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Abstract: Background: Diabetes mellitus is a global chronic metabolic disorder characterized by elevated blood glucose 
levels, primarily due to impaired insulin activity or secretion. α-amylase, a key enzyme in carbohydrate digestion, is a 
validated molecular target for controlling postprandial hyperglycemia in type 2 diabetes. Objectives: This study aimed to 
identify potential α-amylase inhibitors from phytochemicals derived from Bauhinia forficata, Citrus spp. and Echinops 

ritro using an in-silico approach. Methods: A total of 55 phytochemicals were virtually screened against human pancreatic 
α-amylase (PDB ID: 3BAJ) using molecular docking via Schrödinger Maestro (version 12.5). The top-ranked ligands were 
further assessed for pharmacokinetic and toxicity profiles using SwissADME, ProTox-II and StopTox platforms. Electronic 
reactivity was evaluated using Density Functional Theory (DFT) with Gaussian 09. Results: Among the screened 
compounds, kaempferitrin (-10.3 kcal/mol), Rutin (-10.1 kcal/mol), Naringin (-9.7 kcal/mol) and Hyperoside (-9.6 
kcal/mol) demonstrated strong binding affinities, favorable pharmacokinetic properties and compliance with drug-likeness 
criteria. DFT analysis supported their chemical reactivity and stability, indicating potential for biological activity. 
Conclusion: The results suggest that these phytochemicals could serve as promising lead molecules for the development 
of plant-based antidiabetic drugs targeting α-amylase. However, further experimental validation and mechanistic studies 
are recommended to confirm these findings. 
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INTRODUCTION 
 

The most prevalent hormonal disease is diabetes mellitus 
(DM). It is characterized by inadequate or insufficient 
insulin production by the pancreas, resulting in fluctuations 
in blood glucose levels. Diabetes mellitus is classified into 
two categories: Type II non-insulin-dependent diabetes 
mellitus (NIDDM) and Type I insulin-dependent diabetes 
mellitus (IDDM) (Kumar et al., 2020). Type I diabetes is 
an autoimmune disease characterized by an inflammatory 
response centered in and around the islets of Langerhans. 
The characteristics of type II diabetes include diminished 
insulin production and peripheral insulin resistance (Tomic 
et al., 2022). International Diabetes Federation (IDF) Atlas 
10th Survey states that each year, 4 million individuals die 
from diabetes. 537 million people, or one in ten, are 
affected by diabetes (20-79 years old). This number is 
projected to rise to 643 million by 2030 and 783 million by 
2045. One death every five seconds, or 6.7 million deaths, 
will be attributable to diabetes in 2021. Diabetes has caused 

health costs to increase by at least USD 966 billion, or 
316%, during the preceding 15 years (Wang et al., 2022). 
The primary objectives of diabetes medications are life 
preservation and symptom relief; secondary objectives 
include averting long-term consequences and extending 
life expectancy by reducing risk factors (Classification and 
Diabetes, 2020). Insulin replacement treatment is critical 
for IDDM and dietary and lifestyle modifications are 
critical for NIDDM management. Biguanides (e.g., 
metformin) and sulfonylureas (e.g., glibenclamide) are 
among the most commonly used hypoglycemic agents in 
NIDDM treatment. However, these medications are 
associated with several adverse effects. For instance, 
metformin can cause gastrointestinal discomfort, lactic 
acidosis (in rare cases) and vitamin B12 deficiency with 
prolonged use (Mehrpour et al., 2022). 
 
Historically, plant-based medications have been a 
consistent source. Well-studied examples include 
Gymnema sylvestre, known for regenerating pancreatic 
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beta cells; Momordica charantia (bitter melon), which 
exhibits insulin-like activity; Trigonella foenum-graecum 
(fenugreek), which enhances glucose tolerance; and Ficus 
bengalensis, reported to have significant hypoglycemic 
effects. There is a wealth of evidence supporting the 
therapeutic use of medicinal plants in the traditional 
medical systems of many cultures. Many plants have been 
utilized without a clear understanding of their correct 
ingredients or activities as dietary adjuvants for a variety 
of disorders (Alqahtani et al., 2022). The increasing cost 
and side effects of synthetic hypoglycemic agents might be 
the reason for this approach. Even though a number of 
manufactured drugs have been developed for the therapy 
of type 2 diabetes, the standard for effective and safe 
treatment has not yet been established. Traditional plant 
remedies for diabetes have been suggested for 
investigation by the WHO because they are thought to be 
ideal candidates for oral medication, efficacious, non-toxic 
and have few or no adverse effects (Alam, 2021). Many 
plant species have been validated scientifically, 
demonstrating the effectiveness of botanicals in lowering 
blood sugar levels. As a result of publications on their 
possible efficacy in treating diabetes, it is believed that 
phytochemicals play a significant role in the treatment of 
the disease. However, further research is required to meet 
the need for naturally occurring medications and 
nutraceuticals. 
 

