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Introduction
Diabetes mellitus refers to a group of disorders 
characterized by persistently high blood sugar levels. 
Type 1 diabetes is an autoimmune condition in which 
the immune system mistakenly attacks and destroys the 
insulin-producing cells in the pancreas. This leads to a 
deficiency of insulin, a hormone essential for regulating 
blood glucose levels.1 In contrast, type 2 diabetes, the 
most common form of the disease is primarily caused by 
insulin resistance. In this condition, the body's cells no 
longer respond effectively to insulin, resulting in elevated 
blood glucose levels.2 Obesity, a sedentary lifestyle, and a 

genetic predisposition are tightly linked to type 2 diabetes. 
Although it typically manifests in adulthood, the rising 
prevalence of obesity is leading to an increasing number 
of diagnoses in children and adolescents. Unmanaged 
diabetes, whether type 1 or type 2, can result in a number 
of complications. Numerous complications are frequently 
encountered, such as peripheral arterial disease (which 
results in decreased blood flow to limbs), stroke, 
nephropathy (kidney disease), retinopathy (eye damage), 
neuropathy (damage to the nerves), and cardiovascular 
disease.3 The International Diabetes Federation (IDF) 
estimates that 425 million people worldwide were 
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Abstract
Introduction: The α-amylase enzyme 
plays a critical role in the digestion of 
complex carbohydrates. Inhibiting this 
enzyme offers a promising strategy for 
improving glucose regulation in diabetic 
patients.
Methods: In this study, a comprehensive 
computational approach, combining 
3D-QSAR modeling, ADMET 
profiling, molecular docking, molecular 
dynamics, ligand transport analysis, and 
retrosynthesis, was used to identify novel ligands with potent inhibitory activity against various 
indenoquinoxaline-phenylacrylohydrazide hybrids. 
Results: The optimal 3D-QSAR model, developed using partial least squares (PLS) and 
Comparative Molecular Similarity Indices Analysis (CoMSIA), demonstrated strong correlation 
and predictive power (Q² = 0.541, R² = 0.973, SEE = 0.076). ADMET analysis showed that the 
designed ligands possess acceptable pharmacokinetic and toxicological profiles, supporting their 
potential for further drug development. Molecular docking revealed that the designed ligands 
effectively interacted with the active site of α-amylase (PDB ID: 7TAA). Furthermore, molecular 
dynamics simulations (100 ns) and MM-PBSA free energy calculations confirmed the stability 
of ligand-enzyme complexes. Ligand transport was further examined using the CaverDock 
program, tracking the movement of molecules from the enzyme’s active site to its surface. Finally, 
retrosynthetic analysis was performed to propose feasible synthesis routes for the most active 
compound.
Conclusion: Overall, the findings highlight a promising lead compound for further in vitro and in 
vivo investigations targeting α-amylase inhibition.
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diagnosed with diabetes in 2017, and by 2045, that figure 
is expected to rise to 629 million.4

One treatment strategy for postprandial hyperglycemia 
is to prevent the body from breaking down dietary 
carbohydrates. Thus, it is crucial to inhibit the 
α-glucosidase and α-amylase enzymes when treating type 
2 diabetes. In the digestive system, dietary carbohydrates 
are broken down by pancreatic α-amylase. After that, 
they are broken down into glucose molecules by the 
enzyme α-glucosidase, which are absorbed and enter the 
bloodstream. Thus, inhibiting the enzymes α-glucosidase 
and α-amylase can restrict the digestion of carbohydrates, 
delay the absorption of glucose, and consequently lower 
blood glucose levels without influencing insulin secretion. 
Commonly prescribed medications like voglibose, 
acarbose, and miglitol inhibit the actions of α-amylase 
and α-glucosidase, but they also cause unfavorable side 
effects like diarrhea, flatulence, and bloating.5,6

Quinoxalines are a notable class of heterocyclic 
compounds because they can substitute N for one or more of 
the carbon atoms in the naphthalene ring.7 The quinoxaline 
ring system's α-positions are identified as 2 and 3.8 In 
addition, many drug molecules and acceptors, including 
clofazimine, echinomycin, actinomycin, talviraline, 
varenicline, caroverine, carbadox, and olaquindox, 
rely on the quinoxaline ring as a fundamental building 
block.9,10 According to published research, the majority 
of quinoxaline-related molecules have antitubercular, 
anticancer, anti-inflammatory, antitubercular, 
antimalarial, anti-HIV, and acetylcholinesterase and 
butyrylcholinesterase inhibitory properties.11-16

New drug development is a multi-phase, expensive 
process that includes preliminary research, clinical trials, 
and regulatory approval. These phases may take a number 
of years and necessitate significant financial outlays, 
sometimes amounting to billions. Amidst these obstacles, 
in silico molecular modeling has become a crucial 
instrument in drug discovery, providing crucial insights 
and enhancing development efficiency.17-21 Therefore, 
by combining structure-based drug design (SBDD) and 
ligand-based drug design (LBDD), computer-aided drug 
design (CADD) can prove to be a powerful methodology 
for accelerating the development of effective new drugs, 
particularly for diabetes mellitus.22-24 To achieve this, 
we used the 3D-QSAR method to design new inhibitors 
from a set of indenoquinoxaline-phenylacrylohydrazide 
hybrids. We then used ADMET analysis to help predict 
how a molecule behaves in the body and its potential 
impact on health. In addition, molecular docking and 
molecular dynamics were applied to verify the stability of 
the designed ligands toward the α-amylase enzyme. On 
the other hand, the CaverDock tool was used to rapidly 
analyze ligand transport processes through the alpha 
amylase receptor and predict the biological efficacy of 
the designed molecules. finally, the retrosynthesis of the 
new compounds enabled us to plan the synthesis of the 
designed molecules. In conclusion, in silico techniques 
have been used for virtual screening, selection of drug 
candidates for in vitro and vivo trials, and subsequent 
experimental synthesis, thus reducing research time and 
costs.

