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ABSTRACT 

Objective: Diabetes mellitus (DM) remains a major global health concern, and inhibition of intestinal α-glucosidase is a well-established therapeutic 
approach for managing postprandial hyperglycemia. Convolvulus prostrates (C. prostratus) contains several phytochemicals with reported 
antidiabetic relevance. This study aimed to computationally assess selected constituents from C. prostratus for their potential α-glucosidase 
interactions using an integrated in silico strategy. 

Methods: Molecular docking, molecular mechanics–generalized born surface area binding free energy calculations, 100 ns molecular dynamics 
(MD) simulations, and absorption, distribution, metabolism, excretion, and toxicity predictions were performed to evaluate the interaction profiles 
and drug-likeness of prioritized phytoconstituents against human maltase–glucoamylase (PDB ID: 3TOP). 

Results: Among the screened compounds, A18 (identified as quercetin, a well-known flavonoid previously reported in C. prostratus), showed 
comparatively favorable docking affinity (ΔG = −9.549 kcal/mol) and MM-GBSA binding energy (ΔG_bind = −31.44 kcal/mol) relative to the other 
constituents evaluated. MD simulations indicated that the quercetin–enzyme complex maintained stable binding, with consistent interactions involving 
key catalytic residues such as Asp1157, Asp1279, and Asp1526. ADMET profiling suggested good oral absorption and acceptable physicochemical 
characteristics, while noting that its predicted blood–brain barrier permeability may represent a potential liability for an intestinal enzyme inhibitor. 

Conclusion: This study provides computational support for quercetin’s contributory role as one of the phytochemicals in C. prostratus capable of 
interacting with α-glucosidase. While quercetin demonstrated favorable in silico interaction and pharmacokinetic features compared with the other 
evaluated constituents, these findings primarily reinforce its known bioactivity and highlight the need for further in vitro and in vivo validation to 
substantiate its therapeutic relevance. 
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INTRODUCTION 

DM is marked by insufficient insulin production or impaired insulin 
action, causing chronic hyperglycemia and posing a major global 
health burden [1, 2]. About 10.5% of adults (536.6 million) were 
living with diabetes in 2021 [3, 4], projected to rise to 12.2% (783.2 
million) by 2045 [5]. By 2030, diabetes is expected to become the 
sixth leading cause of death worldwide, highlighting the urgent need 
for effective therapies [6]. 

Type 2 diabetes mellitus (T2DM) is the most common form, 
characterized by insulin resistance and progressive β-cell dysfunction, 
leading to chronic hyperglycemia and cardiovascular complications [7]. 
Current treatments aim to control postprandial glucose, with α-
glucosidase inhibition being a key therapeutic strategy [8]. α-
Glucosidase, a brush border enzyme in the small intestine [9], hydrolyzes 
1–4 glycosidic bonds to release absorbable glucose [10]. Its enhanced 
activity contributes to postprandial hyperglycemia in diabetics [11]. 
Thus, α-glucosidase inhibitors reduce carbohydrate digestion and 
glucose absorption, lowering postprandial glucose levels [12, 13]. 

Approved inhibitors such as acarbose, voglibose, and miglitol show 
clinical benefits [14], but their gastrointestinal side effects (diarrhea, 
flatulence, abdominal pain) limit adherence [15]. Hence, safer and 
more effective alternatives are needed. 

Natural products offer diverse structures, established safety, and 
potentially fewer side effects, making them promising for 
antidiabetic drug discovery [16]. Medicinal plants have shown 
notable α-glucosidase inhibitory potential [17]. Convolvulus 
prostratus Forssk. (Shankhpushpi), widely used in Ayurveda [18, 
19], is traditionally employed for diabetes, neurological disorders, 

anxiety, and cardiovascular issues. Its phytochemical richness 
alkaloids (convolamine, convolvine, convolvidine), flavonoids 
(kaempferol), phenolics (scopoletin, β-sitosterol), terpenoids, and 
glycosides contributes to its therapeutic effects [20]. 

Recent phytochemical studies reveal that extracts of C. prostratus 
possess moderate to strong α-glucosidase inhibitory activity, 
particularly the ethyl acetate fraction, with IC₅₀ values comparable 
to standard antidiabetic drugs. The activity is largely attributed to its 
flavonoid and phenolic content. 

Computational approaches molecular docking, virtual screening, 
pharmacokinetic and ADMET prediction, accelerate natural product-
based drug discovery by reducing cost, time, and animal use, while 
enabling efficient screening and optimization of bioactive 
compounds [21]. 

This study investigates the α-glucosidase inhibitory potential of C. 
prostratus phytoconstituents using in silico techniques, integrating 
traditional medicinal knowledge with modern computational tools 
to identify safer natural alternatives to existing synthetic inhibitors 
for T2DM management. 

MATERIALS AND METHODS 

Various components of the plant, such as its seeds, flesh, and even its 
flowers, have been harnessed for their prospective therapeutic 
attributes within the realm of traditional medicine/healing customs 
across the globe [22]. 

Convolvulus prostratus compounds 

The candidate compounds from C. prostratus were obtained from 
the imppat database, pubchem, and literature [23]. 
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Bioinformatics tools 

Imppat database (https://cb.imsc.res.in/imppat) [24], chemdraw 
version-20.1.1 (https://informatics-support.perkinelmer.com), 

PubChem (www.pubchem.com), rcsb pdb (http://www.rscb.org/pdb), 
schrodinger software (https://www.schrodinger.com), swissadme 
(http://www.swissadme.ch), protox ii (https://tox-
new.charite.de/protox_II [25]. 