Echinops ritro is a plant found mostly in Xinjiang, China, 
and is a species of the Echinops genus within the 
Compositae family. Echinops grijsii is replaced by it in 
traditional Uyghur medicine (Earles, 1973). Several 
bioactive substances found in the plant, including 
thiophenes, sesquiterpenes, alkaloids and flavonoids, have 
anti-fungal, anti-viral and anti-tumor properties, 
respectively (Zeng et al., 2011). There has been little study 
done recently on the entire plant, despite the fact that its 
root has been extensively researched (Li et al., 2019). The 
enzyme found in the small intestine that converts big 
carbohydrates into simple sugar is α-amylase. Blood 
glucose levels can be regulated by targeting this specific 
enzyme (Kaur et al., 2021). An essential computational 
technique in computer-aided drug design, especially for 
diabetes mellitus, is structure-based virtual screening 
(Chandershekar et al., 2020). Drug development is 
accelerated by the ability to identify potentially active 
molecules. Enzyme α-amylase is responsible for breaking 
down big carbs into smaller sugars; therefore, finding the 
right ligands for it is one way that molecular docking-based 
virtual screening helps manage diabetes mellitus (Tiwari et 

al., 2015). 
 

MATERIALS AND METHODS 
 

Protein retrieval and preparation (protein model 

preparation) 
Target proteins α-amylase (PDB ID: 3BAJ) (Halim et al., 
2024) were procured from the Protein Data Bank (PDB) 

database, accessible at (RCSB Protein Data Bank, 2026) 
and maintained by the Research Collaboratory for 
Structural Bioinformatics (RCSB) (Berman et al., 2000). 
The PDB ID was taken into consideration because of its 
superior structural quality as indicated by its percentile 
scores in global validation metrics, lower resolution (2.10 
Å) and X-ray crystallographic structure. Schrodinger 
Maestro (version 12.5) was used to preprocess the protein 
structures (Rahman et al., 2022). The preprocessed 
proteins were then verified, optimized and energy-
minimized in the OPLS3e force field utilizing the 
Schrodinger Maestro software (version 12.5) (Kumar et al., 
2022). 
 

Ligand extraction and preparation (library preparation) 
An Overall 55 phytochemical bioactive substances, 
including rutin (Mc-55), Kaempferitrin (Mc-34), naringin 
(Mc-32) and Hyperoside (Mc-56), were chosen as ligands 
(Balabanova et al., 2023). These compounds were claimed 
to be derived from the plant Bauhinia forficata. The 
selected compounds were not experimentally extracted in 
this study. Instead, they were chosen based on literature 
reports of their occurrence in Bauhinia forficata, Citrus 

spp. and Echinops ritro. Drawings of the structure were 
made using SMILES from the PubChem database 
(PubChem, 2026). ChemDraw Professional 16.0 was used 
to draw the 2D structure. Chem-3D 16.0 was used to sketch 
the three-dimensional structures of these compounds. 
BIOVIA, or Discovery Studio Visualizer, was utilized to 
create the SDF file (Chakrabarti, 2023). The Schrodinger 
Maestro program (version 12.5), which uses OPLS3e as the 
default force field in LigPrep, was used to prepare the 
ligand structures. 
 

Molecular docking 

Schrodinger Maestro software (version 12.5) was used for 
molecular docking (Kalirajan et al., 2017) to investigate all 
possible orientations, conformations and binding affinities 
for the ligands with the α-amylase active site. The ligands 
were prepared in a suitable format for docking in 
Schrödinger Maestro (version 12.5) by converting them to 
SDF format using BIOVIA Discovery Studio Client 2021. 
The docking was performed using the previous protocol 
(Catania, 2023). The lead molecule was chosen based on 
the conformation that had the highest docking score (in 
kcal/mol). The top ten ligands were selected on the basis of 
scoring and then subjected to structural interaction 
fingerprinting (SIFt) analysis. 
 