Materials and Methods 
Biological activity and databases
The 3D-QSAR model was created by randomly dividing 30 
molecules of indenoquinoxaline-phenylacrylohydrazide 
hybrids from the literature25 into two sets: a training 
set (24 molecules) for model building and a test set (6 
molecules) for model validation. The IC50 and pIC50 
values for 30 different compounds' biological activities are 
displayed in Table S1.

Molecular alignment and 3D-QSAR model generation
SYBYL-x 2.0 Tripos molecular modeling program 
was used for both database alignment and molecular 
modeling.26 Utilizing chem 3D software, all molecules' 
three-dimensional structures were constructed. Using the 
Gasteiger-Hückel charges and the Tripos force field of 
the SYBYL energy minimizer, each molecule's energy was 
optimized.27 We have limited the number of interactions to 
2000 for the minimization. The minimization process was 
completed when the energy gradient convergence criterion 
of 0.05 kcal/mol-was met. Significant physicochemical 
descriptors, such as hydrophobic fields, hydrogen bond 
acceptors, steric fields, and electrostatic fields, were used 
to generate the CoMSIA model employing the probe 
atom. The column's filter and attenuation factors were 
first adjusted to 2.0 kcal/mol and 0.3, respectively.

Partial least squares (PLS) regression was employed to 

What is the current knowledge?
•	 α-Amylase inhibition is a proven therapeutic strategy for 

managing postprandial glucose levels in type 2 diabetes.
•	 Indenoquinoxaline-phenylacrylohydrazide hybrids are 

known scaffolds with potential biological activity against 
metabolic enzymes.

•	 Conventional drug discovery relies on experimental 
screening, which is often time-consuming and resource-
intensive.

•	 Standard docking studies provide initial binding 
insights but often lack dynamic stability and transport 
path data.

What is new here?
•	 A robust 3D-QSAR CoMSIA model (R2 = 0.973) was 

developed to predict potent α-amylase inhibitory activity.
•	 Integration of 100 ns molecular dynamics and MM-

PBSA confirmed the structural stability of the new 
ligand-enzyme complexes.

•	 CaverDock analysis successfully tracked the ligand's 
transport trajectory from the α-amylase active site to 
the protein surface.

•	 Specific ADMET profiling and retrosynthetic pathways 
were established to ensure the synthetic feasibility of the 
lead compounds.

Research Highlights
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explore the relationship between biological activity values 
and CoMSIA descriptors.26-28 Without the use of cross-
validation techniques, the overall relevance of the models 
was assessed using the following statistical metrics: 
standard error of estimate (SEE), F-value (Fischer test), 
and coefficient of determination (R2). This assessment 
was based on the number of components (N) that had the 
highest cross-validation correlation coefficient (Q2).

Model validation 
The following coefficients were used to internally validate 
the model produced by the partial least squares method: 
Q2, R2, ONC, and SEE. These coefficients serve as a gauge 
for the model's internal quality. The coefficients Q2 and R2 
are defined by the following expressions (Eq. (1), Eq. (2)).
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In this work, the accuracy and prediction of the 
3D-QSAR models were assessed using a test set consisting 
of six molecules. The established model is externally 
validated by the coefficients defined by Golbraikh–
Tropsha and Roy (Eq.(3)-Eq.(13)).29

Golbraikh–Tropsha's method
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Roy's method
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Where yi experimental activity, ˆly  calculated activity, y
average of experimental activity, ŷ  average of calculated 
activity, Training = training set, and Test = set of external 
prediction are all included.

The proposed model was validated for its applicability 
domain using William's diagram, which is available 
in Minitab. The applicability domain is essential for 
assessing the uncertainty of a prediction for a specific 
compound, as it indicates the degree of similarity between 
that compound and the molecules used to construct the 
QSAR model. One of the most common methods for 
defining the applicability domain involves calculating the 
leverage value (hi) of each molecule. This method is based 
on the following equations (Eq. (14), Eq. (15)).30,31
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Evaluation of pharmacokinetic properties
To improve the chances of finding new drugs or scientific 
instruments, it is critical to consider the pharmacological 
activity of the compounds and optimize their ADMET 
(Absorption, Distribution, Metabolism, Excretion, and 
Toxicity) properties. ADMET criteria like absorption in 
the human gut, penetration of the central nervous system 
(CNS), and penetration of the blood-brain barrier (BBB) 
could be approached by in-silico analysis. Using easily 
accessible web servers like pkCSM32 and ADMETlab 2.0 
website (https://admetmesh.scbdd.com/), candidate drug 
ADMET and similarity characteristics were assessed. 
Hazardous amounts of compounds, biotransformation, 
and clearance all have an impact on the metabolism of 
pharmaceuticals.

Molecular docking
Molecular docking analysis has become one of the most 
essential and fundamental drug discovery tools as a result 
of its applications in medicine. This method forecasts a 
required ligand's contacts and affinity with the receptor's 
binding site. In this study, Auto-Dock Vina33 was used 
to perform molecular assembly simulations in order to 

https://admetmesh.scbdd.com/
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grasp the basic structural and geometrical requirements, 
analyze the interaction modalities, and comprehend the 
mechanism of interactions. In order to achieve this, we 
extracted the most active molecule (H18) and a number 
of ligands that were designed on the α-amylase enzyme's 
active site (Protein Data Bank [PDB ID: 7TAA]) at a 
resolution of 1.98 Å from the RCSB protein information 
database.34 Using the Discovery Studio program, we 
started by removing all ligands and water molecules from 
protamine. The α-amylase enzyme's active site served as 
the center of a coordinate grid (X = 38.839, Y = 39.756, 
and Z = 30.354) that was used to calculate the anchor 
area utilizing AutoDock tools. Lastly, we examined the 
conformations and prior interactions between the ligands 
and proteins using Discovery Studio software.35