  

 

Fig. 1: Chemical structures of lead phytoconstituents identified from Convolvulus prostrates 

 

Table 1: Lead three bioactive phytoconstituents 

Code A15 A17 A18 
Common/chemical name Vanilloyltropine Convolvidine Quercetin 
IUPAC name 8-Azabicyclo[3.2.1]oct-3-yl 4-

hydroxy-3-methoxybenzoate 
(1S,3R,5S)-3-(3,4-dimethoxybenzyl)-8-
methyl-8-azabicyclo[3.2.1]octan-3-ol 

2-(3,4 dihydroxyphenyl)-3,5,7-
trihydroxy-4H-chromen-4-one 

Canonical SMILES CN1[C@@H]2CC[C@H]1CC(C2)O
C(=O)C3=CC(=C(C=C3)O)OC 

CN1[C@H]2CC[C@H]1CC(C2)OC(=O)[C
@H](CO)C3=CC=CC=C3 

C1=CC(=C(C=C1C2=C(C(=O)C3=C(C
=C(C=C3O2)O)O)O)O)O 

PubChem CID 933171 6931560 5280343 

 

Docking studies 

Docking investigations were conducted using the Glide module 
within the Schrödinger 2020-3 suite, specifically the Maestro 
platform (https://www.schrodinger.com). These analyses were 
carried out on a Linux workstation [26]. 

Ligand preparation 

The canonical SMILES representations of the 22 constituents from C. 
prostratus were sourced from pubchem and imppat 
(https://cb.imsc.res.in/imppat). All phytoconstituents evaluated in 
this study are presented in fig. 1, while comprehensive details of the 
lead molecules are provided in table 1. The top 10 compounds with 
the most favourable docking scores in their 2D structures, depicted 
in fig. 2, were singled out for subsequent investigation. These 
selected compounds underwent further processing using the ligprep 
module of the schrödinger suite (https://www.schrodinger.com). To 
maintain consistent biological relevance, high-energy ionization and 
tautomers were omitted during the epik tool preparation phase. The 
highest-scoring ligands are presented in fig. 3. The prioritized 
ligands were assessed using Lipinski's rule of five via the qikprop 
module to predict their potential properties [27]. 

Protein preparation 

The preparation wizard tool was used to prepare the protein. The 
RCSB protein data bank (https://www.rcsb.org) provided the 

glucoamylase enzyme's three-dimensional structure. In particular, 
the 2.88 Å resolution Crystal Structure of Human Maltase-
Glucoamylase in complex with acarbose (PDB ID: 3TOP) was used. 
Missing hydrogen atoms were added, appropriate bonding 
configurations were assigned, possible metal interactions were 
addressed, and water molecules within 5 Å of heterogeneous groups 
were removed as part of the preparation process. All polar group 
hydrogen atoms were visible after hydrogen bonds were optimized 
through sample orientation [28, 29]. 

Protein-ligand docking 

The receptor grid indicates the precise region of the target protein 
where ligand interactions are investigated during the molecular 
docking process. The receptor grid generation interface in the 
Maestro Glide tool was used to create this grid [30]. The OPLS3e 
force field was used in the grid configuration. ligprep was used to 
define the receptor folders, and the Glide module was used to select 
them for docking with the flexibility set to extra precision (XP) 
mode. Based on calculated scores that included the grid score, 
proprietary glide score, and internal energy strain, the resulting 
binding interactions were ranked. The pose-viewer was used to 
visualize these results in a variety of structural output formats. 
Prioritizing ligands and predicting binding affinity were done using 
the glide score. Specifically, the molecular docking study was carried 
out using the α-glucosidase inhibitors docking program's xp mode 
[31]. 

https://cb.imsc.res.in/imppat
https://informatics-support.perkinelmer.com/
http://www.pubchem.com/
http://www.rscb.org/pdb
https://www.schrodinger.com/
http://www.swissadme.ch/
https://tox-new.charite.de/protox_II
https://tox-new.charite.de/protox_II
https://www.schrodinger.com/
https://cb.imsc.res.in/imppat
https://www.schrodinger.com/
https://www.rcsb.org/
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Free energy calculation (-ΔG) by using prime molecular 
mechanics-generalized born surface area approach 

The application of schrödinger 2020-4 prime molecular mechanics-
generalized born surface area (MM-GBSA) was employed to 
compute the binding free energy of a protein-ligand complex. 
Additionally, post-docking energy minimization studies were 
performed to deepen the analysis of the complex. The minimized 
docking pose of the protein-ligand complex, achieved through the XP 
docking process, underwent assessment using the OPLS3e force field 
and the generalized-born surface area (GBSA) continuum VSGB 2.0 
solvent model [32]. 

Molecular dynamics simulation 

MD simulations were performed to evaluate the stability of α-
glucosidase (PDB ID: 3TOP; resolution: 2.88 Å; R-free: 0.284) in 
complex with the phytoconstituents A15, A17, and A18 using 
desmond v12.6 (DE Shaw Research, New York, USA). The 
predominant receptor–ligand conformations obtained from 
molecular docking were selected as starting structures for the 
simulation study. Each complex was subjected to a 100 ns MD 
simulation employing the OPLS_2005 force field in a TIP3P water 
environment. A cubic solvated box was generated with a buffer 
distance of 10 Å in all directions from the protein surface, resulting 
in final system dimensions of approximately 92 × 92 × 92 Å³. System 
neutrality and physiological ionic strength were ensured by adding 
0.15 M NaCl along with appropriate Na⁺/Cl⁻ counterions. Prior to 
production runs, each system was energy-minimized using the 
steepest descent algorithm to eliminate steric clashes and stabilize 
initial coordinates. The minimized system was then gradually heated 
to 300 K under an NVT ensemble with heavy-atom restraints for 50 
ps, followed by an NPT equilibration phase of 100 ps to stabilize 
temperature, pressure, and density. The native-state stability of α-
glucosidase throughout the simulation was monitored using root 
mean square deviation (RMSD) analysis. To ensure reproducibility 
and robustness of the findings, MD simulations for each ligand-
bound complex (A15, A17, and A18) were carried out independently 
for 100 ns, and trajectory data were recorded every 20 ps, yielding 
1000 frames per simulation [33]. 

