the residues 
from 80 to 100 were found to be fluctuating for more than 
13 Å. Overall, other regions of the protein were found to 
be stable with minor fluctuations at different regions, 
confirming the flexibility of the target protein (Fig. 4(h)). 
Thus, RMSF indicates notable fluctuations were observed 
at loop regions. At the same time, binding site residues 
remained relatively stable. 

The interactions between AChE and quercetin are 
shown as stacked bar charts normalized over a 100 ns 
trajectory. Interactions lasting more than 30% of the 
simulation time were considered. These interactions are 
classified into hydrophobic, ionic, and water bridges. A 
H-bond was formed between Asp201 and the hydroxyl 
group of quercetin. H-bond with Asp201 was observed for 
more than 200% of the simulation time (Fig. 5(a)). This 
could be because several H-bonds of the same subtype 
formed. The same residue is also used to form water-
bridged contacts. For 70% of the simulation, a second 
hydrogen contact formed between the quercetin carboxyl 

group and Gln198. Furthermore, hydrophobic 
interactions lasting more than 30% of the simulation 
time were observed with Trp213 and Phe204. Water-
mediated interactions with Tyr250 and Glu327 were also 
observed. As a result, it was found that Asp201 and 
Gln198 were the two critical residues in forming the 
AChE-quercetin complex. 

The hydrogen contact was observed between the 
Glu327 and the hydroxyl group of biochanin A, which 
remained for more than 75% of the simulation time (Fig. 
5(b)). Another H-bond contact between residue Gly247 
and the same hydroxyl group of biochanin A was 
observed, which remained for more than 60% of the 
simulation time. A strong hydrophobic interaction with 
the residue His567 was observed, which retained more 
than 120% and the same residue was also involved in 
forming water-bridged interactions. Another hydrogen 
contact was established between the Gln198 and the 
carboxyl group of compounds biochanin A, which was 
retained for 70% of the simulation time. Hydrophobic 
interactions were observed with residues Trp213 and 
Tyr457, which lasted more than 70% of the simulation 
time. Water-bridged interactions were also observed with 
residues Ser328 and Glu454. The residues formed the H-
bond Thr253 and Tyr259 with the hydroxyl group of 
cyperotundol (Fig. 5(c)). H-bonds with residues Thr253  
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Fig 5. Schematic interaction of (a) quercetin, (b) biochanin A, (c) cyperotundol, and (d) carbofuran (control) atoms 
with the binding site residue of AChE 
 
and Tyr259 was maintained for more than 70% of the 
simulation time. Hydrophobic interactions lasting more 
than 30% of the simulation time were observed with 
Trp213, Leu256, Tyr417, and Tyr561. Water-mediated 
interactions with Gly246 and Glu327 were also observed. 

The interaction analysis of AChE-carbofuran 
showed that different amino acid residues were making 
H-bonds with the ligand atoms. Leu256, Tyr259, Glu327, 
Phe528, and His568 were found to be involved in the H-
bond. The H-bonds did not last long during the MD 
simulation. Trp213 and His568 made a stronger bond 
with the ligand during different periods of the MD 
simulation (Fig. 5(d)). The MD simulation analyses of the 
three selected ligands and the positive control provided 
valuable insights, after observing the MD simulation 
results it can be seen that the three chosen ligands showed 
more stability than the positive control as the average 
RMSD and RMSF of the three selected compounds were 
much more reliable and less than the positive control and 
the interaction analyses suggested that stronger bonds 
were being made during the MD simulation of the three 
selected compounds as compared to the positive control 
(Fig. S1 and 5). 

To determine the stability of complexes through 
MD simulation, the Rg of complexes was calculated (Fig. 
6(a)). Compared to other receptors, the cyperotundol 
exhibited less variation in Rg values. The average Rg 
values of protein with compounds cyperotundol, 
biochanin A, and quercetin are 23.25, 23.52, and 23.65 Å, 
respectively. This small value indicates the complexes’ 
stability. The radius of gyration of the protein complexes 
revealed the compactness of the protein. The three 
selected protein ligand complexes were similar, with time 
variations occurring at different time frames. Still, the 
protein remained, showing it was not very compact during 
the simulation. The Rg analyses for the positive control 
revealed that the protein structure’s radius of gyration was 
much higher than the other three selected compounds, 
which shows that the protein did not undergo any 
structural changes during the MD simulation. The average 
Rg value for the positive control was almost 45.60, and the 
protein Rg went to 63.90 (Fig. 6(b)), showing significant 
conformational changes in the protein. 

The simulated trajectories were subjected to 
MMGBSA binding free energy analysis to confirm the 
compounds'  high  affinity  for  AChE  (Fig. 7).  The  total  
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Fig 6. Rg analysis of the AChE protein receptor with (a) phytochemicals and (b) carbofuran 

Table 4. MMGBSA binding free energies (kcal/mol) 
Name of compound vdW Coulomb Covalent H-bond ΔGtotal 
Carbofuran (control) −36.84 −4.49 1.57 −0.46 −40.22 
Biochanin A  −44.38 −14.8 3.17 −1.10 −57.11 
Cyperotundol  −37.30 −37.25 6.63 −3.15 −71.07 
Quercetin  −40.10 −28.9 4.63 −2.69 −67.06 

 

 
Fig 7. MMGBSA binding free energy analysis between 
AChE complexed with quercetin, biochanin A, 
cyperotundol, and carbofuran 

binding energy of each complex was found to be very 
stable, as evidenced by the high intermolecular stability of 
the conformation and interaction patterns. The total 
binding energy of the AChE-biochanin A complex is 
−57.11 kcal/mol. In comparison, the net binding energy 
of the AChE-cyperotundol, AChE-quercetin, and AChE-
carbofuran complexes is −71.07, −67.06, and 
−40.22 kcal/mol, respectively (Table 4). The van der 
Waals and Coulomb energies contributed to all 

complexes. The van der Waals energy to this total energy 
is very high compared to the Coulomb energy. 

■ CONCLUSION 

This study highlights the potential of C. rotundus 
phytochemicals as natural AChE inhibitors for the 
sustainable management of the brown planthopper (N. 
lugens). Among the nine compounds evaluated, quercetin, 
biochanin A, and cyperotundol demonstrated superior 
binding affinity and stable interactions with the AChE 
active site, surpassing the performance of the reference 
pesticide, carbofuran. Molecular docking and interaction 
profiling revealed that these three compounds formed 
stable hydrogen bonds and hydrophobic interactions 
critical for effective enzyme inhibition. MD simulations 
further confirmed these complexes' structural stability and 
favorable binding behavior throughout the simulation 
period. The pharmacokinetic and toxicity assessments 
indicated that the selected phytochemicals possess 
desirable drug-like properties, supporting their safety and 
efficacy. These findings suggest that quercetin, biochanin 
A, and cyperotundol are promising candidates for 
developing eco-friendly, plant-based insecticides that 
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offer a sustainable alternative to conventional chemical 
controls for brown planthopper management. 
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