MD simulation protocol
Molecular dynamic simulation of protein-ligand complex
The protein-ligand complex was subjected to an all-
atom MD simulation. The protein-ligand complex was 
prepared for MD simulation using CHARMM-GUI 
Server,36 utilizing the solution builder protocol. The 
protein was protonated at physiological pH, 7.4. The 
ligand was parametrized using CGenFF tools, followed by 
protein parametrization using CHARMM36m force field. 
The system was solvated TIP3P water model in a periodic 
cubic box expanded by 10 Å from the protein. 0.15 M 
counter ions were added to neutralize the system. For the 
simulation of electrostatic and van der Waals interactions, 
the Verlet cutoff technique was used. The bond lengths in 
the system were constrained using the LINCS algorithm. 
The particle mesh Ewald (PME) technique was employed 
to calculate accurate long-range electrostatic forces. The 
system underwent energy minimization using the steepest 
descent (SD) algorithm to relax unfavourable contacts and 
reduce potential energy ( < 1000 kJ mol-1 nm-1), followed by 
a two-standard equilibration phase, NVT ensemble with 
a constant temperature, achieved using a thermostat, and 
NPT ensemble for the second equilibration phase. Both 
temperature and pressure were maintained at constant 
values using a thermostat and barostat, respectively. This 
allowed the system to exchange energy and particles, 
ensuring constant temperature (300 K) and pressure (1 
bar) throughout the simulation and reaching a stable 
state with consistent thermodynamic properties. The MD 
simulation was then run for 100 ns using GROMACS 
software (Version 2024.5).37 Table S2 details the specific 
settings and conditions used for each complex, including 
simulation type, forcefield, solvation, neutralization, 
energy minimization, equilibration, simulation time, 
temperature, and software version.
Trajectory analysis and binding free energy calculation
Following a 100 ns molecular dynamics (MD) simulation, 
trajectory analysis was conducted utilizing the gmx_
energy, gmx_rms, gmx_rmsf, gmx_gyrate and gmx_sasa 
modules to compute total energy, temperature, root-mean-
square deviation (RMSD), root-mean-square fluctuation 
(RMSF), and radius of gyration (Rg) calculation for the 

protein. The calculation of MMPBSA of the protein-
molecule complex was calculated using gmx_MMPBSA 
Ver 1.6.4 developed by Valdés-Tresanco et al.38 It should 
be noted that the reported MM/PBSA binding free energy 
values were calculated without explicit inclusion of 
configurational entropy contributions (-TΔS). Therefore, 
these values should be interpreted as approximate relative 
indicators of ligand binding affinity rather than rigorous 
absolute free energies. Despite this limitation, the MM/
PBSA results remain useful for comparative ranking of the 
studied compounds within the same simulation protocol.39

Ligand transport and biological efficacy
Ligand transport
In this section of the work, the energy needed to move 
the antidiabetic chemotherapy drug Acarbose and its 
candidate drugs L1, L2, L3, and L4 from the surface to the 
active site via the various pathways found in the proteins 
(PDB ID: 7TAA) will be computationally analyzed. 
Furthermore, because it shows how ligands move through 
the protein channels and tunnels that connect the internal 
and external environments, the ligand transport method 
is essential.40,41 It is challenging and sometimes impossible 
to conduct experimental research on such processes.42 
Consequently, a computational method that has been 
validated is needed. The method is based on using the 
CaverDock software to analyze a molecule's movement 
through transport tunnels. The CaverDock computation 
consists of three crucial stages: lower- and upper-bound 
trajectory computation, constraint definition, and tunnel 
discretization.43 These calculations were performed with 
default settings, including a minimum probe radius of 
0.9 Å, a shell depth of 4, a shell radius of 3, a clustering 
threshold of 3.5, a maximum distance of 3, and a desired 
radius of 5, as well as standard discretization and force 
field parameters. A receiver or ID PDB and a MOL2 
or other extension file are required in order to run the 
CaverDock simulation, establish the transport tunnels, 
and examine the molecules.
Biological efficacy
Biological efficacy (BE) is the degree to which an antagonist 
or inhibitor binds to its target and elicits a response.44 BE 
is calculated as the ratio of the drug's affinity for its target 
(Ki) to the IC50, or the concentration needed to block half 
of the functional response (Eq. (16), Eq. (17)).

50

ikBE
IC

=
                                                                   Eq. (16)

aE
RT

ik Ae
−

=                                                                   Eq. (17)

Where T is the temperature in Kelvin, Ea is the activation 
energy, A is the Arrhenius factor, and R is the ideal gas 
constant (R = 8.314 J.mol−1.K−1).

Retrosynthesis of designed ligands
Retrosynthesis is a strategy used in synthetic chemistry 
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to design or redesign reaction pathways for creating 
molecules, often with the help of computational tools. The 
RXN for Chemistry platform (https://rxn.app.accelerate.
science/rxn/home) is one of the prominent databases and 
tools designed to assist in this process.45,46 It allows users 
to analyze and predict synthetic routes, helping us to find 
the optimum pathways for the synthesis of new α-amylase 
enzyme inhibitors.

Results and Discussion
Molecules alignment 
In order to synchronize data gathering and display 
contour maps in the CoMSIA studies and generate a 
dependable 3D-QSAR model, compound H18, which 
exhibited the highest degree of biological activity, was 
employed as a template material. Thirty molecules aligned 
and compound H18's three-dimensional structure are 
shown in Fig. 1.

CoMSIA investigation and model validation 
The CoMSIA model was generated in this study using 
a total of various field combinations. The best model 
CoMSIA_SDHA selected has the following statistical 
parameters: Q2 = 0.541 and R2 = 0.973, a lower value for 
SEE = 0.076 and the number of primary components 
(N = 4). This means that the selected model is valid 
internally. Table S3 shows the external validation of the 
CoMSIA-SDHA model. Consequently, the CoMSIA/
SDHA model has a high degree of independently verified 
predictive quality and a high stability estimate. Using 
the best CoMSIA model, Table 1 and Fig. 2 displays the 
predicted pIC50 values and residuals (differences between 
experimental and predicted values) for the whole data set.