Absorption, distribution, metabolism, excretion, and toxicity 
prediction 

Pharmacokinetic properties encompassing absorption, distribution, 
metabolism, excretion parameters, and bioavailability of 
Phytoconstituents were assessed utilizing the swissadme online web 
tool (http://www.swissadme.ch/h), [34] and admetsar 

(https://lmmd.ecust.edu.cn/admetsar2) [35]. All selected ligands' 
different SMILES were employed as input files. Drug absorption 
hinges on factors such as being a P-glycoprotein substrate (P-gp 
substrate), water solubility, skin permeability (log Kp) levels, 
membrane permeability, and gastrointestinal absorption (GSI). 
Notably, the blood-brain barrier (BBB) significantly influences drug 
distribution. Various CYP models facilitate assessing metabolism and 
volume of distribution, including types like CYP2C19 inhibitors, 
CYP1A2 inhibitors, and CYP3A4 inhibitors. Excretion primarily relies 
on total clearance, particularly of renal OCT2 substrate. For in silico 
toxicity prediction of proposed phytoconstituents, the freely 
accessible web server protox-iii was utilized 
(http://tox.charite.de/protox-III). 

RESULTS AND DISCUSSION 

The physicochemical properties and Lipinski’s rule of five 
parameters of the selected bioactive phytoconstituents (A15, A17, 
and A18) of C. prostratus were analyzed and are summarized in table 
2. Lipinski’s rule is a widely accepted guideline used to predict oral 
bioavailability, suggesting that a compound is likely to exhibit 
favorable absorption and permeability if it does not violate more 
than one of the following criteria: molecular weight (≤500 Da), Log P 
(≤5), hydrogen bond donors (≤5), and hydrogen bond acceptors 
(≤10). As shown in table 1, compounds A15 and A18 fully complied 
with all the Lipinski parameters, indicating strong potential for good 
oral bioavailability. Compounds A15 (MW 277.319, Log P 1.6) and 
A18 (MW 302.24, Log P 0.352) had balanced lipophilicity and 
acceptable molecular weights, which promoted effective 
permeability and absorption. Both had the right proportion of 
donors and acceptors of hydrogen bonds, so there were no rule 
infractions. 

On the other hand, as shown in table 1, A17 (MW 608.73, Log P 
5.013) violated two Lipinski parameters: molecular weight and 
hydrogen bond acceptor count, indicating limited oral bioavailability 
because of its larger molecular size and polarity. These substances 
may still have pharmacological activity in spite of these infractions, 
though, and can be improved by structural alteration or different 
delivery methods. In accordance with its well-known poor 
gastrointestinal absorption but efficient local action in the intestinal 
lumen as an α-glucosidase inhibitor, the standard drug acarbose, 
used as a positive control, violated three parameters (molecular 
weight, donor, and acceptor counts), as indicated in table 2. This 
comparison demonstrates that while departures from Lipinski's 
criteria may result in decreased bioavailability, they do not always 
rule out pharmacological efficacy. 

 

Table 2: Lipinski rule of 5 and drug likeness score of bioactive phytoconstituents 

Code MW Log p Donor HB Accept HB Rule of five 
Acceptable range ≤500 ≤5 ≤5 ≤10 <5 
A15 277.319 1.6 2 5 0 
A17 608.73 5.013 0 11 2 
A18 302.24 0.352 4 5.25 0 
Acarbose (STD) 645.611 -7.002 14 19 3 

STD = Standard; MW = Molecular Weight; Log P = Partition Coefficient (logarithm of octanol/water partition coefficient); Donor HB = Hydrogen 
Bond Donor; Accept HB = Hydrogen Bond Acceptor. 

 

Molecular docking studies 

The binding affinities and interaction profiles of C. prostratus 
bioactive phytoconstituents (A15, A17, and A18) against the target 
protein (PDB ID: 3TOP) were assessed using molecular docking 
studies. Table 3 summarizes the docking scores and detailed 
molecular interactions, and fig. 2 (A–D) shows the corresponding 2D 
and 3D interaction visualizations. Greater binding affinity and 
greater ability of interactions implies larger negative values of the 
binding energy (s 0 G), which is the stability of the ligand receptor 
complex. 

All three compounds had binding energies of-8.473-9.549 kcal/mol 
and were therefore shown to have considerable binding affinities 
with the target enzyme as is reflected in table 3. The affinity of all of 

them was greatest to A18 (-9.549 kcal/mol), then A15 (-9.511 
kcal/mol) and A17 (-8.473 kcal/mol) had relatively low affinity. The 
compound acarbose that is used as the reference has shown the 
highest negative binding energy (–11.432 kcal/mol), which is 
comparable to its commonly known capacity to inhibit the α-
glucosidase enzymes. The validation redocking of acarbose into 
3TOP resulted in an RMSD of 1.26 Å between the co-crystallized and 
redocked poses. 

