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Diabetes mellitus is a prevalent metabolic disorder requiring effective and safe
therapeutic approaches. Natural compounds have gained attention as potential
alternatives to synthetic drugs such as acarbose, which may cause adverse effects. This
study aimed to evaluate the antidiabetic potential of secondary metabolites from Annona
muricata leaves as a-amylase inhibitors using an in-silico approach. Molecular docking
(PyRx), molecular dynamics simulation (Desmond, 100 ns), and ADMET prediction
were performed to assess binding affinity, stability, and drug-likeness properties. Among
the tested compounds, three lead compounds exhibited the strongest binding affinity:
coclaurine (-9.25 kcal/mol), (+)(-) Xylopine (-8.94 kcal/mol), and annomuricine (-8.82
kcal/mol) compared to acarbose (-4.95 kcal/mol). Molecular dynamics analysis
demonstrated annomuricine was the most stable interaction with key catalytic residues
(Asp197, Glu233, and Asp300). Additionally,annomuricine satisfied Lipinski’s Rule of
Five and showed favorable pharmacokinetic profiles, although it interacted with CYP
enzymes. In conclusion, annomuricine demonstrates strong potential as a natural a-
amylase inhibitor and may serve as a promising candidate for antidiabetic drug
development. However, further in vitro and in vivo studies are required to validate these
findings.
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1. INTRODUCTION

Diabetes mellitus (DM) remains a major global
health  problem  characterized by  chronic
hyperglycemia and severe long-term complications
that negatively affect patients’ quality of life.
According to the World Health Organization (WHO),
diabetes causes approximately 1.5 million deaths
annually worldwide, reflecting its significant global
burden !. The increasing prevalence of diabetes
highlights the urgent need for effective, safe, and
affordable therapeutic strategies. Early diagnosis and
proper treatment are important to prevent
complications, reduce premature mortality, and
improve patient quality of life 2.

Diabetes mellitus is a chronic metabolic
disorder caused by impaired insulin secretion, insulin

action, or both, leading to persistent hyperglycemia °.
The disease develops through complex interactions
between genetic and environmental factors *. Type 1
diabetes is characterized by autoimmune destruction
of pancreatic P-cells, whereas type 2 diabetes is
associated with obesity, insulin resistance, and
impaired insulin secretion. Current diabetes
management focuses on glycemic control using oral
and injectable antihyperglycemic agents °. One
important therapeutic target is the a-amylase enzyme,
which plays a major role in carbohydrate digestion and
glucose absorption. Inhibition of o-amylase can
reduce postprandial blood glucose levels, making this
enzyme an important target in antidiabetic therapy °.
Acarbose is a clinically used a-amylase and a-
glucosidase inhibitor; however, its long-term use is
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often associated with gastrointestinal side effects and
impaired liver function 7%, Therefore, there is growing
interest in discovering natural compounds with
antidiabetic activity that possess fewer side effects and
lower treatment costs °. One promising medicinal
plant is soursop (Annona muricata L.), which contains
various Dbioactive secondary metabolites such as
alkaloids, flavonoids, phenolics, acetogenins, steroids,
and saponins. Pharmacological studies have
demonstrated that Annona muricata exhibits
anticancer, antioxidant, antimicrobial, anti-
inflammatory, and antihyperglycemic activities 112,
In diabetes management, soursop leaves are known to
inhibit a-amylase and a-glucosidase, thereby reducing
postprandial glucose levels '*.

Several metabolites from Annona muricata,
particularly coclaurine and xylopine, are believed to
contribute to a-amylase inhibition through interactions
with the enzyme’s active site. Experimental studies
support these findings. Kusuma (2021) reported that
the ethanol extract of soursop leaves significantly
reduced blood glucose levels in glucose-induced mice
14 while Opara (2021) demonstrated similar
antihyperglycemic effects in alloxan-induced Wistar
rats 1. Despite these findings, molecular-level studies
evaluating the interaction of individual metabolites

with a-amylase remain limited. Therefore, this study
aims to conduct a comprehensive in silico
investigation using molecular docking, molecular
dynamics simulation, and ADMET analysis to identify
potential antidiabetic compounds from Annona
muricata leaves.