Structural interaction fingerprinting (SIFt) analysis 
SIFt is a cutting-edge method for simulating and evaluating 
three-dimensional interactions between ligands and 
proteins. A binary digit interaction fingerprint is produced 
by the SIFt method, which translates the three-dimensional 
structural binding properties of a ligand-protein complex. 
Every fingerprint represents the "structural interaction 
pattern" of the complex, making it easier to arrange, 
examine and display large amounts of data inside ligand-
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receptor complexes, which in turn makes database mining 
more effective (Mittal et al., 2021). 
 
Pharmacokinetic parameters  
Furthermore, the SwissADME (SwissADME, 2026)  
(Shakoor et al., 2024) tool was employed to forecast the 
pharmacokinetic characteristics (including absorption, 
distribution, metabolism, excretion, and toxicity -
ADMET) of recently created compounds. This was done in 
order to assess the synthetic accessibility of the 
compounds. Toxicological analysis was conducted using 
two distinct servers, ProToxII (Shakoor et al., 2024) and 
StopTox (Borba et al., 2022). Drug target class and 
prediction of structurally related analogs (the prospective 
macromolecular targets of the best-selected candidates) 
were predicted using the Swiss Target Prediction service 
(Silva et al., 2021). 
 
DFT studies (MESP/HOMO/LUMO analysis) 

The conformational changes of four ligands (Mc -34, Mc -
55, Mc -32, and Mc -56) of their co-crystallographic 
complexes with the 3BAJ structure were explored using the 
molecular electrostatic potential (MESP) approach using 
Gaussian, as per the previously reported protocol (Catania, 
2023). Different electrostatic potential values were shown 
by these color differences at the molecule's surface. The 
areas (Fig. 1A) with a moderate reactivity range are colored 
in cyan, yellow and green intermediate tones. 
 
RESULTS  

 
Screening of phytochemicals via molecular docking 

The results of this investigation showed that all 67 
phytochemicals exhibited effective docking, with binding 
affinities ranging from -10.3 to -1.20 kcal/mol. Upon 
docking with α-amylase, the control Acarbose yielded a 
score of -13.3 kcal/mol (Table 1). Out of the 
phytochemicals tested, 59 (88%) had poor scores compared 
to the control Acarbose and only 8 (12%) were approved 
with a docking score better than - 9.5 kcal/mol, roughly. 
Among the recognized phytochemicals, Kaempferitrin (- 
10.3 kcal/mol) and rutin (-10.1 kcal/mol) had the highest 
binding affinity. The remaining eight recognized 
phytochemicals had binding affinities ranging from -9.6 to 
-9.1 kcal/mol. Yet, the 59 phytochemicals that were 
removed had binding affinities that ranged from -8.9 to -
1.2 kcal/mol. Lupanine had the lowest binding affinity, 
measured -1.2 kcal/mol, as shown in table 1 and figs. 1B 
and 1C. Four final phytochemicals, such as Kaempferitrin 
(-10.3kcal/mol), rutin (- 10.1 kcal/mol), naringin (- 9.60 
kcal/mol) and hyperoside (9.6kcal/mol), were processed 
through DFT and ADMET analysis based on high docking 
score. 
 
Molecular docking analysis 

A method for simulating interactions between tiny 
molecules and macromolecular targets is called "molecular 

docking." The (3BAJ) α-amylase is crucial for managing 
diabetes mellitus and blocking its function efficiently 
lowers blood glucose levels and wards off the disease.  The 
preparation and validation of human pancreatic α-amylase 
(HPA) were done prior to molecular docking. With 
Discovery Studio Visualizer, the validity of the active site 
was verified. The catalytic region's identity as the ligand-
binding region was confirmed by the presence of the 
TRP58, TRP59, TYR62, GLN63, ARG195, LYS200, 
GLU233, ILE235, GLU240, HIE299 and ASP300 residues 
in this region (Fig. 1A). Additionally, by re-docking the 
corresponding ligand, the target-an RMSD of less than 2 Å 
was verified (Fig. 1D). The RMSD computation and 
cognate ligand re-docking therefore corroborate the 
viability of the target protein for further analysis. 
 