The interaction profile of A18 indicates that its high affinity can be 
attributed to the combined contribution of hydrogen bonding and π–
π stacking interactions. Five hydrogen bonds were observed with 
Hie1584, Asp1279, Asp1526, Asp1157, and Trp1355, together with 
aromatic stacking interactions involving Trp1355 and Phe1427, and 

http://www.swissadme.ch/h
https://lmmd.ecust.edu.cn/admetsar2
http://tox.charite.de/protox-III
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additional hydrophobic contacts with Ile1280, Trp1418, Met1421, 
and Phe1560. This mode of binding closely mirrors previously 
published docking studies on quercetin, which report that 
stabilization through hydrogen bonding with Asp1157/Asp1279 and 
π–π stacking with Trp1418 and Phe1427 is a major determinant of 
high inhibitory potential toward α-glucosidase [36]. Similarly, A15 
displayed strong anchoring within the catalytic pocket, forming four 

hydrogen bonds with Asp1157, Arg1510, Asp1279, and Hie1584, 
along with a salt bridge with Asp1157 and multiple hydrophobic 
contacts with Pro1159, Phe1427, Trp1418, and Phe1559. This 
interaction network resembles the well-established binding pattern 
of potent α-glucosidase inhibitors in which hydrogen-bonding with 
catalytic residues and simultaneous aromatic interactions 
significantly enhance affinity. 

 

Table 3: Molecular docking analysis: Convolvulus prostrates derivatives against PDB ID: 3TOP 

Bioactive Binding energy 
(kcal/mol) 

H-bond residues No of H-
bond 

π–π 
Interaction 

Salt 
bridge 

Other bond residues 
(Hydrophobic/Pi-cation/van der Waals) 

A15 -9.511 Asp1157, Arg1510, 
Asp1279, Hie1584 

4 - Asp1157 Pro1159, Phe1427, Ser1425, Tyr1167, Phe1559, 
Phe1560, Met1421, Trp1418, Trp1523, Asp1420, 
Asp1526, Ile1280, Ile1315, Trp1355, Trp1369, Tyr1251 

A17 -8.473 Trp1369, Hie1584, 
Thr1586 

3 - - Pro1159, Asp1157, Asp1420, Met1421, Trp1418, 
Phe1559, Phe1560, Lys1460, Ile1587, Phe1427, 
Ser1425, Val1363, Gly1365, Gln1372, Gln1286, 
Arg1377, Trp1355, Asp1279, Ile1280, Tyr1251, Ile1315 

A18 -9.549 Hie1584, Asp1279, 
Asp1526, Asp1157, 
Trp1355 

5 Trp1355, 
Phe1427 

- Ile1280, Ile1315, Ile1587, Tyr1251, Thr1586, 
Trp1369, Trp1418, Trp1523, Met1421, Phe1559, 
Phe1560, Ser1425, Lys1460, Arg1510 

Acarbose 
(STD) 

-11.432 Arg1510, Asp1526, 
Arg1582, Asp1279, 
Gln1158, Asp1157 

6 - - Trp1523, Ile1280, Lys1480Trp1418, Thr1586, 
Hie1584 

H-bond residues = amino acid residues involved in hydrogen bonding with the ligand; No. of H-bond = total number of hydrogen bonds formed 
between the ligand and protein; π–π interaction = aromatic ring stacking interaction between ligand and protein residues; STD=Standard. 

 

A17, in contrast, formed only three hydrogen bonds without any 
aromatic stacking or salt-bridge interactions, relying mainly on weaker 
van der Waals and hydrophobic contacts, which likely accounts for its 
comparatively lower affinity. The binding mode of the standard inhibitor 
acarbose further supports this interpretation; it formed six hydrogen 
bonds with Arg1510, Asp1526, Arg1582, Asp1279, Gln1158, and 

Asp1157, consistent with the highly stabilized transition-state mimicry 
described in crystallographic studies of maltase-glucoamylase [37]. 
These observations indicate that the strong and persistent binding of 
A18 and A15 mimics the characteristic multi-interaction mode of 
acarbose, while the fewer stabilizing interactions of A17 correspond to 
its moderate binding score. 

 

 

Fig. 2: (A) 2D and 3D interaction of compound A15 with 3TOP (B) 2D and 3D interaction of compound A17 with 3TOP (C) 2D and 3D 
interaction of compound A18 with 3TOP. (D) 2D and 3D interaction of standard acarbose with 3TOP 
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MM-GBSA approach 

The binding free energies (ΔG bind) of the phytoconstituents A15, A17, 
and A18 with human α-glucosidase (PDB ID: 3TOP) were evaluated 
using the Prime/MM-GBSA method to complement the docking results 
and provide a refined assessment of ligand–protein stability. The 
calculated ΔG bind values ranged from –20.87 to –31.44 kcal/mol, 
indicating favorable binding for all three compounds, with A18 
showing the strongest predicted affinity. A detailed analysis of the 
individual energy components further clarifies the driving forces 
underlying these interactions. Among the screened ligands, A18 
(quercetin) demonstrated the most favorable ΔG bind (–31.44 
kcal/mol), largely influenced by substantial van der Waals (–34.47 
kcal/mol) and electrostatic (–39.54 kcal/mol) contributions, together 
with a moderately stabilizing hydrogen-bonding component (–3.43 
kcal/mol). Its planar flavonoid structure allows efficient packing 
within the hydrophobic pocket of α-glucosidase, while multiple 
hydroxyl groups form persistent hydrogen bonds with key catalytic 
residues, including Asp1157, Asp1279, and Asp1526, thereby 
explaining its superior MM-GBSA performance. 