2. RESEARCH METHODS

The a-amylase enzyme (PDB ID: 3BLP) was
selected as the target receptor because of its important
role in carbohydrate metabolism and its relevance as a
therapeutic target for diabetes mellitus '°. The crystal
structure with a resolution of 1.60 A was retrieved
from the Protein Data Bank (https://www.rcsb.org).
Receptor  validation was  performed using
Ramachandran  plot analysis, ERRAT, and
VERIFY3D to confirm structural and stereochemical
quality. Receptor preparation included removal of
water molecules and native conformers, followed by
native ligand separation using Molegro Molecular
Viewer '7. Hydrogen atoms and partial charges were
added using BIOVIA Discovery Studio 2021 '8
Docking validation in PyRx 0.9.8 used 150 GA runs
and was considered valid when RMSD was <2 A.

(a)

(b)

Figure 1. The 3D structure of the natural ligand (a) and the protein (b)

Ligand Preparation

A total of 203 secondary metabolites contained
in soursop leaves were obtained from the
https://www.knapsackfamily.com/jamu/top.php
website then downloaded from the
https://pubchem.ncbi.nlm.nih.gov/ website and
downloaded in 2D format .sdf and converted into
.mol2 format. Using MarvinSketch software, each
compound was cleaned in 2D format and then
protonated at pH 7.4 according to the pH of blood and
stored in .mrv format. Furthermore, energy
minimization was carried out using the Merck
Molecular Force Field (MMFF94) conformation with
a total of 10 conformations, then stored in .pdb format.
MMFF9%4 is a type of energy minimization equation
used in organic compounds .

Molecular Docking

Virtual screening of ligand compounds that
have been prepared was carried out on PyRx Virtual
Screening Tool 0.9.8 software with the Autodock
Wizard method. The docking process was carried out
on 203 compounds in .pdbqt format with
macromolecules in the form of receptors that had been
prepared and validated to see their interactions with
potential targets. This process uses a gridbox that has
been validated previously by running 150 GA runs for
150 times. The binding affinity value between each
ligand and the receptor was obtained, and the three
best compounds with the lowest binding value were
selected. The three compounds that have the lowest
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value were coclaurine, (+)-(+)(-) Xylopine, and
annomuricine.

Molecular Dynamics

The selected compounds, along with the native
ligand and the standard drug acarbose, were further
analyzed through a 100 ns molecular dynamics (MD)
simulation using the academic version of Desmond
Release 2019 (Schrodinger, LLC, New York, NY,
USA). The simulation conditions included the TIP3P
water model, 0.15 M NaCl concentration, and an NPT
ensemble maintained at 300 K and 1.01325 bar within
an orthorhombic simulation box measuring 10 A x 10

Ax10A2,

Drug Scan, Pharmacokinetic and Toxicity Profile
Prediction

Drug-likeness evaluation was conducted
according to Lipinski’s Rule of Five using the SCFBio
platform. In addition, pharmacokinetic and toxicity

Psi (degrecs)

135 180 Total number of

End-residues

characteristics were assessed using the pkCSM server
to predict ADMET properties, including absorption,
distribution, metabolism, excretion, and toxicity '*2!.

3. RESULTS AND DISCUSSION
The Receptor Identification Results

Prior to molecular docking analysis, receptor
validation was an essential step to ensure that the
selected protein  structure  possesses  good
stereochemical quality and structural stability.
Validation of the receptor structure was important
because the accuracy of ligand-receptor interaction
studies was strongly influenced by the quality of the
protein model used. In this study, the o-amylase
enzyme with PDB code 3BLP was evaluated using
Ramachandran plot analysis and quality factor
assessment to determine the reliability and suitability
of the receptor for molecular docking simulations. The
results of these validation analyses are presented in
Figures 2 and Figure S1.