Significant findings were obtained from the analysis of 
molecular interactions between the target protein and the 
phyto ligands after visualization using BIOVIA Discovery 
Studio Visualizer. Every phytochemical exhibited both 
hydrophobic interactions and standard hydrogen bonding 
(Fig. 1A).  Kaempferitrin exhibited interactions with the 
amino acid residues Trp-59, Tyr-62, His-101, Leu-162, 
Leu-165, Asp-197, Glu-233 and Asp-300 among the four 
top-scoring possibilities. Four conventional hydrogen 
bonds were established by this phytochemical with the 
residues Asp-300, Arg-195, Tyr-62 and Trp-59. In Van der 
Waals, only two residues Glu-233 and Leu-165-were 
linked to kaempferitrin. Rutin interacted with His-101, 
TyR-151, Asp-197, Leu-165, Lys-200, His-201, Glu-233, 
Glu-240 and Asp-300 in the second one. Amino acid 
residues Tyr-151, Glu-233, Lys-200, Asp-197 and Asp-300 
formed typical hydrogen bonds. Pi-Alkyl interactions 
included two residues: His-101 and Leu-165.  
 
Naringin, the third phytochemical, interacted with Trp-59, 
Tyr-62, Gln-63, Tyr-151, Leu-162, Asp-197, Arg-195, His-
201, Glu-233 and Asp-300. Among these residues, seven 
established conventional hydrogen bonds: Tyr-62, Gln-63, 
Tyr-151, Arg-195, His-201, Glu-233 and Asp-300. Trp-59 
is the lone residue that participates in the alkyl interaction. 
Hyperoside (D) is the fourth highest scoring ligand; it 
interacts with Pro-54, Trp-59, His-101, Leu-162, Thr-163, 
-Asp-197, Ala-198, Glu-233, Asp-300 and His-305. Three 
residue farm conventional hydrogen bonds with 
Hyperoside are found in Glu-233, Asp-300, Thr-163 and 
His-101, Ala-198 and Leu-162; these interactions reveal pi 
Alkyl interactions with Hyperoside. From the result, it can 
be seen that Kaempferitrin will be the best inhibitor for α-
amylase because it makes three conventional hydrogen 
bonds with hotspot residue of active site of α-amylase as 
shown in fig. 1D. While Rutin makes a hydrogen bond with 
only two hotspot residues of the active site. Similarly, 
Nargrin and Hyperoside make hydrogen bonds with three 
and one hotspot residue of the protein pocket, respectively. 
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Structural interaction fingerprint (SIFt) analysis 

This method was used to identify important residues that 
interact with ligands. All 54 ligands were docked with the 
active site of the α-amylase 3BAJ. The fingerprinting 
analysis shows that the residues ATRP-59, ATYR-62, 
ALEU-162, AARG-195, AASP-300 and AHES-305 were 
interacting with 82% of all ligand docked with α-amylase 
active site. This indicates that these residues are the hotspot 
residues of the binding cavity and can help to 
accommodate a potential inhibitor. Those phytochemicals 
which are showing more than 30% interaction with the 
hotspot residues will be good inhibitors. When 55 ligands 
were docked, they occupied the same binding cavity in 
protein as shown in fig. 1A. The quantification of contact, 
side chain, backbone, polar and hydrophobic interactions 
between the receptor (3BAJ) and the different ligands 
evaluated in this investigation is presented in fig. 2. The 
fig. 2 illustrate the interactions between residues A59-TRP, 
A62-TYR, A165-LEU, A197-ASH, A300-ASP and A305-
HIE with the ligands. Based on the findings, it can be 
shown that A59-TRP, A62-TYR and 300-ASP were the 
most reactive residues with the compounds showing 
interaction through contact, side chain, hydrophobic 
interaction and backbone, as indicated by the bright orange 
hue. Residues A165-LEU and A197-ASH, shown in light 
green in Fig. 2, demonstrated contact, backbone, side-
chain, polar and hydrophobic interactions. The residue 
A305-HIE is pale blue in color and exhibits contact, polar 
backbone, sidechain and hydrogen bond acceptor bond 
interactions with several ligands. According to the 
findings, the compounds Mc-34, Mc-55, Mc-32 and Mc-56 
have the potential to be ligands with strong binding 
affinities, drug-like characteristics and a significant 
number of receptor contacts. As such, the current study has 
identified promising compounds with potential 
effectiveness in diabetes treatment. The ADMET 
investigations, which showed a notable degree of human 
absorption and a positive synthetic accessibility, 
corroborated this claim. The substances investigated in this 
work showed a remarkable capacity to interact with the 
residues of the 3BAJ active site, indicating a high binding 
affinity. Top binding ligands were selected, Mc-34, MC-55, 
Mc-32 and Mc-56, for further testing against the target 
protein 3BAJ. Protein-ligand interaction fingerprinting for 
ligands and hits extracted from the Schrödinger Suite 2020-
2 library at residues linked to the interaction site within 4.0 
Å. The contribution and absence of residues are denoted by 
the numbers 1 and 0, respectively. The hydrophobic, 
sidechain contact polar, backbone and H-bond acceptor 
qualities are used to color the residues. Residues with a 
90% occupancy rate or above are deemed essential. 
 