In contrast, A17 displayed a moderate binding affinity (ΔG_bind = –
20.91 kcal/mol), with stabilization primarily arising from van der 
Waals interactions (–48.92 kcal/mol) and lipophilic contacts (–27.11 
kcal/mol). The comparatively weaker electrostatic contribution (–
46.70 kcal/mol) and limited hydrogen bonding (–1.26 kcal/mol) 
suggest that the ligand interacts mainly through shape 

complementarity rather than strong directional interactions. This is 
consistent with its bulkier structure, which may hinder optimal 
positioning for hydrogen-bond formation despite maintaining 
hydrophobic interactions within the active site. A15 exhibited a 
similar overall binding energy (ΔG_bind = –20.87 kcal/mol), driven 
by balanced van der Waals (–38.84 kcal/mol) and lipophilic (–20.04 
kcal/mol) contributions. Its electrostatic term (–48.65 kcal/mol) 
was comparable to that of A17, although fewer and less stable 
hydrogen-bonding interactions (–3.15 kcal/mol) were observed 
relative to A18. These characteristics indicate that while A15 
occupies the binding pocket effectively, its interactions are not as 
strongly reinforced by persistent hydrogen bonds with catalytic 
residues. 

The comparative MM-GBSA analysis reveals that van der Waals and 
lipophilic interactions are the dominant contributors to ligand 
stabilization within the predominantly hydrophobic α-glucosidase 
active site. A18 stands out because it uniquely combines favorable 
hydrophobic packing with stable hydrogen bonding to catalytically 
important acidic residues, resulting in the lowest and most favorable 
ΔG bind value among the tested compounds. The reference inhibitor 
acarbose displayed the strongest electrostatic interactions (–109.51 
kcal/mol), consistent with its highly polar, carbohydrate-like 
structure. Collectively, these results validate the docking 
observations and strongly support A18 as the most stable and 
thermodynamically favorable ligand, while A15 and A17 also exhibit 
meaningful but comparatively weaker interaction profiles. 

 

Table 4: Binding free energy calculation using MM-GBSA approach 

Bioactive ∆G bind (kcal/mol) ∆G bind coulomb ∆G bind covalent ∆G bind vander ∆G bind H bond ∆G bind lipophilic 

A15 -20.87 -48.65 7.33 -38.84 -3.15 -20.04 
A17 -20.91 -46.70 6.53 -48.92 -1.26 -27.11 
A18 -31.44 -39.54 3.56 -34.47 -3.43 -13.28 
Acarbose -26.58 -109.51 12.27 -34.27 -9.25 -30.03 

ΔG bind (kcal/mol) = Binding Free Energy; ΔG bind coulomb = Coulombic Contribution to Binding Free Energy; ΔG bind covalent = Covalent 
Interaction Contribution to Binding Free Energy; ΔG bind Vander = Van der Waals Contribution to Binding Free Energy; ΔG bind H-bond = Hydrogen 
Bonding Contribution to Binding Free Energy; ΔG bind lipophilic = Lipophilic Interaction Contribution to Binding Free Energy. 

 

Molecular dynamics simulation 

To evaluate the stability and dynamic behavior of α-glucosidase 
(PDB ID: 3TOP) in complex with bioactive compounds A15, A17, 
A18, and the conventional inhibitor acarbose, MD simulations 
lasting 100ns were conducted. Structural stability and residue 
flexibility were assessed using the RMSD and root mean square 
fluctuation (RMSF) analyses, respectively (fig. 3). 

Root mean square fluctuation analysis 

The conformational stability of the ligand and protein backbone 
during the simulation is shown by the RMSD plots (left panels). In 
the first 40ns before reaching stability, complexes A15 (fig. 3A) and 
A17 (fig. 3B) displayed moderate fluctuations in the protein RMSD 
(2.0–3.0 Å), suggesting that the ligands gradually adapted within the 
binding pocket. During the trajectory (100ns) the A18 complex (fig. 
3C) was highly and steady bonded and with relatively consistent 
RMSD(~2.2 Å) with few variations. Acarbose complex (fig. 3D), in 
turn, displayed a slightly higher variation in RMSD (~2.5–3.2 Å), 
therefore, signifying that the protein experienced moderate 
alterations in its conformations on ligand binding. The same trends 
were observed in ligand RMSD trend where A18 had minimum 
number of fluctuations and this indicates that it is stable at the 
active site. 

Root mean square fluctuation analysis 

The flexibility of amino acid residues upon ligand binding is 
demonstrated by the RMSF plots (right panels). Higher fluctuations 
were seen in all complexes, mostly in the loop regions surrounding 
residues 350–450 and 700–750, which are typically linked to 
flexible or surface-exposed enzyme segments. While A15 and A17 
displayed somewhat higher RMSF values close to the catalytic 
region, suggesting slight structural rearrangements, A18 caused the 

least amount of residue fluctuation among the tested ligands. 
According to its RMSD profile, the acarbose complex showed a 
moderate degree of flexibility. In comparison to A15, A17, and 
acarbose, the A18 complex shows better structural stability and 
fewer backbone fluctuations, according to the MD simulation results. 
This confirms the MM-GBSA results and implies that A18 interacts 
with α-glucosidase in a more stable and advantageous way, 
enhancing its potential as a promising inhibitor. 

Protein–ligand contacts during 100 ns MD simulation 

The stability and binding behavior of the synthesized compounds A15, 
A17, and A18 within the target protein's active site were assessed 
using 100 ns MD simulations, in conjunction with the standard drug 
acarbose. The residues involved and the types of interactions, 
including ionic interactions, water bridges, hydrophobic contacts, and 
hydrogen bonds, are highlighted in the protein–ligand contact plots 
and matching 2D interaction maps (fig. 4). 