PROCHECK statistics

1. Ramachandran Plot statistics

No. of
residues %-tage

Most favoured regicna [A,B,L] 378 90.0%*
RAdditional allowed regions [a,b,1,p] 41 S.E%
Genercusly allowed regicns [~a,~b,~1,~p] 1 0.2%
Disallowed regions [¥X] 0 0.0%

Non-glycine and non-proline residues 420 100.0%

{excl. Gly and Pro) 2

Glycine residues 51
Proline residues 22

residues 435

Figure 2. The Ramachandran plot of enzyme a-amylase (3BLP.pdb)

The Ramachandran plot (Figure 2) analysis of
the a-amylase receptor (3BLP.pdb) demonstrated that
the protein structure possessed good stereochemical
quality and was suitable for molecular docking
studies. The PROCHECK statistics showed that
90.0% of amino acid residues were located in the most
favored regions, indicating that the majority of the
backbone dihedral angles (¢ and vy) adopted
energetically favorable conformations %% In addition,
9.8% of residues were found in the additionally
allowed regions, while only 0.2% were present in the
generously allowed regions. Importantly, no residues
were detected in the disallowed regions, suggesting
the absence of significant structural distortions or
unfavorable conformations within the protein
structure.

A high percentage of residues in the most
favored regions reflects the structural stability and
reliability of the receptor model. Generally, a protein
structure is considered valid and of good quality when
more than 90% of residues are distributed within the

favored regions of the Ramachandran plot. The
absence of residues in disallowed regions further
confirms that the a-amylase receptor has an acceptable
geometric configuration and appropriate torsional
angles for protein modeling studies 2. Therefore, the
3BLP receptor structure can be considered accurate
and reliable for subsequent molecular docking and
molecular dynamics simulations in evaluating ligand—
receptor interactions 4%, The absence of residues in
the disallowed region means that are no deviations that
occur in the protein structure used 26?7,

Profile checking, ERRAT analysis, and 3D
VERIFY  were performed on the web
https://saves.mbi.ucla.edu, which is able to predict
various types of stereochemical parameters of protein
structures %

The overall quality factor value in the ERRAT
analysis shown in Figure S1 was 96.091%. An
ERRAT value of 95% or higher indicates a good high-
resolution model. This means that the atomic
environment is in the acceptable region®®. No error
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peaks were detected at positions 140-160 and 220-240,
which means no potential errors were found. Based on
the analysis, the structure of enzyme a-Amylase with
PDB code 3BLP has a high-resolution structure and
can be used in ligand-receptor interaction studies®.

The Docking Validation Results

The previously separated receptor was validated
by re-docking the a-amylase enzyme receptor with the
natural ligand (GLC-AGL) for 150 conformations
using the Genetic algorithm (GA) with a 0.375 A
spacing setting in the PyRx application.

Validation of the docking method yielded an
RMSD of 0.62 A. RMSD (Root Mean Square
Deviation) value is a value that shows the distance
between the bond position of the natural ligand with
protein after re-docking and the actual bond position.
This RMSD value is used as a validation parameter?’.
An RMSD value <2A indicates that the method is
valid ?°. In addition to the RMSD value, the lowest
binding value obtained was -3.83 kcal/mol; this value
indicates that the interaction of ligand and receptor is
quite stable. Gridbox setting as one of the docking
parameters was set with grid center coordinate X =
2.692, Y = 40.975, and Z = 24.196, with a grid box
size of 40 A each. This setting was made so that the
active site of the receptor can be reached as much as
possible (Table S1).

Figure 3. Structure of natural ligand GLC-AGL of
crystallography (Blue) and after re-docking process
(Yellow)

The binding affinity (kcal/mol) of the ligand
complex with the a-amylase enzyme receptor was
obtained using PyRx with the same parameters during
the validation process. The docking process was
carried out by tethering the receptor with three test
compounds  (coclaurine,  (+)-(+)(-)Xylopine,  and
annomuricine) as well as a comparator in the form of
natural ligands, namely GLC-AGL and antidiabetic
drug acarbose. Docking process was conducted for
150 conformations and obtained the binding affinity
value (kcal/mol) of each compound against the a-
amylase enzyme receptor.

