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Abstract: Lepidopteran pests, such as Helicoverpa armigera and Spodoptera frugiperda, pose significant threats to agriculture
worldwide due to their resistance to traditional insecticides. Targeting the GABA receptors of these pests has emerged as a promising
approach for effective pest control. This study utilized 3D-QSAR modeling to optimize a series of GABA receptor inhibitors, focusing on
steric, electrostatic, hydrophobic, and hydrogen bonding interactions to enhance selectivity and potency. Diacylhydrazines were modified to
interact with GABA receptors, and molecular alignment techniques were employed to ensure accurate mortality predictions. Statistical
analyses, including cross-validation and contour maps, guided the rational design of new compounds with high predicted mortality rates.
Based on the model we design serials new structures and finally selected 4th structure has the lowest mortality rate. The results demonstrate
the potential for designing selective GABA receptor inhibitors that mitigate the environmental risks associated with broad-spectrum
insecticides.
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1. Introduction

Lepidopterans, with their vast diversity and global presence, play vital roles in ecosystems as pollinators, prey, and
pests [1]. While they contribute positively to biodiversity and cultural heritage, certain species are significant agricultural
pests, leading to economic losses and the need for pest management. The impact of environmental changes, including
habitat loss and climate change, poses a threat to many Lepidopteran species, making conservation efforts increasingly
important [2]. Their role in global ecosystems and economies underscores their importance and the need to balance
agricultural practices with conservation strategies.

Lepidopterans include butterflies and moths, are one of the largest and most diverse orders of insects, comprising
around 180,000 known species worldwide [3]. They are distributed across almost all terrestrial habitats, from tropical
rainforests to arid deserts, and are found on every continent except Antarctica [4]. Butterflies and moths thrive in a wide
range of ecological niches, from the tropics to temperate regions, and they play essential roles in ecosystems, particularly
in pollination and as part of the food web. Many species of butterflies and moths are important pollinators. They play a
critical role in the reproduction of flowering plants, particularly in natural ecosystems and gardens. Certain plant species,
such as some orchids, rely almost exclusively on moths for pollination during the night. Lepidopteran larvae (caterpillars)
and adults are a crucial food source for many animals, including birds, small mammals, and predatory insects [5]. This
makes them an integral part of the ecosystem, supporting a variety of species. Many Lepidopteran larvae (caterpillars) are
considered major agricultural pests. They feed on crops, often causing significant economic losses. Some notable pest
species include pest on cotton, tomatoes, other crops, cruciferous vegetables and affecting maize and other crops globally.

Lepidopteran pests, like all insects, have a relatively simple but highly efficient nervous system that allows them to
sense their environment, process information, and control behavior such as feeding, movement, and reproduction. The
nervous system in Lepidoptera, including well-known pests like the Helicoverpa armigera (cotton bollworm) or
Spodoptera frugiperda (fall armyworm), consists of central nervous system (CNS) and peripheral nervous system (PNS).
The CNS is composed of a brain (supraesophageal ganglion) and a ventral nerve cord with a series of ganglia. These
ganglia are collections of nerve cell bodies that control movement and other essential behaviors. The brain processes
sensory information, including vision, smell, and touch, while the ventral nerve cord and its associated ganglia control
locomotion, feeding, and other reflexive actions. The PNS consists of sensory and motor neurons that connect the CNS to
the muscles and sensory organs (such as antennae, eyes, and sensory hairs). Sensory neurons relay information from the
environment to the CNS, while motor neurons send signals from the CNS to the muscles, coordinating movement and
responses. Neurotransmitters are chemical messengers that transmit signals between neurons or between neurons and
muscles. These molecules play critical roles in regulating the nervous system functions in lepidopteran pests.
Acetylcholine (ACh) is the main excitatory neurotransmitter in insects, involved in muscle activation, sensory processing,
and other essential functions. Glutamate also serves as an excitatory neurotransmitter in insect nervous systems,
particularly in neuromuscular junctions. However, the main inhibitory neurotransmitter in the nervous system of
lepidopterans, and other insects, is y-Aminobutyric Acid (GABA) [6].