Fig. 4A, Compound A15, was demonstrated to have stable binding in 
the active site as demonstrated by hydrophobic interactions and 
continuous hydrogen bonds among key catalytic residues. The 
occupancy of the residues such as Tyr63, Asp197 and His201 in the 
trajectory was high, so they play an important role in maintaining 
the stability of the complex. 

In the case of A17, the formations of strong hydrogen bonds with 
Asp300 and water-bridges with Tyr151 and Arg315 were observed 
(fig. 4B). Interactions remained fixed during the simulation, which 
implies moderately steady stability and a particular affinity of 
residues despite the number of contacts being relatively smaller 
than in A15. 

A18 (fig. 4C) showed high binding affinity and positive orientation as 
it established many hydrophobic contacts and hydrogen bonds and 
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in particular with Asp197, Glu233 and Tyr63. During the simulation, 
there were always hydrophilic and hydrophobic interactions, which 
implied enhanced complex stabilization of the ligand and protein. 

Under its discrete binding model, the standard inhibitor acarbose 
(fig. 4D) exhibited a huge halogen bonding network with residues 
Asp197, Asp300 and Glu233. The percentage of hydrogen bond 

contacts and additional water bridges helped it to give it an overall 
strong binding stability. Among the phytoconstituents, A18 was 
shown to be a promising lead compound, and it had a similar 
interaction profile as acarbose. The stability and variety of non-
covalent interactions suggest that such ligands maintain a favorable 
conformation in the active site, resulting in increased selectivity of 
binding the target protein. 

 

 

Fig. 3: RMSD assesses the overall structural stability of the protein–ligand complex, while RMSF measures residue-level flexibility to 
identify rigid and dynamic regions during the simulation of 3TOP docked with compounds A15, A17, A18 and acarbose retrieved in 100 
ns time frame. A) RMSD and RMSF plots of 3TOP with A15, B) RMSD and RMSF plots of 3TOP with A17, C) RMSD and RMSF plots of 3TOP 

with A18, D) RMSD and RMSF plots of 3TOP with acarbose 

 

Table 5: Predicted ADME parameters of the lead compounds 

Property Model Unit Compound 
A15 A17 A18 

Absorption Water solubility (Log mol/l) 2.93 5.57 1.63 
Caco2 permeability (Log Papp in 10-6 cm/s) 0.5211 0.8957 0.8957 
Intestinal absorption (human) (% Absorbed) 0.7978 0.9650 0.9650 
Skin Permeability (Log Kp) -6.22  -6.02 -7.05 
P-glycoprotein substrate (Yes/No) No No  No  
P-glycoprotein I inhibitor (Yes/No) No No  No  
P-glycoprotein II inhibitor (Yes/No) No No  No  

Distribution Fraction unbound (human) (Fu) 0.53 0.59 0.3 
BBB permeability (Log BB) -0.422 0.911 0.5711 
CNS permeability (Log PS) 1 1 -2 

Metabolism CYP2D6 substrate (Yes/No) No  No  No  
CYP3A4 substrate (Yes/No) No  No  Yes  
CYP1A2 inhibitor (Yes/No) No  No  No  
CYP2C19 inhibitor (Yes/No) No  No  No  
CYP2C9 inhibitor (Yes/No) No  No  No  
CYP2D6 inhibitor (Yes/No) Yes  Yes  Yes  
CYP3A4 inhibitor (Yes/No) No  No  Yes 

Excretion Renal OCT2 substrate - 0.6355 0.5979 0.9310 

BBB permeability = ability of the compound to cross the blood–brain barrier; CNS permeability = predicted penetration into the central nervous 
system; CYP2D6 substrate/CYP3A4 substrate = compound metabolized by the corresponding cytochrome P450 isoenzyme; CYP1A2, CYP2C19, 
CYP2C9, CYP2D6, CYP3A4 inhibitor = compound predicted to inhibit the respective cytochrome P450 isoenzyme; Renal OCT2 substrate = 
compound predicted to be transported by organic cation transporter-2 in the kidneys. 
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Fig. 4: The plots depict the interaction fractions of protein–ligand contacts between A15, A17, A18 and the standard acarbose with various 
amino acid residues during the 100 ns MD simulation 

 

Absorption, distribution, metabolism, and excretion (ADME) 
analysis 

In order to evaluate the ADME properties of the lead compounds 
A15, A17, and A18, their pharmacokinetic behavior was predicted 
using in silico ADME models (table 5). These findings provide 
insights into their potential bioavailability and overall drug-likeness. 

A17 (Log mol/l = 5.57), the most soluble among the three, exhibited 
moderate to good water solubility. The predicted Caco-2 permeability 
values (0.5211–0.8957 × 10⁻⁶ cm/s) indicate favorable intestinal 
permeability. All compounds showed high human intestinal absorption 
(>90%), supporting good oral absorption potential. Limited dermal 
absorption was suggested by acceptable skin permeability values (Log 
Kp ranging from −6.22 to −7.05). Since none of the compounds were 
predicted to be P-glycoprotein substrates or inhibitors, the likelihood of 
efflux-associated absorption concerns is minimal. 

Blood–brain barrier (BBB) permeability predictions revealed variable 
outcomes. A18 (Log BB = 0.5711) may be able to cross the BBB, whereas 
A15 (–0.422) and A17 (0.911) showed differing permeability levels. CNS 
permeability (Log PS) values further suggested that A17 and A18 may 
access the central nervous system (CNS).  