Drug likeness analysis 

Analysis of drug likeness using ADME/T studies, various 
pharmacodynamic and pharmacokinetic features were 
assessed and all of the top candidates produced notable 
outcomes (Table 2). Of the four choices, Rutin has the 

largest molecular weight (610 g/mol). It was discovered 
that the intestinal absorption capacity of every 
phytochemical was reduced. No blood-brain barrier 
leakage was observed with any of the drugs. The four 
candidates were found to be soluble in water, indicating 
that the water solubility findings were good. Hyperoside 
had one infraction of the Lipinski and Ghose criteria, which 
were used to assess drug resemblance. The estimation was 
based on Lipinski's Rules of Five and the Ghose filter. 
Kaempferitrin, naringin and hyperoside demonstrated two 
violations each in Lipinski's Rules of Five, which was 
acceptable and they also followed the Ghose parameter 
with two violations. The bioavailability score of the top 
four ligands is all 0.17. The Pan-Assay Interference 
Compounds (PAINS) criteria disclosed one warning for 
rutin and hyperoside, zero alerts for kaempferitrin and 
nargrin and the same for Brank alerts. When taking into 
account the synthetic accessibility parameter, 
kaempferitrin performed better (6.48) than hproside (5.32), 
nargrin (6.16) and rutin (6.52). Two distinct servers were 
used to examine the toxicity parameters in order to ensure 
prediction reliability; both servers produced data that were 
consistent and adequate (Table 3). ProToxII server results 
with different parameters were notable. For every criterion 
and subcriterion on the ProToxII server, all four ligands 
showed an inactive state. With 100% accuracy, the toxicity 
class 5 of all four lead compounds was predicted to have 
an oral LD50 value of 5000 mg/kg. Rutin likewise had an 
inactive state for every parameter with the exception of one 
sub criterion, the immunotoxicity parameter of the Tox 
endpoints, which revealed a 50% likelihood of an active 
status. The four phytochemicals in the table were all 
determined to be safe and acceptable by the StopTox server 
after toxicity was assessed using five toxicity endpoints, 
including acute inhalation toxicity, acute oral toxicity, eye 
irritation and corrosion, skin sensitization and skin 
irritation and corrosion criteria were shown in table 4. 
 

Frontier molecular orbital (FMOs) 

The LUMO, HOMO and FMOs are the most significant 
orbitals in a molecule. These orbitals are crucial for 
understanding electron transport, chemical reactivity, 
stability and how a molecule interacts with other 
molecules. They are also relevant for optical, electric and 
quantum chemistry. Higher values of EHOMO indicate a 
stronger tendency of the molecule to give electrons. The 
HOMO energy defines a molecule's capacity to donate 
electrons. A molecule's capacity to receive electrons is 
determined by its electron-accepting potential (ELUMO); 
a lower ELUMO enhances the likelihood of an electron 
being accepted. Therefore, higher EHOMO and lower 
ELUMO values are what lead to a molecule's high 
reactivity and low stability. Table 5 shows the increasing 
order of the EHOMO values for the compounds under 
study: Naringin, rutin, hyperoside and kaempferitrin. 
Compared to other compounds, kaempferitrin (-0.327) has 
the greatest EHOMO value, indicating a greater propensity 
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to donate an electron to the target receptor. Table 5 also 
displays the computed ELUMO values. Compared to other 
compounds under study, Kaempferitrin has the lowest 
ELUMO value, showing its capacity to receive electrons. 
Moreover, as fig. 3A illustrates that both the EHOMO and 
ELUMO are completely dispersed throughout the 
molecular structure, indicating a substantial overlapping of 
HOMO-LUMO that would likely result in robust charge 
transfer behavior. When estimating a molecule's chemical 
reactivity, the band gap energy between the EHOMO and 
ELUMO is crucial. The stability and chemical reactivity of 
a molecule are reflected in its band gap energy levels. More 
stability, hardness and less reactivity are associated with 
greater band gap energies in molecules. Low stability and 
high reactivity are indicated by a reduction in the energy 
band gap. The energy band gap values are kaempferitrin 
<rutin <naringin <hyperoside, in that order. Kaempferitrin 
is more reactive at the target receptor than other 
compounds because it has the lowest band gap among the 
isolated molecules. 
 