GABA plays a crucial role in the nervous system of Lepidopteran pests as the primary inhibitory neurotransmitter. It is
involved in regulating neural excitability by reducing nerve impulses, thereby controlling excessive neuronal activity [7].

7
2024@ The American Computational Science Society. All rights reserved.


http://www.asocse.org/

Sournal of Computational Science &Fngineering 66 (2024) 7-14

GABA functions by binding to specific receptors known as GABA receptors, which are found on the surface of neurons.
There are two main types of GABA receptors, though in insects, the focus is primarily on GABA_A-like receptors, which
are ionotropic receptors. When GABA binds to these receptors, it causes the opening of chloride ion channels, allowing
CI" ions to enter the neuron. This hyperpolarizes the neuron, making it less likely to fire an action potential (nerve
impulse), thus inhibiting neuronal activity. GABA is essential for maintaining a balance between excitation and inhibition
in the nervous system [8]. It prevents overstimulation of neurons, which could lead to harmful or erratic behavior.

In lepidopteran pests, GABA is involved in controlling motor functions, feeding behaviors, and responses to
environmental stimuli. It modulates sensory input and helps insects respond appropriately to their surroundings [9].
Because GABA is crucial for regulating neural activity in lepidopterans, it has become a significant target in the
development of insecticides [10]. GABA receptor antagonists are chemicals that interfere with the normal functioning of
GABA receptors, preventing GABA from inhibiting neural activity. This leads to hyperexcitability, muscle convulsions,
and ultimately death in the insect [11].

Diacylhydrazines are an important class of insect growth regulators that work through a different mechanism
(ecdysone receptor agonists) [12], but their modification to target GABA receptors in Lepidopterans offers a new
direction for insecticide development. Lepidopterans are increasingly resistant to traditional insecticides, diminishing the
effectiveness of many pest control strategies. There is an urgent need for new insecticides with novel mechanisms of
action to overcome this resistance and ensure effective pest management. The GABA receptor, which regulates neural
inhibition in insects, presents a highly effective target for controlling Lepidopteran pests. However, many current
insecticides targeting GABA receptors are non-specific and affect non-target organisms. This study will focus on
designing selective inhibitors of the Lepidopteran GABA receptor to maximize efficacy against pests while minimizing
environmental and non-target risks[13]. Diacylhydrazines are widely known for their role in disrupting insect growth, but
modifying them to interact with the GABA receptor offers a new and potentially potent avenue for pest control. The
structural diversity of diacylhydrazines makes them an excellent candidate for this modification, and their success in
other insecticidal roles suggests they could be adapted to target GABA receptors effectively[14]. To optimize such
compounds, it is essential to understand how their molecular structures relate to their biological activity. This is where 3-
D Quantitative Structure-Activity Relationship (QSAR) modeling becomes a powerful tool.

3-D QSAR modeling is the ideal approach for optimizing diacylhydrazines as anti-Lepidopteran agents targeting
GABA receptors which can rational drug design, efficient screening and prediction, improving selectivity and reducing
toxicity and combating resistance. Therefore, we will collect and analyze data, build 3-d gsar models, validate models and
design new compounds.

2. Methods

2.1. dataset

The structures of the GABA inhibitors and their biological activities of 36 compounds were selected from the
literature[12]. We converted their activity values mortality rate (ug/mL) into mortality rate in order to use it as dependent
variables for subsequent 3D-QSAR analysis. These 36 compounds were divided into a training set of 29 compounds and
a test set of 7 compounds. The structures of the compounds were constructed using ChemDraw Ultra 8.0, and then were
optimized and calculated in SYBYL 2.1. Partial atomic charges were calculated by the Gasteiger—Hiickel method. After
that energy minimization using the Tripos force field with a distance dependent-dielectric, Powell gradient algorithm with
a convergent threshold of a maximum deviate of 0.05 kcal/(mol*A) and a maximum of 1,000 iterations (Tablel).