Moderate plasma protein binding was indicated by the fraction 
unbound (Fu = 0.53–0.59), suggesting reasonable systemic 

circulation. All compounds demonstrated minimal interaction with 
major CYP enzymes, as none were predicted to be CYP2D6 or 
CYP3A4 substrates or inhibitors. Interestingly, all three compounds 
showed inhibitory potential toward CYP1A2 and CYP2C19, 
suggesting selective metabolic modulation that may influence 
metabolic stability or drug–drug interaction potential. Additionally, 
all compounds were predicted as renal OCT2 substrates (0.5979–
0.9310), indicating a moderate likelihood of renal excretion. 

Based on the overall ADME predictions, A18 appears to possess a 
balanced pharmacokinetic profile with good solubility, high 
intestinal absorption, moderate plasma binding, and limited CYP-
mediated metabolism. However, its BBB permeability (Log BB = 
0.57) must be considered a liability rather than an advantage. The 
revised discussion now clearly highlights that while quercetin (A18) 
shows favorable general pharmacokinetic traits, its CNS 
permeability may necessitate formulation or structural modification 
strategies to reduce BBB penetration if it is to be developed further 
as a therapeutic α-glucosidase inhibitor. 

Toxicity profile 

An in silico toxicity analysis was performed on the lead compounds 
A15, A17, and A18 produced by C. prostratus, to forecast the 
potential toxicological risks of the compound (including 
hepatotoxicity, carcinogenicity, immunotoxicity, mutagenicity, 
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cytotoxicity, and receptor-mediated interactions) via use of the 
protox-iii server (table 6). All the three compounds, as per findings, 
had a good safety profile. Most of the parameters were forecasted to 
be dormant, indicating a minimal potential of toxicity. There was 
little chance of liver damage or genetic toxicity because none of the 
compounds had hepatotoxic, mutagenic, or cytotoxic effects. 
Perhaps as a result of structural characteristics affecting immune 
receptor interactions, compound A17 displayed a weak alert for 
carcinogenicity (probability 0.55), whereas compound A15 
displayed mild immunotoxic potential (probability 0.52). A18, on the 
other hand, was inactive across these parameters, indicating a 
relatively higher level of safety. 

A17 and A18 showed a weak activity on estrogen receptor alpha 
(ER-α), ligand-binding domain with moderate probabilities of 
activity (0.87 and 0.95, respectively), which in turn signals a low 

potential of endocrine disruption but most of the compounds were 
inactive on androgen, aromatase, and PPAR-γ receptors. A18's lack 
of cytotoxicity and mutagenicity supports good cellular safety, but it 
also demonstrated activity toward the mitochondrial membrane 
potential (probability 1.0), indicating a potential interaction at 
higher concentrations. 

While A18 had an LD₅₀ of 159 mg/kg and was classified under class 
3 (toxic if swallowed) with 100% prediction accuracy, A15 and A17 
had predicted LD₅₀ values of 650 mg/kg, placing them in toxicity 
class 4 (harmful if swallowed). A18 has a slightly higher predicted 
toxicity, but given its potent pharmacological potential, its overall 
safety profile is still acceptable. A18 emerged as a strong yet safe 
bioactive lead candidate from C. prostratus, deserving of additional 
experimental validation, while the other two compounds showed 
low toxicity and good biocompatibility (table 6). 

 

Table 6: Toxicity profile of leads bioactives from Convolvulus prostrates using Protox III 

S. 
No. 

Target feature Compound-A15 Compound-A17 Compound-A18 
Prediction# Probability Prediction Probability Prediction Probability 

1.  Hepatotoxicity Inactive 0.80 Inactive 0.94 Inactive 0.69 
2.  Carcinogenicity Inactive 0.60 Active 0.55 Inactive 0.99 
3.  Immunotoxicity Active 0.52 Inactive 0.69 Inactive 0.87 
4.  Mutagenicity Inactive 0.75 Inactive 0.80 Inactive 0.51 
5.  Cytotoxicity Inactive 0.53 Active 0.50 Inactive 0.99 
6.  AhR Inactive 0.90 Inactive 0.78 Active 0.91 
7.  AR Inactive 0.98 Inactive 0.92 Inactive 0.99 
8.  AR-LBD Inactive 0.97 Inactive 0.99 Inactive 0.97 
9.  Aromatase Inactive 0.92 Inactive 0.85 Inactive 0.91 
10.  ER Alpha Inactive 0.90 Inactive 0.96 Active 0.87 
11.  ER-LBD Inactive 0.90 Inactive 0.96 Active 0.95 
12.  PPAR-Gamma Inactive 0.94 Inactive 0.96 Inactive 0.98 
13.  nrf2/ARE Inactive 0.96 Inactive 0.96 Inactive 0.99 
14.  HSE Inactive 0.96 Inactive 0.96 Inactive 0.99 
15.  MMP Inactive 0.75 Inactive 0.70 Active 1.0 
16.  Phosphoprotein (Tumor 

suppressor) p53 
Inactive 0.90 Inactive 0.88 Inactive 0.97 

17.  ATAD5 Inactive 0.96 Inactive 0.98 Inactive 1.0 
18.  Predicted LD50 650 mg/kg 650 mg/kg 159 mg/kg 
19.  Predicted Toxicity Class 4 4 3 
20.  Prediction accuracy 70.97%  69.26% 100% 

#value in the brackets are probability; AhR = Aryl hydrocarbon Receptor; AR = Androgen Receptor; AR-LBD = Androgen Receptor Ligand Binding 
Domain; ER = Estrogen Receptor; ER-LBD = Estrogen Receptor Ligand Binding Domain; PPAR = Peroxisome Proliferator-Activated Receptor 
Gamma; nrf2/ARE = Nuclear factor (erythroid-derived 2)-like 2/antioxidant responsive element; HSE = Heat shock factor response element; MMP = 
Mitochondrial Membrane Potential; ATAD5 = ATPase family AAA (ATPases Associated with diverse cellular Activities) domain-containing protein 5. 