The applicability domain of the resulting 3D-QSAR 

model was defined using the Williams diagram in 
the Minitab program (Fig. S1). In this diagram, the 
compounds from the training set are represented by 

Fig. 1. 30 molecules alignment (a) and common core (b)

Fig. 2. A scatter plot showing the actual and anticipated pIC50 values using the CoMSIA model

Table 1. Observed and estimated activities and residual values obtained 
by CoMSIA-SDHA model

Compound pIC50 (Obs) pIC50 (Pred) Residue

H1* 4.475 4.497 -0.022

H2 4.383 4.393 -0.010

H3 4.287 4.282 0.005

H4 4.348 4.273 0.075

H5 4.308 4.348 -0.040

H6* 4.719 4.665 0.054

H7 4.822 4.788 0.034

H8 4.777 4.786 -0.009

H9* 4.333 4.222 0.111

H10 5.121 5.154 -0.033

H11 4.710 4.717 -0.007

H12 4.716 4.588 0.128

H13 4.727 4.747 -0.020

H14* 4.669 4.757 -0.088

H15 4.365 4.498 -0.133

H16 5.282 5.285 -0.003

H17 5.415 5.33 0.085

H18 5.631 5.646 -0.015

H19 4.256 4.221 0.035

H20 4.266 4.215 0.051

H21 4.375 4.341 0.034

H22 4.248 4.332 -0.084

H23 4.299 4.42 -0.121

H24 4.907 4.849 0.058

H25 4.981 5.018 -0.037

H26 4.689 4.617 0.072

H27* 4.453 4.387 0.066

H28 4.670 4.768 -0.098

H29 4.242 4.211 0.031

H30* 4.615 4.628 -0.013

*Test molecules.

https://rxn.app.accelerate.science/rxn/home
https://rxn.app.accelerate.science/rxn/home
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blue dots, the compounds from the test set are shown 
as green dots, and the predicted molecules are indicated 
by red dots. A molecule is considered to be within the 
model's chemical space, or applicability domain, if its 
leverage score is below the threshold (h < h* = 0.5) and 
its standardized residual score falls within ± 3.0 standard 
deviation units. Therefore, all compounds are included 
within the range of application except H1, which belongs 
to the test set.

Visualization of the CoMSIA-SDHA model
To present the best 3D-QSAR model, we used a CoMSIA/
SDHA contour map with the most active molecule (H18) 
as a reference. Fig. 3 shows the donor and acceptor fields 
for hydrogen bonds, hydrophobic compounds, and steric 
compounds. The yellow contours surrounding the para 
position of the R substituent in the CoMSIA steric field 
suggest that grafting bulky groups there will reduce 
activity. Analogs with a -Cl group at different positions on 
the aryl ring had a negative effect on enzyme inhibition, 
according to further investigation of their structures and 
IC50 values. More precisely, it was found that analog H3, 
which has a para -Cl substitution on the aryl ring, is a 
moderate inhibitor of the enzyme α-amylase. 

Among all the compounds in the series, compounds 
H17 and H18 demonstrated the highest activity. These 
compounds are notable for having 3- and 4-hydroxyl 
substituents on the pendant phenyl ring. Against 
α-amylase enzymes, this compound exhibited the highest 
potency as evidenced by its IC50 values of 3.35 μM, and 
2.34 μM respectively. The activity profile demonstrated 
that higher activity was produced by different substituents 
at different locations on the phenyl ring, including 
groups that donate electrons. The inhibitory activity of a 
compound can be greatly influenced by the location and 
electronic characteristics of substituents. The interaction 
between a compound and its target receptor or enzyme 
can be influenced by the position and electronic 
characteristics of its substituents, which can ultimately 

determine the compound's activity.
In the hydrophobic field of CoMSIA, a yellow 

contour is visible around the R position, indicating that 
hydrophilic character groups in this region could be 
beneficial to increase the activity. In addition, Large red 
contours surrounding the R position in the hydrogen 
bond acceptor field of CoMSIA indicate that molecules 
with hydrogen bond acceptor characteristics can reduce 
inhibitory activity. CoMSIA's hydrogen bond donor field 
shows a large purple outline around the phenyl group R, 
demonstrating that inhibitory activity can be diminished 
by molecules with hydrogen bond acceptor properties.

Design of novel α-amylase inhibitors
The main objective of this study is to create novel 
α-amylase inhibitors by utilizing the CoMSIA model's 
suggestions for the structural properties of compound 
h18 as a model. For this purpose, the active molecule 
H18 was used as a reference for the model compounds 
(ligands L1, L2, and L3) by rationally replacing R on the 
basis of the fragments in the Zinc database. As a result, 
four new Indenoquinoxaline-phenylacrylohydrazide 
hybrid molecules with significant activity compared 
with compound H18 as reference were designed. The 
same technique used for the training and test sets was 
applied to minimize these ligands and align them to the 
database. A 3D-QSAR model was then used to calculate 
the theoretical activity values of these ligands. The 
anticipated pIC50 values, chemical structures, and hi 
values of the newly developed molecules are shown in 
Table 2. Leverage values (hi) were selected as possible drug 
candidates based on the requirement that they be less 
than h* (where h* = 0.50). Additionally, these compounds 
were more active against the α-amylase enzyme than the 
H18 molecule, as the most active in the series studied, and 
the standard drug, acarbose.

Evaluation of pharmacokinetic properties
To more accurately assess drug similarity, it is essential 

Fig. 3. The best CoMSIA model's contour map utilizing compound H18 as a reference molecule.
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to utilize the online tools pkCSM and ADMETlab 
2.0, which incorporate Lipinski's rule of five and 
synthesis accessibility (SA). Table S4 summarizes the 
physicochemical properties and synthetic accessibility 
of the inhibitors designed against the α-amylase enzyme. 
Consequently, most of the suggested ligands satisfy 
Lipinski's rule; however, ligand L3 does not since its 
molecular weight is greater than 500 Da (507.462), which 
may have an adverse effect on its oral bioavailability. 
Acarbose, on the other hand, exhibits poor adherence to 

Lipinski's rule due to its much higher molecular weight 
(645.608), elevated Log P (-8.721), excessive rotatable 
bonds (13), and a large number of hydrogen bond donors 
(14) and acceptors (19). Furthermore, these molecules 
are relatively easy to synthesize (SA scores ranging from 
2.871 to 3.113), which is much better than acarbose 
(SA = 5.756), indicating that the designed ligands would 
be more feasible to produce.