Table 1. Structures and mortality rate of GABA inhibitors

Compounds Calc. Exp. Group

D2.MOL 4.147 4.1549 Training
D3.MOL 4.1 4 Training
D4.MOL 4.678 4.6326 Training
D5.MOL 4.252 4.2464 Training
D6.MOL 4.146 4.1986 Training
D7.MOL 4.118 4.1349 Training
D9.MOL 4.136 4.1349 Training
D10.MOL 4.2 4.3307 Training
D11.MOL 4.09 4 Training
D13.MOL 4.042 4.0773 Training
D14.MOL 4.061 4 Training
D15.MOL 4.222 4.2733 Training
D16.MOL 4.194 4.2218 Training
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D18.MOL 4.188 4.0969 Training
D19.MOL 4.207 4.1349 Training
D20.MOL 4.497 4.4353 Training
D21.MOL 4.306 4.301 Training
D22.MOL 4.05 4 Training
D23.MOL 4.07 4.1152 Training
D24.MOL 4.437 4.5229 Training
D25.MOL 4.344 4.3307 Training
D26.MOL 4.07 4 Training
D27.MOL 4.228 4.2464 Training
D28.MOL 4.158 4.1759 Training
D29.MOL 4.105 4 Training
D30.MOL 4.188 4.2464 Training
D31.MOL 4.071 4 Training
D32.MOL 4.01 4 Training
D34.MOL 4.379 4.3979 Training
D36.MOL 4.697 4.6326 Training
D1.MOL 4.006 4 Testing

D8.MOL 4.225 4.273273 Testing

D12.MOL 4.07 4 Testing

D17.MOL 4.111 4.045757 Testing

D33.MOL 4.09 4.061981 Testing

D35.MOL 4.502 4.573489 Testing

2.2. Molecular alignment

Molecular alignment is considered as one of the most important factors to construct 3D-QSAR models. The accuracy
and reliability of the models directly rely on the quality of the structural alignment. In this study, we selected the lowest
mortality rate compound D4 as template molecule, picked out the common fragment, and then aligned the rest of
molecules on the template molecule by the Align Database command in SYBYL. The common fragment and the
alignment of all the compounds in training set were shown in Figure 1.

Figure 1 Molecular alignment for 3D-QSAR model construction

2.3. CoMSIA model generation

To construct 3D-QSAR model, the CoMSIA descriptors were used as independent variables and p(mortality rate)
values as the dependent variable. In CoMSIA, five different similarity fields are calculated: steric, electrostatic,
hydrophobic, hydrogen bond donor, and hydrogen bond acceptor. These fields cover the major contributions to ligand
binding and the similarity indices are calculated at regularly spaced grid points (lattice) for the prealigned molecules
using a probe atom. The similarity fields (steric, electrostatic, hydrophobic, hydrogen bond donor, and hydrogen bond
acceptor) were calculated at each lattice intersection of a regularly spaced grid of 2.0 A. The similarity indices were
calculated using the sp3 carbon as probe atom with radius 1 A, charge +1, hydrophobicity +1, hydrogen bond donating +1,
hydrogen bond accepting +1. The SYBYL default energy cutoff of 30 kcal/mol was set for these 5 fields.

The partial least squares (PLS) regression analysis was used to build a linear correlation between these CoMSIA
descriptors to the biological mortality rate values. PLS was performed in two stages. First, cross-validation analysis was
done using the leave-one-out (LOO) method to determine the optimum number of components (ONC) and cross-
validated correlation coefficient (Q2). Second, the obtained optimal component was applied to generate the final PLS
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regression models with non-cross-validation method. The non-cross-validated models were assessed by the non-cross-
validated correlation coefficient (R2), the standard error of estimation (SEE), and F probability value (F value).
The external predictive capability of CoMSIA model were evaluated by predicting the mortality rate of the test set,

which were excluded during the model generation. The external was calculated using the following equation:
ntest ,: _ ~i2
i=1 (yi — i)
i (yi - ytr)?

where ntest is the number of compounds that constitute the validation data set (test set), ytr is the averaged value for
the dependent variable for the training set, and yi, yi,(i = 1, ..., ntest) are the experimental values and the 3D-QSAR
model predictions of the dependent variable over the available validation set.