Molecular electrostatic potential (MESP) 

Every ligand has a characteristic binding conformation that 
facilitates intermolecular interactions with its target 
protein, which are determined by the compound's stereo 
and electrical characteristics. Therefore, by identifying the 
molecular electronic characteristics responsible for a 
particular binding conformation of the ligand in a complex, 
it would assist in investigating the underlying molecular 
level factors accountable for their inhibitory efficacy. To 
better understand the impact of variations in the 
distribution of electrostatic potentials and the reactivity 
pattern on the binding affinity for α-amylase (3BAJ), 
MESPs were plotted on the highly active compounds Mc-
34, Mc-55, Mc-32 and Mc-56 in this instance (Fig. 3B). 
Furthermore, Mulliken charge distributions of inhibitors 
with varying bioactivities against α-amylase (3BAJ) were 
computed at the B3LYP level to obtain a comprehensive 
understanding at the electronic level. The highly active 
molecule Mc-34 differs from Mc-55, Mc-32 and Mc-56 in 
terms of its electrical characteristics, as seen in table 5. 
Electronegative (red) and electropositive (blue) areas often 
appeared as regions that may either donate or accept 
electrons to the 3BAJ active site. Additionally, the docking 
data have indicated that the corresponding regions of Mc-
34 may have a role in the significant interactions around 
the active site of 3BAJ with critical residues such as Trp-
59, Tyr-62, His-101, Leu-162, Leu-165, Asp-197, Glu-233 
and Asp-300. In addition, the MESP-identified electrical 
potential distribution is shown on Mc-34 (Fig. 3B). 
Comparably, the molecular electrostatic potential (MESP) 
of the other three top medications is determined using the 
same methodology and base sets, as shown in fig. 3B. The 
largest negative region in the MESP, colored red, 
represents the areas that electrophilic attacks prefer to 
target. Therefore, an attacking electrophile will be drawn 
to the negatively charged sites, whereas the blue areas will 

have the reverse effect. Given the sort of atoms and their 
electrical nature, it is evident that the medication affected 
the molecular size, shape and orientation of the negative, 
positive and neutral electrostatic potentials. The 
medication's binding affinity with the receptor at the active 
site may vary primarily due to differences in how the 
electrostatic potential is mapped around the drug. A map of 
the molecular electrostatic potential overlaid on a surface 
with a constant electron density displays the inhibitors of 
3BAJ, Mc-34, Mc-55, Mc-32, and Mc-56, which are the 
active compounds (Fig. 3) The regions with green color 
show the potential midway between the two strongly 
electropositive and negative regions and have zero 
potential. Regions in dark blue represent the highly 
electropositive region, while regions in dark red indicate 
the very electronegative region. 
 

DISCUSSION 
 

The present study identified promising phytochemicals as 
potential inhibitors of human pancreatic α-amylase using a 
combined approach of molecular docking, SIFt, ADMET 
evaluation, FMO analysis and MESP mapping. Inhibiting 
α-amylase is an established strategy for controlling 
postprandial hyperglycemia in NIDDM and while 
synthetic agents like acarbose are effective, they often 
cause gastrointestinal side effects, prompting interest in 
plant-derived alternatives (Sales et al., 2012). Docking 
analysis revealed that most of the 67 tested phytochemicals 
had moderate to low affinities relative to acarbose; 
however, four compounds, Kaempferitrin, Rutin, Naringin 
and Hyperoside, stood out with docking scores better than 
-9.5 kcal/mol, Kaempferitrin being the most potent at -10.3 
kcal/mol. Strong hydrogen bonding with key catalytic 
residues, particularly Trp-59, Tyr-62 and Asp-300, 
underpinned the higher affinity of Kaempferitrin, whereas 
Rutin interacted with slightly fewer hotspot residues. These 
findings align with earlier reports highlighting the 
significance of targeting conserved catalytic residues to 
achieve potent α-amylase inhibition (Martinez-Gonzalez et 

al., 2019). 
 

SIFt analysis confirmed that residues such as Trp-59, Tyr-
62, Leu-162, Arg-195 and Asp-300 were the most 
frequently contacted among high-affinity ligands, 
reflecting their role as structural hotspots in the active site. 
Kaempferitrin, Naringin and Rutin demonstrated high 
hotspot occupancy, consistent with the idea that efficient 
inhibitors combine strong binding energies with diverse 
non-covalent interactions to ensure stability within the 
binding pocket (Rasouli et al., 2017). ADMET profiling 
showed all four top candidates had favorable toxicity 
profiles, falling under Class 5 oral toxicity, with no blood-
brain barrier penetration beneficial for avoiding central 
side effects. However, their low intestinal absorption, 
likely due to high polarity and glycosylation, may 
necessitate formulation strategies to improve 
bioavailability (Hu et al., 2025). 
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   Table 1: Ligand library of natural products with docking score. 
 