Toxicological and pharmacokinetic characteristics were 
assessed applying ADMET investigation. In Table 3, the 

Table 2. Structures of developed compounds, their calculated activity, and their leverage (hi)

Compound Structure pIC50 h* hi Comment

L1 7.062 0.5 0.211 Inside

L2 5.755 0.5 0.285 Inside

L3 6.409 0.5 0.289 Inside

L4 6.900 0.5 0.358 Inside

Acarbose Standard Drug 4.834 - - -

Table 3. ADMET identification of new inhibitors in the data set along with the template (H18) and acarbose

ADME properties
Ligands

H18 L1 L2 L3 L4 Acarbose

Intestinal absorption (% Absorbed) 96.482 77.783 78.354 56.265 65.224 1.000

VDss (Log L/kg) -0.522 -0.944 -0.892 -1.171 -0.882 -0.833

BBB (Log BB) -0.198 -1.512 -1.385 -1.479 -1.523 -1.841

CNS (Log PS) -1.946 -3.226 -3.096 -3.351 -3.502 -6.183

2D6 Substrate No No No No No No

3A4 Substrate Yes Yes Yes No Yes No

1A2 Inhibitor Yes No  No No No No

2C19 Inhibitor Yes No  Yes  No No No

2C9 Inhibitor Yes No  Yes  No No No

2D6 Inhibitor No No No No Yes No

3A4 Inhibitor Yes Yes Yes No No No

Total clearance (Log (ml/min/kg)) 0.710 0.405 0.641 0.311 0.407 0.619

AMES toxicity No No No No No No
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findings are summarized. The absorption capacity of 
a drug determines the extent of its bioavailability and 
biological effects. Based on human intestinal absorption 
(HIA) values (HIA > 30%), the designed products are 
extensively absorbed (ranging from 56.265% for L3 to 
78.354% for L2), although less than H18 (96.482%). In 
stark contrast, acarbose shows 1% intestinal absorption, 
highlighting a major advantage of the newly designed 
ligands over this standard drug. 

Additionally, the inhibitory or substrate activity of 
cytochrome P450 enzymes provided further insight into 
the metabolic behavior of the compounds studied. These 
enzymes play a crucial role in the oxidation of xenobiotics, 
including drugs, and are vital for their subsequent 
elimination from the body. With the exception of ligand 
L3, all other ligands were found to be 3A4 substrates, but 
none was found to be a 2D6 substrate. Acarbose is neither 
a 2D6 nor a 3A4 substrate. Furthermore, the results of 
inhibition studies indicate that ligand H18 inhibits 1A2, 
2C19, 2C9, and 3A4; ligands L1 and L2 inhibit 3A4; and 
ligand L4 inhibits only 2D6. In contrast, acarbose does not 
inhibit any of these cytochrome P450 enzymes, suggesting 
a cleaner metabolic profile with potentially fewer drug-
drug interactions. 

When Log BB < -1, compounds are poorly distributed 
in the brain; when Log BB > 0.3, they can cross the blood-
brain barrier (BBB). As a result, the blood-brain barrier 
cannot be crossed by the developed ligands (L1-L4), as 
all exhibit Log BB values below -1 (ranging from -1.385 
to -1.523). Similarly, acarbose also shows poor BBB 
penetration (Log BB = -1.841). Additionally, chemicals 
with Log PS > - 2 are expected to infiltrate the CNS, while 
compounds with Log PS < - 3 have difficulty moving into 
the CNS, meaning that designed compounds cannot 
penetrate the CNS.47,48 Acarbose also shows minimal CNS 
penetration (Log PS = -6.183), which is even lower than 
the designed ligands. 

Drug clearance refers to the rate at which a compound 
is eliminated from the body relative to its concentration 
in the system. As shown in Table 3, none of the newly 

designed ligands exhibit issues related to drug persistence. 
Furthermore, toxicity assessments, including AMES 
toxicity tests, indicate that the predicted compounds are 
non-toxic.

Molecular docking 
Molecular docking was used to investigate potential 
binding mechanisms between the proposed ligands and 
the receptor in order to comprehend the 3D-QSAR 
analysis supplied by the CoMSIA models. The first step 
was to use the Discovery Studio software to visualize the 
active site in order to clarify the interactions between the 
original ligand (Acarbose) and the enzyme that is targets, 
as illustrated in Fig. 4. It was discovered that the target 
protein's predicted active site (PDB ID: 7TAA) contains 
a number of crucial amino acids, including Gln 35, Trp 
83, His 122, Asp 206, Asp 297, Asp 340, and Arg 344, 
which are crucial for the molecular docking assessment.49 
In addition, the precision of the docking method was 
confirmed by the RMSD of the two ligands' superimposed 
structures, which was 0.509 Å that is less than 2 Å.

With regard to stability, the newly identified molecules 
(L1, L2, L3, and L4) had binding energies of -13.2, -10.2, 
14.5, and -14.0 kcal/mol, respectively, which were lower 
than molecule H 18's (-9.4 kcal/mol). This finding 
implies that the stability increases in pIC50 values shown 
by these molecules in comparison to the H18 molecule 
may be due in part to the stability of the ligand-amylase 
complex with low energy. Table S5 provides an overview 
of the residual interactions and binding affinity of the four 
designed ligands, using compound H18 as the template 
for comparison. 

Fig. 5 and Fig. S2 illustrate the different interactions (2D 
and 3D) between the target protein α-amylase (7TAA) and 
the model molecule H18, as well as the ligands designed 
(L1-L4). The most active molecule (H18) in the studied 
database has a binding affinity (-9.4 kcal/mol). This 
molecule interacts with the active site of the α-amylase 
protein with several interactions: two conventional 
hydrogen bonds (His 210, and Arg 344), five hydrophobic 

Fig. 4. 2D and 3D interactions between Acarbose-7TAA and the superposition of the redocked ligand (yellow) and the original ligand (red)
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bonds (Trp 83, Val 171, Leu 173, and Leu 232), and three 
electrostatic interactions withs the amino acids: Glu 230, 
Asp 297, and Asp 340. 