To further validate the predictive ability of thederived models, the following equation was used:

R?m(overall) = r% * (1 — /12 —102)

Where r2is squared correlation coefficient between observed and predicted p(mortality rate) values of 36 GABA
inhibitors, and 70%is squared correlation coefficient with intercept set to zero. The parameter determines whether the
range of predicted mortality rate values for the whole dataset is really close to the observed mortality rate or not. The
value of Rm(overall)?should be greater than 0.5 for a reasonable model.

R?ext =1—

3. Results and discussion

3.1. Molecular alignment analysis

We likely see the basic chemical structure of a molecule (Figure 1A). The Figure 1B provides a detailed depiction of
the spatial arrangement of atoms in the molecule, which is crucial for understanding how different molecular interactions
may occur in a biological setting. Figure 1B shows a possible molecular alignment. Once the molecules are aligned, a
grid is placed around the aligned molecules, and various steric and electrostatic properties are calculated at different
points within this grid. Validation of the alignment is necessary by testing the model with known active and inactive
compounds, ensuring that the alignment contributes to reliable mortality rate predictions. Molecular alignment is indeed a
critical factor in constructing reliable 3D-QSAR models. The figures provided (2D and 3D molecular structures) illustrate
the need for precise spatial alignment of molecules to capture relevant steric and electrostatic properties. When
performing QSAR analysis, one must ensure that pharmacophoric features overlap accurately, allowing for a robust
prediction of biological mortality rate based on molecular structure.

3.2. CoMSIA statistical results

The statistical parameters obtained from the CoMSIA analyses of GABA inhibitors analogues were summarized in
Table 2. As can be seen, the CoMSIA model based on steric, electrostatic, hydrophobic, hydrogen bond donor, and
hydrogen bond acceptor fields yielded a cross-validated Q2 of 0.565 with 7 optimum number of components (ONC=7), a
non-cross-validated R2 of 0.915, a low standard error of estimation (SEE) of 0.122, and an F value of 80.521. The
contribution rates of the five fields of steric, electrostatic, hydrophobic, hydrogen bond donor and hydrogen bond
acceptor were 10.7%,  26.1%, 22.7%, 10.2% and 30.3%, respectively (Table 3).

Table 2 Summary of 3D-QSAR model parameters for different molecular combinations

q2 ONC r2 F value SEE
S,Eand H 0.565 5 0.825 77.2775 0.255
S, E and A 0.555 6 0.906 78.9815 0.266
S,E and D 0.555 7 0.866 72.129 0.291
S,Hand D 0.555 7 0.889 85.162 0.282
S,Hand A 0.555 10 0.916 75.0615 0.231
S,Dand A 0.556 8 0.945 67.357 0.335
E,Hand D 0.563 6 0.825 77.605 0.236
E, Hand A 0.565 10 0.889 87.6115 0.312
H,Dand A 0.566 8 0.912 80.262 0.128
D,Aand E 0.555 7 0.815 70.1665 0.355
S,E,Hand D 0.559 5 0.865 70.976 0.299
S, E, Hand A 0.564 9 0.865 81.7805 0.247
S,E,Dand A 0.556 6 0.905 77.31 0.255
E,H, D and A 0.555 6 0.885 72.0515 0.365
S,H, D and A 0.555 7 0.915 75.4065 0.144
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S,E,H,Dand A 0.565 7 0.915 80.521 0.122

Table 3 Statistical results of CoMSIA model

Mod q o r S F Field
el 2 NC 2 EE contribution %
S E H D A
CcO 0 7 0 0 8 1 26 2 1 3
MSIA .565 915 122 0.521 0.7 1 2.7 0.2 0.3