Table 1. The docking results of compounds against a-amylase enzyme

No. Compound Name Binding affinity Run Inhibition Constant
1. Acarbose -4.95 51 234.04
2. Natural ligands -4.47 53 531.54
3. Coclaurine -9.25 93 166.13
4. (+)(-) Xylopine -8.94 89 281.71
5. Annomuricine -8.82 138 344.79
H H
H
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(< ‘~H H H H H H H
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Ho\ / wo ! 3 H : —q
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(a) (b) (©

Figure 4. The 2D structure of annomuricine (a); (+)(-) xylopine (b); coclaurine (c)

The molecular docking analysis of 203
secondary metabolites derived from soursop (Annona
muricata L.) leaves against the a-amylase receptor
identified three compounds with the most favorable

binding affinity values. Among them, coclaurine
exhibited the strongest interaction, with a binding
affinity of —9.25 kcal/mol obtained in the 93™ docking
run and an inhibition constant of 166.13 nM. The
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second-best interaction was observed for (+)(—)
xylopine, which showed a binding affinity value of
—8.94 kcal/mol in the 89th run and an inhibition
constant of 281.71 nM. Meanwhile, annomuricine
demonstrated a binding affinity of —8.82 kcal/mol in
the 138" run, accompanied by an inhibition constant
of 344.79 nM (Table 1).

Acarbose was used as a comparison drug as it
shares the same mechanism of action on the a-amylase
enzyme. The docking results showed that Acarbose
had a binding affinity of -4.95 kcal/mol, and another
natural ligand (GLC-AGL) showed a binding affinity
of -4.47 kcal/mol. The binding affinity value is a
parameter to assess the ability of the drug to bind to
the receptor. The smaller the binding affinity value,
the higher the affinity of the receptor and ligand*"-*.
Comparison of docking results between test
compounds and comparators showed that metabolite
compounds in soursop leaves potentially have stronger
binding affinity to a-amylase enzyme than natural
ligands and Acarbose. The ability of a compound to
interact with the target receptor was evidenced by its
stronger binding affinities (More negative values)
compared to the reference compound. This showed
that Coclaurine, ) Xylopine, and
Annomuricinewere compounds that had potential as
o-amylase enzyme inhibitors. The stability of the
interaction between the ligand and the receptor is
strongly influenced by the binding affinity value. The
more negative the value, the smaller the energy used
by the test compound to interact with the receptor, so
that the interaction can take place stably and
spontaneously *. The lower binding affinity of
coclaurine, (+)(-) xylopine, and annomuricine
compared to acarbose suggests a stronger interaction
with the a-amylase active site, which may enhance its
inhibitory potential,. This indicates that bioactive
compound from Annona muricata leaves could serve
as a promising lead compound for antidiabetic drug
development, particularly as a natural alternative with
potentially improved efficacy. However, further
experimental validation is required to confirm its

Interactions

Figure 5. The 2D/3D visualization of a-amylase — coclaurine

biological activity. From the docking results,
coclaurine exhibited the lowest binding afinity
supported by 2D and 3D visualizations of the a-
amylase—coclaurine complex to illustrate the
interactions between the receptor and ligand, as
presented in Figure 5 (another 2D/3D visualization in
Figure S2).

The interaction between the a-amylase enzyme
and the best docking compounds was visualized to
identify important amino acid residues involved in
ligand binding at the enzyme’s active site. These
interactions reflect the molecular contacts formed
between the ligand and receptor, where amino acid
residues within the binding pocket interact with
ligands through hydrophobic, hydrophilic, and
hydrogen bonding interactions **. Such interactions
are essential because they contribute to the stability
and affinity of ligand—-receptor complexes (can be seen
in Table 2).

Visualization of acarbose interaction with the a-
amylase receptor identified 10 amino acid residues
involved in ligand binding. Hydrophilic interactions
through hydrogen bonds were observed at His:305,
Asp:300, Trp:59, and GIn:63, whereas Gly:306,
His:299, Tyr:62, Leu:165, Glu:60, and Trp:58
contributed through hydrophobic interactions. These
residues were used as reference points to compare the
interaction profiles of coclaurine, (+)(—) xylopine, and
annomuricine against the a-amylase receptor.