The most active designed ligand (L1; pIC50 = 7.062) 
binds to the active site via conventional interactions 
such as His 122, Asp 206, and Asp 297. It also makes 
electrostatic interactions with residues Asp 168, Asp 297, 
Asp 340 and a hydrophobics interactions with amino 
acid Tyr 75. Furthermore, the precise kind and quantity 
of interactions formed with the amylase active site may 
be connected to the strong anti-diabetic effects of these 
molecules. Indeed, there are notable conventional 
hydrogen bond, hydrophobic, and electrostatic 
interactions between the most active ligands (L1, L2, L3, 
and L4) and the therapeutic target being studied. These 
findings are entirely consistent with earlier research, such 
as 3D-QSAR and molecular docking evaluations that 
compare the most active compound in the series under 
study, which serve as the experimental data set for this 
study.

MD simulation 
Temperature and total energy
The protein-ligand complex underwent a constant 
temperature of 300 K and total energy of over 100 ns of MD 
simulation (Table S6 and Fig. S3). The MD simulations 
for both L1, H18 and acarbose demonstrate excellent 

thermodynamic stability, with consistent temperatures 
and stable total energies over the 100 ns simulation period. 
These results validate the reliability of the simulations and 
suggest that the systems are well-equilibrated.
Molecular dynamics analysis of structural stability and 
flexibility
RMSD, RMSF, Rg and SASA are critical metrics for 
assessing protein stability during MD simulations. RMSD 
provides insight into the overall structural stability of 
protein-ligand complexes, indicating global fluctuations 
over time.50 Upon 100 ns MD simulation, both complexes, 
L1 and H18, stabilize within the first 40 ns. However, 
the protein destabilizes with a minimal spike observed 
after 50 ns upon binding with H18. In contrast, the L1 
complex exhibits protein destabilization after 60 ns and 
restabilizes after 80 ns as shown in Fig. 6. Conversely, the 
L1 complex demonstrates greater stability throughout the 
simulation, with RMSD values staying close to 0.2 nm 
and exhibiting only slight variations. In comparison to 
the standard pharmaceutical agent acarbose, the designed 
ligands exhibit enhanced stability. The acarbose complex 
demonstrates a gradual increase in RMSD, reaching 
0.5-0.6 nm at approximately 70 ns, before partially 
restabilizing at around 0.3-0.4 nm. This observation 
suggests that L1 and H18 form more stable complexes 
with the protein than acarbose (Table S7).

RMSF on the other hand, complements this by 

Fig. 5. 2D and 3D interactions of Ligand H18 and predicted compound (L1) with α-amylase.
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measuring the flexibility of specific residues, thereby 
highlighting regions of dynamic behavior within the 
protein.51 Both the L1 and H18 complexes demonstrated 
protein flexibility at residues 150- 160, with the H18 
complex showing the highest RMSF value of 0.6 nm, 
while the L1 complex had an RMSF of 0.45 nm (Fig. 6). 
In addition, the acarbose complex exhibits a distinct 
flexibility pattern compared to the L1 and H18 complexes, 
characterized by moderate peaks across different residues 
and a maximum RMSF of about 0.2 to 0.25 nm. This 
can be attributed to the extensive network of hydrogen 
bonds formed with the active site residues, which impose 
stress on various protein parts, resulting in generalized 
moderate fluctuations rather than localized movements 
of high intensity. 

The radius of gyration is particularly useful in assessing 
the overall folding and compactness of proteins. A decrease 
in Rg during an MD simulation typically indicates that 
the protein is folding into a more compact structure, 
which is often associated with increased stability.52 The 
binding of the protein with L1 and H18 leads to a decrease 
in protein compactness, as evidenced by the increase in 
the Rg value throughout the 100 ns MD simulation. 
This suggests potential conformational changes in the 
protein when bound to L1 and H18. In contrast, for the 
acarbose complex, the Rg values remained remarkably 
constant around 3.94 nm throughout the simulation. 
This indicates that acarbose keeps the protein in a very 
compact and stable conformation without significant 
structural rearrangements. 

SASA, on the other hand, provides insights into the 
protein's interaction with its environment and can 
indicate changes in protein stability. A decrease in SASA 
during MD simulations suggests that the protein is 
adopting a more folded and stable conformation, as less 
surface area is exposed to the solvent.53 Similar to the Rg 
graph, the SASA of the protein when bound to L1 and 
H18 exhibits a similar behavior, showing an increase in 
the SASA value (Fig. S4). This suggests that the protein 
may undergo unfolding, allowing more water to access 
the exposed surface area of the protein. In contrast to the 
designed ligands, the acarbose complex exhibits moderate 
SASA fluctuations (175-190 nm²) with a slight upward 
trend, indicating better structural integrity and reduced 
protein unfolding.
Protein-ligand distance, hydrogen bond and binding free 
energy 
Protein-ligand distance, hydrogen bonding, and the 
molecular mechanics Poisson-Boltzmann surface area 
(MM/PBSA) method provide insights into the binding 
characteristics of ligands to their target proteins. Protein-
ligand distance is a fundamental parameter that reflects 
the proximity of the ligand to the active site of the protein. 
A shorter distance between the ligand and specific residues 
often correlates with stronger binding interactions. 
Besides maintaining distance of less than 3.5 Å between 
hydrogen bond donors and acceptors is indicative of 
significant interactions, which are crucial for the stability 
of the protein-ligand complex.54 Overall, both ligands, L1 
and H18, bind tightly to the protein, with less than 0.35 

Fig. 6. RMSD and RMSF of studied complexes
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nm, which is below the maximum distance required for 
hydrogen bond formation.