Source of inhibitor Inhibitor Binding affinities (kcal/mol) 
Bauhinia forficate Kaempferitrin -10.3 
Echinops ritro L Rutin -10.1 
Citrus spp. Naringin -9.7 
Echinops ritro L Hyperoside -9.6 
Anemarrhena asphodeloides Mangiferin -9.5 
Echinops ritro L Isorhamnetin-3-O-Rutinoside -9.5 
Ficus bengalensis Leucodelphinidin -9.5 
Echinops ritro L Isoquercitrin -9.1 
Lupinus prunophilus Lupanine -1.20 
Standard Acarbose -13.3 
Bauhinia forficate Kaempferitrin -10.3 

 

 
 

Fig. 1: (A) The interaction of top four ligands with pocket of (3BAJ) (1) Kaempferitrin, (2) Rutin and (3) Nargrin; (4) 
Hyperoside; (B) Three-dimensional (3D) image of the control ligand (CCL) with redock ligand; (C) α-amylase pocket 
(3BAJ); (D) The image of the docked ligands with protein (3BAJ) pocket. 



Mujahid Jalal et al 

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.2097-2107 2103 

   Table 2: Evaluation of drug candidacy of Kaempferitrin, Rutin, Naringin and Hyperoside via ADME analysis. 
 

Parameters Kaempferitrin Rutin Naringin Hyperoside 
 
 
 
Physicochemical 
properties 

MW 578 610 580 464 
Heavy atom 41 43 41 33 
Aromatic heavy atom 16 16 12 16 
fraction csp3 0.44 0.44 0.52 0.29 
rotatable bonds 5 6 6 4 
H-bond acceptor 14 16 14 12 
H-bond DONOR 14 10 8 8 
MR 137.93 141 134.9 110 
TSPA 228 269 225 210 

Lipophilicity 

iLOGP 2.44 0.46 1.96 1.45 
XLOGP3 -0.09 -0.33 -0.44 0.36 
WLOGP -0.72 -1.69 -1.49 -0.54 
MLOGP -2.69 -3.89 -2.77 -2.59 
Silicon-IT Log P -1.04 -2.11 -1.64 -0.59 
Consensus log P -0.42 -1.51 -0.87 -0.38 

Water solubility 

ESOL Log S -3.33 -3.3 -2.89 -3.04 
Ali Log S -4.27 -4.87 -3.82 -4.35 
SilicoS-IT Log SW -1.46 -0.29 -0.49 -1.51 
Log Kp (em/s) -9.89 -10.26 -10.15 -8.88 

Drug likeness 

Lipinski violation 2 2 2 1 
Ghose violation 2 2 2 1 
Veber violation 1 1 1 1 
Egan violation 1 1 1 1 
Muegge violation 3 4 3 3 

Medicinal chemistry 

Bioavailability score 0.17 0.17 0.17 0.17 
Pain alert 0 1 0 1 
Brank alert 0 1 0 1 
Lead-likeness violation 1 1 0 0 
Synthetic accessibility 6.48 6.52 6.16 5.32 
LIGANDS Mc-34 Mc-55 Mc-32 Mc-56 

 

 
 

Fig. 2: (A) Structural interaction fingerprinting (SIFt) analysis; (B) Protein-ligand interaction fingerprints. 
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   Table 3: Toxicity analysis for Kaempferitrin, Rutin, Naringin and Hyperoside. 
 

Classification Target 
Mc-34 MC-55 Mc-32 Mc-56 
Pre Pro Pre Pro Pre Pro Pre Pro 

Organ toxicity Hepatotoxicity I 0.73 A 0.69 I 0.81 I 0.82 

Toxicity endpoint 

Carcinogenicity I 0.53 I 0.62 I 0.90 I 0.85 
Immunotoxicity A 0.94 A 0.96 A 0.99 A 0.66 
Mutagenicity I 0.68 I 0.97 I 0.73 I 0.76 
Cytotoxicity I 0.92 I 0.93 I 0.66 I 0.69 