Coclaurine interacted with 15 amino acid
residues and shared five residues with acarbose,
including His:305 and Gly:306 through hydrogen
bonding, as well as Trp:58, Asp:300, and Trp:59
through hydrophobic interactions. (+)(—) Xylopine
also interacted with 15 residues and exhibited six
residues similar to acarbose, involving His:305,
His:299, Trp:58, Asp:300, Tyr:62, and Gly:306.
Annomuricine showed the greatest similarity to
acarbose, sharing seven amino acid residues, including
His:305, Gly:306, GIn:63, Tyr:62, His:299, Trp:58,
and Trp:59.
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Table 2. Residues interaction of coclaurine, (+)(-)xylopine, annomuricine, GLC-AGL and acarbose on a-amylase enzyme

. Residue Type
Residue .
No. Test Compound Amount Conventional Hvdrophobic Bonds
Hydrogen bonds ydrop

3 (His:305 12 (Trp:58, His:201, Val:234, Ser:199,
1. Coclaurine 15 Glv:306 .Ile'2’35) Arg: 195, Leu: 162, Asp:300, Glu:233,

y:210, He: Asp:197, Trp:59, Ala:198, Lys:200)

14 (Gly:306, Val:234, Leu:162,
. . . Ala:198, His:299, Trp:58, Asp:300,
2 (+)(-) Xylopine 15 1 (His:305) Asp:197, Tyr:62, Glu:233, Lys:200,
His:201, Ile:235, Arg:195)

13 (GIn:63, Tyr:62, His: 101, Arg:195,

.. 2 (His:305, His:299, Trp:58, Trp:59, Asp:300,

3 Annomuricine 15 Gly:306) Glu:233, Asp:197, Ala:198, Leu: 165,

Leu:162)

.. 19 (Tyr:62, Asp:197, Ile:235, His:201,

4 (His:299, Lys:200, Val:234, Ser:199, Gly:306,

GLC-AGL Arg:195,

4 (Natural Ligand) 21 Asp-300 Ala:198, Leu:162, Leu:165, Tyr:151,

£ p-2v% His:305, Ser:163, Trp:59, Trp:58, His:
Glu:233)
101)
4 (His:305, . .. . ]

5 dcarbose 10 Asp:300, Trp:59, 6 (Gly:306, His:299, Tyr:62, Leu:165,

Gln:63) Glu:60, Trp:58)

The a-amylase active site contains three
essential catalytic residues, namely Asp197, Glu233,
and Asp300, which are crucial for starch hydrolysis.
Molecular dynamics simulations demonstrated that
the tested compounds interacted with these residues,
indicating their ability to bind at the active site *°.
Aspl197 functions as a catalytic nucleophile, Glu233
acts as an acid—base catalyst, and Asp300 stabilizes
substrate orientation during catalysis.

Hydrophilic and hydrophobic interactions
collectively contribute to ligand—receptor stability
3637 Hydrogen bonding strengthens electrostatic
interactions, whereas hydrophobic contacts stabilize
nonpolar interactions and reduce water interference,
thereby enhancing ligand binding affinity **. Among
the tested, three compound from annona muricata leaf
exhibited stable interactions with Asp197, Glu233,
and Asp300, suggesting strong inhibitory potential
against a-amylase through active-site binding and
interference with carbohydrate hydrolysis.

Molecular Dynamics Simulation Analysis

The ability to maintain the stability of the
docking result compounds was evaluated by using
Desmond program version 2019 free academic™®. This
process was carried out to see the stability of each test
compound that interacted with the a-amylase receptor,
which was then compared after going through the
molecular dynamics process for 100ns. The stability
of each compound can be seen from the RMSD graphs
(Figures 6 and 7).

Figure 6 illustrates the RMSD changes over
time as a parameter to evaluate the stability of ligand—
receptor complexes during molecular dynamics

simulation. Lower and more stable RMSD values
indicate greater conformational stability and stronger
inhibitory potential of the compounds toward the o-
amylase enzyme. Coclaurine, (+)(—) xylopine, and
annomuricine were represented by gray, yellow, and
blue lines, respectively. All three compounds
exhibited RMSD values within the range of 1-2.2 A
and maintained relatively stable profiles with only
slight fluctuations. Minor fluctuations occurred in the
17.4-40.6 ns region for coclaurine and (+)(—)
xylopine, and in the 43.5-58.0 ns region for
annomuricine. These findings indicate that all three
compounds were able to interact stably with the o-
amylase receptor and therefore possess potential as o-
amylase inhibitors for diabetes mellitus treatment.
Among them, annomuricine demonstrated the most
stable RMSD profile with the lowest fluctuations
(detailed RMSD average in Table S2).