3.3. Validation of the CoMSIA model

The graph presents a comparison between calculated (Calc.) and experimental (Exp.) values in a 3D-QSAR model,
with data points colored to represent testing and training sets. The trend line indicates a strong linear correlation between
the calculated and experimental values, suggesting that the model fits the data well. The shading around the line
represents the confidence interval, which shows the range in which most data points are expected to fall. The training set
(blue-green points) tightly follows the trend line, showing a strong model performance during the training phase. The
testing set (red points), while generally following the same trend, has more scatter. A few points show deviations from
the trend line, indicating potential overfitting or that the model may not generalize perfectly to unseen data. The close
alignment of the majority of data points (especially in the training set) with the trend line suggests that the 3D-QSAR
model is highly predictive for the compounds in the training set. The calculated values closely match the experimental
values, indicating a robust model for the training phase. While the model performs well in the training set, the testing set
shows slightly more deviation from the trend line. This suggests that the model, while accurate, may not generalize
perfectly across unseen compounds, especially at higher values of the experimental data (Figure 2).

4.84

464

4.44

Exp.

4.24

401 o00 o® Testing
@ Training

4.0 42 44 4.6
Calc.

Figure 2 Correlation between calculated and experimental values in 3D-QSAR model for training and testing sets

The 3D contour maps generated for a 3D-QSAR model, showing the steric, electrostatic, hydrophobic, donor, and
acceptor interactions[15]. The steric map highlights the areas around the molecule where steric bulk is either favorable
(green) or unfavorable (yellow). In regions colored green, the presence of bulky groups would enhance the mortality rate
of the molecule. This suggests that introducing larger substituents in these areas could potentially improve the interaction
with the target receptor or protein. Yellow areas indicate that steric hindrance in these regions would reduce mortality rate.
Thus, introducing large groups here could interfere with proper binding, leading to a decrease in biological effectiveness.
This map helps in understanding how spatial arrangement influences molecular mortality rate. By adjusting the size and
shape of functional groups, chemists can optimize the molecule for better receptor fit, avoiding steric clashes and
improving efficacy. The electrostatic contour map shows regions where electron-rich (blue) or electron-deficient (red)
groups are favored or disfavored. Blue areas indicate that electron-donating groups (e.g., -OH, -NH2) in these regions
would enhance mortality rate, possibly by forming hydrogen bonds or favorable electrostatic interactions with the target.
Red regions suggest that electron-withdrawing groups (e.g., -NO2, -CF3) would diminish mortality rate if placed in those
areas, likely disrupting key molecular interactions. This map is critical for fine-tuning the electronic properties of the
molecule. It suggests where polar or charged groups can be placed to enhance interaction with the target, ensuring
optimal binding through electrostatic attraction. The hydrophobic contour map highlights regions where hydrophobic
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interactions are either favored (yellow) or disfavored (gray). The yellow contours indicate regions where hydrophobic
substituents would enhance mortality rate, suggesting that non-polar groups like alkyl chains or aromatic rings would be
beneficial here. Gray regions show where hydrophilic (polar or charged) groups should be avoided, as these would reduce
interaction strength. Hydrophobic interactions are crucial for stabilizing ligand-receptor binding. This map helps guide
the placement of non-polar groups that can enhance hydrophobic contacts with the receptor, improving binding affinity
and stability in the hydrophobic core of the target. The donor map highlights regions where hydrogen bond donors (e.g., -
OH, -NH groups) would be favored (cyan) or disfavored (magenta). In cyan regions, the introduction of hydrogen bond
donors would improve the molecule’s mortality rate, suggesting potential locations for donor groups to interact with
hydrogen bond acceptors on the target[16]. Magenta areas indicate that placing hydrogen bond donors in these locations
would reduce mortality rate, possibly due to steric hindrance or unfavorable interactions. This map aids in the strategic
placement of hydrogen bond donors to strengthen binding through hydrogen bonding. Hydrogen bonds are often critical
for specificity and affinity, and this map provides insight into how these interactions can be maximized. The acceptor
map shows regions where hydrogen bond acceptors (e.g., -C=0, -N groups) are favored (magenta) or disfavored (cyan).
Magenta regions suggest that placing hydrogen bond acceptor groups here will enhance interaction with donor groups
from the target protein, leading to stronger binding. Cyan areas indicate that acceptor groups in these regions would be
detrimental to mortality rate, likely due to lack of compatibility with the receptor's environment. Hydrogen bond
acceptors are key players in forming interactions with donor groups in the target structure. This map helps in positioning
acceptor groups in locations where they can engage in strong hydrogen bonds, thus increasing binding affinity and
mortality rate. These five contour maps provide critical insights into how steric, electrostatic, hydrophobic, donor, and
acceptor features of the molecule influence biological mortality rate. By analyzing these maps, chemists can strategically
modify the molecular structure, optimizing regions for favorable interactions while avoiding areas where unfavorable
interactions might occur. This ultimately aids in designing more potent and selective drug candidates by improving key
molecular properties that directly impact the ligand's interaction with GABA receptors (Figure 3).