Hydrogen bonds play a pivotal role in stabilizing 
protein-ligand complexes. The occupancy of hydrogen 
bonds throughout MD simulations can be indicative of 
the binding strength; a higher occupancy suggests a more 
stable interaction.54 Hydrogen bond analysis indicates 
that L1 binds more stably to the protein compared 
to H18, due to a higher number of hydrogen bonds 
formed throughout the 100 ns MD simulation (Fig. S5). 
The acarbose complex initially forms a large number of 
hydrogen bonds during the first 30 ns, then stabilizes at 
5–7 bonds, which is attributed to its polyhydroxylated 
structure. In contrast, the L1 ligand, although smaller, 
establishes a stable network of hydrogen bonds (4 to 
6 bonds) during the 30 to 100 ns phase, with no initial 
fluctuations. This consistent binding for L1 matches 
RMSD and Rg data, indicating its robustness and stability, 
making it comparable to acarbose and significantly better 
than the H18 model.

The gmx_MMPBSA tool is a computational method 
used for estimating the binding free energy of protein-
ligand complexes within the GROMACS molecular 
dynamics simulation framework. This tool employs the 
MM/PBSA methodology, which integrates molecular 
mechanics with continuum solvation models to provide 
estimates of binding affinities. The MM/PBSA approach 
calculates the free energy of binding by considering the 
energy contributions from both the ligand and the protein, 
effectively bridging the gap between molecular dynamics 
simulations and thermodynamic calculations.38 During 
the 100 ns MD simulation, H18 bound more strongly to 
the protein compared to L1, exhibiting a higher binding 
affinity with binding free energies of -21.45 and -15.45 
kcal/mol, respectively (Table 4 and Fig. S6). The traditional 
drug acarbose showed the lowest binding affinity among 
all the compounds tested, with a total binding free energy 
of only -6.953 kcal/mol. This lower affinity is due to its 
electrostatic (-4.79 kcal/mol) and van der Waals (-9.32 
kcal/mol) contributions, which are much lower than those 
of the selected ligands. Overall, these results confirm the 
potential of the suggested ligands (L1 and H18) as effective 
inhibitors, as they exhibit a much higher binding affinity 

for the enzyme α-amylase than acarbose.
Analysis of predicted tunnels and biological efficacy
The structural details of the tunnels
This study analyzes predicted molecular tunnels within a 
protein receptor called 7TAA, focusing on their structural 
characteristics and biological efficacy in relation to 
ligand transport and inhibition. Three distinct tunnels 
are identified and characterized based on geometric and 
energetic parameters, which influence the passage of 
designed ligands (L1-L4) and the reference drug acarbose. 
Tunnel 1 and Tunnel 2 exhibit the largest bottleneck 
radius at 3.70 Å, indicating a relatively wide entrance that 
may facilitate easier ligand entry compared to Tunnel 3 
which has a narrower bottleneck of 3.00 Å. The distance 
from the tunnel entrance to the protein surface is shortest 
for Tunnel 1 at 3.60 Å and longest for Tunnel 2 and 
Tunnel 3 both exceeding 4.90 Å, suggesting that Tunnel 1 
may allow more direct access to the active site (Table S8).

Fig. 7 visually represents the three predicted tunnels 
with Tunnel 1 in blue Tunnel 2 in green and Tunnel 3 in 
red providing a spatial context for their location within 
the receptor structure. Fig. S7 plots the radius of each 
tunnel along its length revealing regions of constriction 
particularly in Tunnel 3 where the bottleneck is clearly 
evident. This graphical representation supports the 
numerical data indicating that Tunnel 3 may pose greater 
steric hindrance to ligand diffusion.

Table S9 details the energetic landscapes of the ligands 
as they pass through the different tunnels. The parameters 
of interest for determining the viability and kinetics of 
ligand passage are the binding energy Emax and Ea the 
activation energy. L1 for example demonstrates favorable 
Emax for all tunnels with the lowest value of -7.3 kcal/mol 
in Tunnel 3 demonstrating strong binding. Moreover, 
Ea is very low at 0.1 kcal/mol in Tunnel 1 suggesting a 
very low energy barrier for entry. L3 also shows strong 
binding in Tunnel 1 but with a very high Ea of 2.6 kcal/
mol which may slow its transport despite strong binding. 
The reference inhibitor, acarbose, has the most favorable 
Emax of -8.4 kcal/mol in Tunnel 1 which indicates the best 
binding of all ligands, but then Ea increases significantly in 
Tunnel 2 and Tunnel 3 where it is 5.1 kcal/mol which may 
obstruct access through these pathways. Acarbose and the 

Table 4. Energetic Components of Protein-Ligand Complexes (L1 and H18)

Complex
kcal/mol

VDWAALS EEL EPB ENPOLAR GGAS GSOLV Total

L1 Complex

Average -39.66 -25.64 54.16 -4.3 -65.31 49.86 -15.45

SD 3.15 12.42 8.6 0.1 10.87 8.59 6.09

SEM 0.22 0.88 0.61 0.01 0.77 0.61 0.43

H18 complex

Average -33.26 -8.89 24.06 -3.36 -42.15 20.7 -21.45

SD 4.04 6.17 6.07 0.36 7.27 5.88 4.21

SEM 0.28 0.44 0.43 0.03 0.51 0.41 0.3

Acarbose 
complex

Average -9.32 -4.79 8.48 -1.31 -14.12 7.17 -6.95

SD 0.65 1.00 0.96 0.07 1.20 0.94 0.61

SEM 0.09 0.13 0.13 0.01 0.16 0.12 0.08



Naanaai et al

BioImpacts. 2026;16:3290012

developed inhibitors' activation energies in each of the 
three tunnels are contrasted in Fig. S8, which shows that 
Tunnel 1 always provides the lowest energy barrier for the 
majority of ligands. This implies that the most kinetically 
advantageous path for ligand entry is Tunnel 1. 
Biological efficacy
The analysis of the activation energies shows that tunnel 
1 consistently has the lowest energy barrier. This makes 
it the most favorable path for ligand entry. Evaluating 
the data using Ea, Ki, IC50, and BE supports this finding 
(Table S10). L1 and L2 ligands perform best in tunnel 1, 
with very low Ea values and high BE values. However, 
their effectiveness decreases in tunnels 2 and 3. L4 also 
shows significant biological efficacy in the three tunnels. 
In contrast, L3 has limited effectiveness in tunnel 1 due 
to high Ea, but it performs best in tunnel 3, where Ea is 
low and BE is high, making this tunnel its preferred route. 
Compared to engineered ligands, acarbose has lower 
inhibition potential. It shows higher Ea values, higher 
IC50, and lower BE values in all tunnels. Although it binds 
strongly, its ability to inhibit is reduced by kinetic barriers, 
particularly in longer or more curved tunnels. 