In comparison, the native ligand GLC-AGL and
the reference drug acarbose showed higher RMSD
fluctuations reaching up to 2.8 A. According to
Mardianingrum in Prasetiawati et al., higher
fluctuations indicate unstable interactions due to
significant positional changes during molecular
dynamics simulations *!. The lower fluctuation values
observed in the soursop-derived compounds suggest
that these metabolites formed more stable and active
interactions at the binding site than GLC-AGL and
acarbose. Consequently, these compounds may have
greater potential for development as antidiabetic
agents.

RMSF analysis (Figure 7) was conducted to
evaluate residue flexibility and fluctuations in amino
acid residues during ligand interaction **. Significant
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fluctuations were observed in residue regions 98, 140,
308, 350, and 462, with the highest fluctuation
occurring around residue 350, particularly in the
acarbose complex. Table S3 presents the lowest and
highest RMSF values of each compound and their
associated residues. Lower RMSF values indicate
stronger and more stable interactions, whereas higher
RMSF values suggest weaker and less stable binding
# (detailed RMSF average in Table S3). Coclaurine,
xylopine, and annomuricine showed the lowest RMSF
values 0f 0.345 A, 0.345 A, and 0.382 A, respectively,
all involving the Argl95 residue. These values were
lower than those of GLC-AGL (0.443 A at Asn46) and
acarbose (0.412 A at Met338). The highest RMSF
values were observed at residues Asn350 for
coclaurine and xylopine (4.541 A) and Asn364 for
annomuricine (4.055 A), whereas acarbose exhibited
the highest fluctuation at Gly351 (7.021 A).
Secondary structure element (SSE) analysis
during the 100 ns simulation was performed to
evaluate changes in the protein’s 3D structure **. The
annomuricine—o-amylase complex showed that
36.45% of protein residues were maintained in

y i

RMSD
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J o A I
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secondary structures, consisting of 16.94% a-helix
and 19.51% [-strand conformations (Figure S3).

The interaction between annomuricine and the
a-amylase receptor was monitored throughout the 100
ns molecular dynamics simulation. Figure 8
demonstrates the various amino acid residues involved
in ligand—protein interactions during the simulation
period. Several interaction types were observed,
including hydrogen bonds, hydrophobic interactions,
ionic bonds, and water bridges, all of which
contributed to ligand—receptor stability. Among these
interactions, hydrogen bonds were the most dominant
and are known to enhance stability while promoting
biological responses at the target protein *. Key
hydrogen bond interactions involved residues Asp197,
GIn663, Asp300, His305, and Gly3066. Notably,
Asp197and Asp300 maintained strong hydrogen bond
interactions for nearly 100% of the simulation time.
Since Aspl197, Glu233, and Asp300 are essential
catalytic residues located at the active site of a-
amylase, these interactions strongly support the
binding potential of annomuricine toward the
enzyme’s active site.

(

N

QROVINOQROUINQROYINOROINQROYINO RO LN
N O DO NS N O MTONONMINND S NS 0 QO o MmN a
QSRR ARSFRCBICBERRRRRAZIIIBEFTRASTR

coclaurine xylopin  —— Annomuricine

Figure 6. The RMSD of the ligand-receptor complex in molecular dynamics for 100ns
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Figure 7. The RMSF of the ligand-receptor complex at 100ns
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H-bonds

Protein-Ligand Contacts

Hydrophobic M lonic M Water bridges |

Figure 8. Protein ligand contact of annomuricine and enzyme a-amylase in molecular dynamics 100ns.

Table 3. Lipinski's profile of test compounds

Compound Number of H-bond Number of H- Molecular LogP Molar
Donors (<5) bonded acceptors Weight (<500) (0-5) Refractivity
(<10) (40-130)
Annomuricine 1 4 329 3.15523 90.503288
Coclaurine 2 3 285 2.26445 79.006909
(H)(-) Xylopine 3 295 1.94557 79.120193
Table 4. Pharmacokinetic profile of test compounds
Parameters Coclaurine (+)(-) Xylopine Annomuricine Unit