Steric Electroststic

Favored Color Disfavored Color

Steric I .

Electroststic ] [ ]

Hydrophobic [ |

Donor S
Acceptor

Acceptor I

Figure 3 3D-QSAR contour maps highlighting steric, electrostatic, hydrophobic, donor, and acceptor interactions
for molecular optimization
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3.4. The design new structures and docking
Table 4 The new structures and the predicted mortality rate

R,

Predict p (mortality rate)

4.455

4.522

-NH2

4.921

4.525

DN (B[N |—

NO2

4.221

The table 4 provides predicted mortality rates based on different substituents (R1, R2, R3) attached to a molecular core.
The predicted value reflects the mortality rate influenced by the presence or absence of specific functional groups. When
R1 is a hydroxyl group (-OH), and both R2 and R3 are absent, the predicted mortality rate is 4.455. This suggests that the
presence of the hydroxyl group moderately influences the mortality rate. With an amino group (-NH2) at R1 and no
substituents at R2 and R3, the predicted mortality rate increases slightly to 4.522. When -NH2 is at R2 and -OH is at R3,
the predicted mortality rate increases further to 4.921. This suggests that the combination of these two functional groups
has a synergistic effect on increasing the predicted mortality rate. When a fluorine (F) atom is substituted at R3, with no
substituents at R1 or R2, the predicted mortality rate is 4.525. This indicates that fluorine's influence on mortality is
similar to that of an amino group (-NH2) at R1. A nitro group (-NO2) at R2 results in a lower predicted mortality rate of
4.221 compared to other functional groups. This suggests that the nitro group may have a dampening effect on the
mortality rate compared to groups like -OH, -NH2, or fluorine. The hydroxyl (-OH) and amino (-NH2) groups increase
the predicted mortality rate, especially when combined. The highest predicted rate is observed when both groups are
present (Entry 3). The fluorine atom's influence is comparable to the amino group at R1, suggesting a slight increase in
mortality rate. The nitro group leads to the lowest predicted mortality rate, indicating that its presence might reduce the
predicted risk relative to other groups.

4. Conclusion

This study successfully demonstrated the application of 3D-QSAR modeling and molecular alignment to optimize
GABA receptor inhibitors targeting Lepidopteran pests. By analyzing the steric, electrostatic, hydrophobic, donor, and
acceptor interactions through contour maps, we were able to identify key areas for molecular modification that would
enhance biological mortality rate. The modified diacylhydrazines showed significant potential as selective inhibitors, with
improved predicted mortality rates across various molecular configurations. The findings highlight the importance of
rational drug design for creating pest control agents that are both potent and environmentally responsible, offering a novel
approach to combating pesticide resistance in agricultural pests.
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