Overall, the results suggest that tunnel 1 is the best 
transport path for most ligands. This is due to its short 
length, wide bottleneck, and low curvature. Tunnel 3 may 
be ideal for specific compounds like L3. The findings also 
demonstrate that the geometric features of the tunnels 
and the activation energy affect transport efficiency and 
inhibition. Biological activity comes from a combination 
of these factors. Notably, the designed ligands, especially 
L1, outperform acarbose in biological effectiveness across 
all tunnels. This emphasizes their potential as more 
effective antidiabetic agents and highlights the importance 
of tunnel dynamics in drug design. 
(Tunnel 1:

( 1) ( 1) ( 1) ( 1)23.85; 259.84; 7.36; 1926.92
( 2) ( 3) ( 4) ( )

BE L BE L BE L BE L
BE L BE L BE L BE Acarb

= = = =

Tunnel 2:
( 1) ( 1) ( 1) ( 1) ( 1)20.28; 4.50; 2.78; . 21972.96
( 2) ( 3) ( 4) ( ) ( )

BE L BE L BE L BE L BE L
BE L BE L BE L BE Acarb BE Acarb

= = = =

Tunnel 3:
( 1) ( 1) ( 1) ( 1)3.85; 1.70; 3.84; 213032.36)
( 2) ( 3) ( 4) ( )

BE L BE L BE L BE L
BE L BE L BE L BE Acarb

= = = =

Ligand design retrosynthesis
The study describes the RXN for Chemistry platform 
(https://rxn.app.accelerate.science/rxn/home), which 
uses artificial intelligence to predict synthetic pathways. 
This tool helped design a practical route for the 
candidate drug L1 by breaking down the target molecule 
into accessible and affordable precursors. Among the 
proposed pathways, researchers chose the one with 
the highest computational score, which involves four 
steps backed by literature (Fig. 8). In the first step, a 
substituted benzaldehyde and an active methylene 
compound undergo Knoevenagel condensation to begin 
synthesis. To obtain the α, β-unsaturated system needed 
for the final scaffold, this reaction is usually carried out in 
ethanol under reflux (or at room temperature for highly 
reactive substrates) using a soft base such as piperidine or 
ammonium acetate. 

The second step is a nucleophilic substitution (SN2), in 
which a cyano group replaces the chloro substituent. By 
adding sodium or potassium cyanide (NaCN or KCN) to 
the reaction mixture in an aprotic polar solvent (such as 
DMF or DMSO) at a moderate temperature (50–80°C), 
the cyano-acetamide derivative can be formed more 
easily.

The third step is a formylation that introduces a formyl 
group (–CHO) on the aromatic ring. This is specifically 

Fig. 7. Generated tunnels 1 (blue), 2 (green) and 3 (red)

https://rxn.app.accelerate.science/rxn/home
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the Duff reaction, which uses hexamethylenetetramine 
(HMTA) in an acidic medium (trifluoroacetic acid) 
to perform an ortho-selective aromatic electrophilic 
substitution on a phenol. This step creates a responsive 
site that is essential for future changes. The final step 
shows the formation of a hydrazone by condensation 
between a hydrazine derivative (chlorinated hydrazide) 
and a polycyclic ketone. The mechanism involves the 
nucleophilic attack of hydrazine on the carbonyl group 
of the ketone, followed by water removal to form the 
characteristic C = N bond of hydrazone. This synthetic 
route not only allows laboratory preparation of L1 but also 
sets the stage for structural improvement. By changing 
reaction conditions or different substituents, researchers 
can make analogs with better potency, solubility, stability, 
or selectivity, making it easier to evaluate them in 
biological studies. Combining AI-driven retrosynthesis 
with reliable organic transformations offers a clear and 
scalable approach for developing new antidiabetic agents.

Conclusion
In this study, virtual simulation techniques including 
3D-QSAR modeling, ADMET profiling, molecular 
docking molecular dynamics, biological efficacy and 
retrosynthesis were employed to investigate a series 
of Indenoquinoxaline-phenylacrylohydrazide hybrids 
as potential α-amylase inhibitors. By incorporating 
descriptors such as steric effects, hydrogen bond donor/
acceptor properties, and hydrophobic domains, the partial 
least squares (PLS) method combined with CoMSIA 
yielded robust statistical performance, demonstrating 

strong correlation and predictive capacity (Q² = 0.541, 
R² = 0.973, SEE = 0.076). The pharmacokinetic behavior 
of designed compounds was further evaluated using 
ADMET analyses. Molecular docking studies elucidated 
the binding interactions between these ligands and the 
active site of the α-amylase enzyme, identifying key 
residues namely Gln35, Trp83, His122, Asp206, Asp297, 
Asp340, and Arg344 as critical contributors to ligand 
affinity and potential inhibitory activity. Furthermore, 
MD simulations over 100 nanoseconds revealed that the 
optimized ligand L1 exhibited enhanced binding stability, 
supported by a greater number of hydrogen bonds 
and a notable binding free energy of −15.45 kcal/mol. 
Analysis of ligand diffusion pathways within the receptor 
provided insights into potential release mechanisms and 
the relative bioactivity of each candidate. Retrosynthetic 
analysis further proposed viable synthetic routes for 
L1, highlighting its potential as a lead compound in the 
development of potent α-amylase inhibitors. Collectively, 
these findings underscore the promising therapeutic 
relevance of L1, offering a compelling foundation for 
future drug discovery efforts targeting diabetes mellitus.
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