Property Model name Value
Absorption Water solubility -3.27 -2.972 -3.077 (log mol/L)
Absorption Caco, permeability 1.165 1.647 1.221 (log P in 10 cm/s)
Absorption Intestinal absorption (human) 92.875 91.985 90.876 (% Absorbed)
Distribution VDss (human) -2.782 1.027 0.996 (log L/kg)
Distribution BBB permeability 0.177 0.343 -0.332 (log BB)
Metabolism CYP2D6 substrate Yes No. Yes (Yes/No)
Metabolism CYP1A2 inhibitor Yes Yes Yes (Yes/No)
Excretion Total Clearance 1.075 1.073 1.003 (log ml/min/kg)
Excretion Renal OCT?2 substrate No. No. No. (Yes/No)
Toxicity AMES toxicity No. Yes No. (Yes/No)
Toxicity Oral Rat Acute Toxicity (LD50) 2.713 3.531 2.902 (mol/kg)”

Hydrophobic interactions also contributed Figure S4 shows that the total number of

significantly to complex stability, particularly through
residues Trp58, Trp59, Tyr62, Hisl01, Tyrl51,
Leul62, Leul65, His201, and Ile235. Tyr62
maintained hydrophobic interactions for
approximately 50% of the simulation duration. In
addition, water bridge interactions were strongly
observed at residues Gly306 and Serl163 through
water-mediated contacts *°. Some amino acids formed
multiple interaction types simultaneously, such as
Aspl197, which participated in both ionic and
hydrogen bonding, and Asp300, which formed
hydrogen bonds, ionic interactions, and water bridges.

ligand—protein contacts remained relatively stable
throughout the simulation with only minor
fluctuations, indicating consistent interaction stability.
Residues Aspl197 and Asp300 exhibited the most
intense and persistent contacts, highlighting their
critical role in stabilizing the complex.

The ligand torsion profile shown in Figure S5
further demonstrated that most rotatable bonds within
the annomuricine structure maintained stable
conformations during the simulation. Dense clustering
of torsion angles and narrow histogram distributions
indicated limited conformational fluctuations,
supporting the presence of an optimal conformation
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for strong and selective binding to the active site of a-
amylase.

Drug Scan and ADMET Prediction

A compound can be considered drug-like if the
compound meets a series of parameters in Lipinski's
Rule of Five (ROS5). These parameters are used to
assess problems in bioavailability. If a compound
violates at least two ROS criteria then bioavailability
problems may occur. Ideally, a compound has good
permeability if it has the number of hydrogen bond
donors less than 5 and the number of hydrogen bond
acceptors less than 10, molecular weight less than 500
g/mol, Log P less than 4.5 and molar refractivity in the
range of 40-130 4748,

Table 3 presents the physicochemical and
pharmacokinetic analysis of the tested compounds.
The results demonstrated that all three compounds
fulfilled the criteria of Lipinski’s Rule of Five (RO5),
indicating favorable drug-likeness properties. The
number of hydrogen bond donors and acceptors in
each compound met the accepted criteria, suggesting
that the absorption process requires relatively low
energy and can occur efficiently *°. In addition, the
molecular weights of the compounds ranged from
250-350 Daltons, which is within the Lipinski
requirement of less than 500 Daltons. Compounds
with lower molecular weight generally exhibit
improved diffusion through cell membranes, leading
to enhanced absorption and permeability in the
digestive tract *°.

The LogP values of all compounds were below
5, indicating favorable lipophilicity and the ability to
penetrate the lipid bilayer of cell membranes.
Compounds with LogP values greater than 5 are
generally more difficult to absorb, less capable of
interacting with target proteins, and may exhibit toxic
effects because of strong membrane binding 52,
Furthermore, all compounds met the acceptable molar
refractivity criteria, suggesting good molecular
polarizability, which is an important parameter in
drug-receptor interactions >. Overall, the compounds
isolated from soursop leaves fulfilled the requirements
of Lipinski’s ROS, supporting their potential as orally
active drug candidates.

Pharmacokinetic screening (Table 4) included
absorption, distribution, metabolism, excretion, and
toxicity (ADMET) parameters. Absorption analysis
involved water solubility, Caco-2 permeability, and
intestinal absorption. Among the tested compounds,
(+)(—) xylopine demonstrated the best water solubility
with a value of —2.972 log mol/L and showed the
highest permeability through Caco-2 cells with a
permeability value of 1.647. All compounds exhibited
high intestinal absorption values exceeding 90%, with
coclaurine showing the highest absorption percentage
at 92.875%.