 

The present study demonstrates that among the screened C. 
prostratus phytoconstituents, compounds A18 and A15 exhibit 
strong drug-likeness, favorable binding affinity, and robust 
interaction stability toward α-glucosidase, in agreement with trends 
reported for other naturally occurring flavonoids and glycosidase 
inhibitors. Previous studies on flavonoids such as quercetin, 
kaempferol, and rutin have established that compliance with 
Lipinski’s rule—particularly moderate lipophilicity and optimal 
hydrogen-bonding capability—correlates strongly with oral 
bioavailability and effective enzyme inhibition. Similar observations 
have been reported by Proenca et al. (2017) [38] and He et al. 
(2029) [39], who noted that molecules exhibiting balanced LogP 
values and limited Lipinski violations tend to show superior 
gastrointestinal absorption and target engagement. The present 
findings align with these reports, especially for A15 and A18, both of 
which showed complete adherence to the rule of five. 

The docking analysis revealed that A18 demonstrated a high binding 
affinity (–9.549 kcal/mol) supported by multiple hydrogen bonds 
and π–π stacking interactions. This pattern closely matches earlier 
findings on quercetin and flavonoid analogs, where stabilization via 
Asp1157, Asp1279, Trp1355, and Phe1427 was shown to be central 
to strong α-glucosidase inhibition (Tian et al., 2024; Kwon et al., 
2022) [40, 41]. The interaction mode of A15, characterized by 
engagement of Asp1157 and Arg1510, also reflects the binding 

profiles documented for potent α-glucosidase inhibitors isolated 
from medicinal plants such as Morus alba and Camellia sinensis, 
further emphasizing the structural relevance of acidic and aromatic 
residues in catalytic pocket stabilization. 

The MM-GBSA results reinforced the docking outcomes, with A18 
showing the highest overall stability (ΔG_bind = –31.44 kcal/mol). 
Prior computational studies have pointed out that flavonoids with 
planar aromatic rings and multiple hydroxyl groups exhibit stronger 
van der Waals and electrostatic contributions, enhancing binding 
free energy-a pattern observed in both the current analysis and 
earlier reports by Liu et al. (2020) [42] and Genheden et al. (2015) 
[43]. The moderate MM-GBSA profiles of A15 and A17 correlate with 
their reduced hydrogen-bonding capacity and larger steric bulk (in 
A17), similar to trends documented in bulky glycoside inhibitors. 

MD simulation revealed that A18 maintained the lowest RMSD and 
minimal residue fluctuations, suggesting high conformational 
stability. Comparable MD findings have been reported for quercetin 
analogs bound to α-glucosidase and maltase-glucoamylase, where 
reduced backbone fluctuations and persistent hydrogen bonds were 
predictive of superior inhibitory activity [44]. Furthermore, the 
interaction persistence patterns, particularly involving Asp197, 
Glu233, and Tyr63 were consistent with earlier structural studies 
that identified these residues as key catalytic elements. 
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ADME predictions indicated high intestinal absorption and 
moderate plasma protein binding for all compounds, comparable to 
reported pharmacokinetic trends for plant-derived flavonoids. The 
predicted BBB permeability of A18 is in line with previous reports 
showing that quercetin readily crosses the BBB, which, while 
beneficial for neuroprotective applications, may pose a concern for 
peripherally targeted antidiabetic therapy [45]. The favorable 
CYP450 and OCT2 profiles support the potential of these compounds 
as orally bioavailable agents, similar to findings from studies 
evaluating herbal inhibitors of α-glucosidase. 

Regarding toxicity, all three compounds exhibited generally safe 
profiles consistent with published toxicological data for structurally 
similar phytochemicals. The mild toxicity class associated with A18 
reflects typical flavonoid behavior, with previous ProTox and 
experimental datasets confirming low carcinogenic and mutagenic risk 
for quercetin-like scaffolds when administered at therapeutic doses. 

The present work advances the understanding of C. prostratus–
derived phytoconstituents by demonstrating interaction patterns, 
stability trends, and pharmacokinetic behavior that closely parallel 
those reported for clinically relevant α-glucosidase inhibitors and 
natural flavonoids. This comparative evaluation underscores the 
potential of A18 and A15 as promising lead candidates and 
highlights the need for further in vitro and in vivo studies to validate 
their therapeutic efficacy. 

CONCLUSION 

In this work, phytoconstituents reported from C. prostratus were 
systematically evaluated for their α-glucosidase inhibitory potential 
using an integrated in silico approach comprising molecular docking, 
MM-GBSA binding energy calculations, 100 ns MD simulations, and 
ADMET/toxicity prediction. Among the analyzed molecules, 
A18identified as quercetin, a well-known flavonoid naturally 
present in C. prostrates exhibited the most favorable binding affinity, 
stable interaction profile with key catalytic residues, and generally 
acceptable pharmacokinetic characteristics. However, its predicted 
effect on mitochondrial membrane potential suggests a possible 
mitochondrial toxicity liability that warrants careful examination in 
experimental studies. 

Rather than representing the identification of a novel inhibitor, this 
study provides a comprehensive computational characterization of 
quercetin and related phytoconstituents from C. prostratus in the context 
of α-glucosidase inhibition. The findings collectively support these 
compounds as promising candidates for further biological assessment. 
Future in vitro enzyme assays, cell-based evaluations, and in vivo studies 
are required to validate their therapeutic relevance and safety for 
potential use in the management of postprandial hyperglycemia. 
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