Tox21-Nuclear receptor 
signaling pathways 

AhR A 0.55 I 0.97 I 0.88 I 0.92 
AR I 0.98 I 0.99 I 0.96 I 0.90 
AR-LBD I 0.93 I 0.96 I 0.99 I 0.98 
Aromatase I 0.94 A 1 I 1 I 1 
ER I 0.71 NC NC I 0.94 I 0.91 
ER-LBD I 0.82 A 1 I 0.99 I 0.99 
PPAR-GAMMA I 0.93 I 0.99 I 0.99 I 0.99 
HSE I 0.90 I 0.88 I 0.99 I 0.98 

Tox21-Stress response 
pathways 

HSE I 0.90 I 0.88 I 0.99 I 0.98 
MMP I 0.53 I 0.70 I 0.99 I 0.98 
p53 I 0.81 I 0.96 I 0.75 A 0.50 
ATAD5 I 0.72 I 0.99 I 0.99 I 1 

 

 
 
Fig. 3: (A) The Homo and Lumo of top 4 scoring ligands; (B) MESP surface of the top 4 phytochemicals. 
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Electronic property analysis using FMOs provided further 
mechanistic insight. Kaempferitrin’s high EHOMO and 
low ELUMO values suggested a strong capacity for both 
electron donation and acceptance, potentially facilitating 
charge transfer with active site residues. Its low HOMO-
LUMO gap indicated higher reactivity, consistent with 
adaptable binding in dynamic protein environments. This 
relationship between quantum descriptors and biological 
activity has been observed in prior flavonoid-enzyme 
studies. MESP mapping revealed complementary 
electrostatic patterns between potent ligands and the α-
amylase active site. Electronegative regions on 
Kaempferitrin and Rutin aligned with positively charged 
residues, while electropositive areas matched negatively 
charged catalytic residues such as Asp-197 and Glu-233. 
Such electrostatic complementarity is a known determinant 
of stable enzyme-inhibitor complexes (Kumar et al., 2011). 
 

Overall, Kaempferitrin and Rutin emerge as strong 
candidates for further in-vitro and in-vivo evaluation. The 
multi-parameter computational evidence spanning binding 
affinity, hotspot interactions, pharmacokinetics and 
electronic complementarity support their potential as 
natural alternatives to synthetic α-amylase inhibitors. 
Further work should focus on kinetic assays, 
crystallographic confirmation and delivery optimization to 
address absorption limitations, thereby advancing these 
compounds toward application in glycemic control. 
 

CONCLUSION 
 

The current study highlights the potential of Kaempferitrin 
as an exceptionally powerful natural suppressor of NIDDM 
through its α-amylase inhibitory abilities. Among the 
compounds screened, kaempferitrin displayed the best 
binding affinity (-10.3 kcal/mol) towards α-amylase and 
showed especially strong interactions with the active site 
residues of the enzyme. This interaction with key hotspot 

residues was also supported by SIFt analysis. The best four 
compounds, Kaempferitrin, Rutin, Naringin and 
Hyperoside, had good drug-likeness, good ADME profile, 
and low toxicity risk. DFT and Mulliken charge analyses 
supported their chemical stability and reactivity, with 
kaempferitrin standing out due to its strong electron-
donating and accepting properties, as well as the lowest 
energy gap, indicating higher reactivity at the target site. 
These findings collectively show that kaempferitrin 
combined with Rutin, naringin and hyperoside offer 
potential leads in developing plant-based antidiabetic 
drugs. However, experimental validations are essential to 
verify the computational insights. 
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 Table 4: Stop tox values of top 4 scoring ligands. 
 

Ligands 
Acute inhalation 
toxicity 

Acute oral 
toxicity 

Acute dermal 
toxicity 

Eye irritation 
and toxicity 

Skin 
sensitization 

Skin irritation 
and corrosion 

Mc-34-T1 Non-toxic Non toxic Non toxic Non toxic Non-sensitizer Negative 
Mc-55-T2 Non-toxic Non toxic Non toxic Non toxic Non-sensitizer Negative 
Mc-32-T3 Non-toxic Non toxic Non toxic Non toxic Non-sensitizer Negative 
Mc-56-T4 Non-toxic Non toxic Non toxic Non toxic Non-sensitizer Negative 

  

Table 5: HOMO (eV), LUMO (eV), dipole moment (Debye), energy gap ΔE (eV), ionization potential IP (eV), electron 
affinity EA (eV), electronegativity χ (eV), chemical potential μ (eV), global hardness η (eV), and global softness S (eV-
¹) of the top four ligands in gas and aqueous phases.  
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