In the distribution profile, (+)(—) xylopine
exhibited the highest VDss value at 1.027 log L/kg,
indicating greater distribution into plasma and tissue
compartments *.  Blood-brain barrier (BBB)
permeability is considered favorable when the value
exceeds 0.3, although some studies report that BBB
penetration occurs at values above 1 °***. The tested
compounds generally showed low BBB permeability.
However, this characteristic is not considered
problematic because a-amylase inhibitors primarily
act in the digestive tract to delay starch breakdown and
regulate postprandial blood glucose levels, rather than
targeting the central nervous system.

Metabolic analysis evaluated whether the
compounds acted as CYP2D6 substrates and CYP1A2
inhibitors, both of which are important cytochrome
P450 enzymes involved in hepatic drug metabolism.
Coclaurine and annomuricine were identified as
CYP2D6 substrates and CYP1A2 inhibitors, whereas
(+)(-) xylopine was not a CYP2D6 substrate but still
inhibited CYP1A2. These findings suggest that
coclaurine and annomuricine may undergo hepatic
metabolism, while all compounds could potentially
influence the metabolism of co-administered drugs °.

Excretion analysis showed that coclaurine had
the highest total clearance value (1.075 log
ml/min/kg), indicating the fastest elimination rate,
whereas annomuricine exhibited the slowest
elimination profile (1.003 log ml/min/kg) %’. None
of the compounds were substrates of renal OCT?2,
suggesting a low risk of adverse interactions with
OCT2 inhibitors. Toxicity prediction revealed that
only (+)(—) xylopine showed mutagenic potential
based on Ames toxicity analysis. In contrast,
coclaurine and annomuricine were predicted to be
non-mutagenic. Coclaurine exhibited the lowest acute
toxicity, while (+)(—) xylopine demonstrated the
highest predicted acute toxicity with an LD50 value of
3.531 mol/kg.

4. CONCLUSIONS

This study provides a comprehensive in silico
evaluation of secondary metabolites from Annona
muricata leaves as potential a-amylase inhibitors,
highlighting annomuricine as the most promising
candidate. Compared to acarbose, annomuricine
demonstrated stronger binding affinity, stable
interactions with key catalytic residues (Aspl97,
Glu233, and Asp300), and favorable drug-likeness
properties, suggesting its potential role in inhibiting a-
amylase activity at the molecular level.

Importantly, this study represents one of the
first comprehensive in silico reports systematically
evaluating Annona muricata leaf metabolites against
a-amylase in comparison with a standard drug. These
findings contribute to the identification of natural
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compounds as potential lead candidates for
antidiabetic drug development.

However, it should be emphasized that the
present results are preliminary and based solely on
computational  approaches.  Therefore, further
experimental validation through in vitro and in vivo
studies is required to confirm the inhibitory activity,
safety, and therapeutic potential of annomuricine as a
natural antidiabetic agent.
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APPENDIX

SUPPLEMANTARY

Table S1. Receptor validation results.

Grid Center Dimension  Grid Box Spacing RMSD Binding Affinity Run

X Y Z X Y Z A) A) (kcal/mol)

2.692 40975 24.196 40 0375 0.62 A -3,83 80

Table S2. RMSD values of test and comparator compounds.

Compound Average (A) Minimum value (A)  Max value (A)
GLC-AGL 2.125 1.082 2.868
Acarbose 2.131 1.070 2.639
Coclaurine 2.005 0.989 2.264
Xylopin 2.005 0.989 2.264
Annomuricine 1.723 1.059 1.968

Table S3. The RMSF values of compounds.

C d Minimum Value Maximum Value
ompoun RMSF A Residue RMSF A Residue
Coclaurine 0.345 Argl95 4.541 Asn350
Xylopine 0.345 Argl95 4.541 Asn350
Annomuricine 0.382 Argl95 4.005 Asn364
Acarbose 0.412 Met338 7.021 Gly351
GLC-AGL 0.443 Asn46 4.623 Tyr2
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Figure S1. The ERRAT analysis result of enzyme a-Amylase (3BLP.pdb).
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Figure S3. The changed pf protein secondary structure of a-4Amylase enzyme in molecular Dynamic 100ns.
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Figure S4. Timeline representation of residual contact of Annomuricine-enzyme a-amylase complex in 100 ns MD.
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