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ABSTRACT

Objective: This study aimed to identify potential glucokinase activators from Zimbabwean natural products using virtual screening techniques.

Methods: Twenty-one compounds filtered from ChEMBL ID 3820 (pEC50 = 8) were used to generate a pharmacophore model, validated with DUD-E data. This
model was employed to screen the 6,220 compounds in the Zimbabwe Natural Products Database (ZiNaPoD) using LigandScout. Hit compounds were docked
with glucokinase (protein ID 4NO7) using AutoDock Vina and AutoDock 4 in PyRx, followed by adsorption, distribution, metabolism, and excretion (ADME)
screening by SwissADME. Molecular dynamics simulations were conducted on the resulting complexes using the CHARMM36m force field on GROMACS.

Results: The validated pharmacophore model (80% accuracy, 95% sensitivity, 80% specificity) produced 149 hits, 16 of which had binding energies
< -8 kcal/mol after the two rounds of molecular docking. The ADME analysis narrowed the selection to four compounds, with binding energies
ranging from -8.35 to -9.82 kcal/mol. All four demonstrated stability in molecular dynamic simulations, with average root mean square deviation
(RMSD) values ranging from 1.491 to 3.835 A. The Sphenostylisin I and Dihydroxymethyl dihydroxybenzyl chromanone (DMDBC) complexes exhibited
the highest stability with average RMSD values of 1.491+2.794 A and 2.875+1.452 A, respectively. They also exhibited low-binding free energies of
-30.30+0.38 and -30.20+0.49 kcal/mol, making them promising targets.

Conclusion: Four potential glucokinase activators were identified, with Sphenostylisin I and DMDBC showing promise as candidates for developing
new diabetes treatments due to their stability, favorable binding, and absence of liver-toxic groups.

Keywords: Diabetes mellitus, Glucokinase, Molecular docking, Molecular dynamics, Natural products, Pharmacophore modeling, Virtual screening,
Zimbabwe.
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INTRODUCTION established classes include Sulfonylureas (SU), SGLT (Sodium-Glucose
Cotransporter Type 2 inhibitors), GLP1R (Glucagon-like Peptide-1
Receptor agonists) and DPP4 (dipeptidyl peptidase-4 inhibitors). These
and other classes are responsible for over 66 diabetes drugs currently
circulating [2]. Despite all these, only 30-50% of people with diabetes
achieve glycemic control i.e. glycated hemoglobin (HbA1c) <7.0% (<53
mmol/mol) [5]. This is due to different factors including; struggle by
patients to adhere to medication, lifestyle factors, socioeconomic
factors like lack of access to adequate medication, comorbidities like
hypertension leading to adverse effects of drug-drug interactions, and a
general individual variability to treatment influenced by genetic factors
[5,6]. This means that the search for better drugs remains ongoing,
and one of the best methods for discovering new drugs is by either

The global prevalence of diabetes has seen a significant increase over the
pasttwo decades and is projected to exceed 12.5% by 2030, highlighting
a growing health challenge worldwide [1]. Type 2 Diabetes Mellitus
(T2DM), which is the insensitivity of insulin receptors (pancreatic
beta cells) leading to hyperglycemia, accounts for 90% of all diabetes
cases [2]. Due to the high cost, general lack of conventional medication,
and lifestyle, a lot of people, especially in low-income countries, use
medicinal plants to achieve glycemic control [3]. This is especially
true for numerous Asian and African communities. In Zimbabwe,
almost 60% of the recorded 850,000 people living with diabetes were
found to achieve glycemic control using herbal medicine [4]. Although
this system appears to be effective, most of these medications are

administered by traditional healers without consideration for their
mechanisms of action, potential side effects, or underlying toxicities. To
address these gaps, experimental studies are conducted to evaluate the
effects of the molecules under investigation on the therapeutic target.

Numerous studies have identified multiple therapeutic targets for
managing T2DM, each with distinct mechanisms of action, side effects,
and other properties [2]. This led to the discovery of classes of drugs
associated with certain therapeutic targets, with some classes being
explored more than others due to seemingly positive results. These

discovering new targets or exploring underexplored targets. One of
these promising targets is Glucokinase (GK), also known as Hexokinase
IV or Hexokinase D [2,7-9]. GK is mainly expressed in the cells of the
pancreas and liver in the human body [10].

In pancreatic beta cells, its primary job is to regulate insulin release
based on glucose levels by phosphorylating glucose and using glucose
metabolism to create a significant amount of adenosine triphosphate
(ATP) as blood glucose levels rise [8]. Furthermore, it deactivates the
potassium ATP channels on the islet cell surface, as a result, when Ca?
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influx occurs, the islet cells release insulin, which lowers the blood
glucose content [8]. It can exist in 3 states; closed state, open state, and
super-open state. However, only the first two states are responsible for
its glucose regulatory activities [8]. A glucokinase activator (GKA) is a
molecule that can bind to an allosteric site of GK and keep it from going
to the third state [8].

In liver cells, lowering of blood glucose levels is the result of the
GK enzyme converting glucose to Glucose-6-Phopsphate (G-6-P),
which in turn causes glucose to be absorbed, stored as glycogen, and
inhibited in liver hepatocytes during the process of gluconeogenesis
(the manufacture of glucose from non-carbohydrate sources) [9]. GK
regulating proteins (GKRP) can competitively bind GK with glucose,
prevent GK from catalyzing the process of glucose phosphorylation to
G-6-P, and regulate GK activity in liver cells [8]. Small molecules that
connect allosterically to the GK enzyme or interfere with the GK-GKRP
complex can work as GKAs [9].

GK activity was discovered in the 1990s and it gained the attention
of numerous scientists, leading to a lot of study into GKAs [7]. This
eventually led to clinical trials of several GKAs including RO028167,
AMG 151 and Piragliatin, but none have yet to reach the market due
to inappropriate influences on the normal system leading to adverse
effects which include hypoglycemia, the start of fatty liver leading to
glucolipotoxicity, and hepatic cell lipidosis leading to a high risk of
hyperlipidemia [8,9,11]. These adverse effects are predominant in
synthetic GKAs and to deal with them, only GKAs with appropriate
influence on Kkinetic parameters of multiple GK targets such as
Dorzagliatin and TTP-399 are currently under investigation in Phase-III
clinical trials [11,12].

Although most attention is on synthetic GKAs, an interest in plant-
derived molecules for GKA development is growing due to the high
number of plants known to possess anti-diabetic activity, based on
their ethnopharmacological data, but with little experimental data
and no clinical data available [13]. This is especially true for the
majority African countries, including Zimbabwe, which boasts unique
biodiversity and a wealth of traditional medicinal uses [3]. While natural
products have been explored as GKAs, few studies focus on biodiversity-
rich regions like Zimbabwe. To initiate this drug discovery research,
computational methods like virtual repository screening are ideal to
inexpensively ascertain the suitability of certain ligands binding with
adequate stability to a certain target, as well as to ascertain possible
adverse events. The Zimbabwe Natural Products Database (ZiNaPoD)
is a diverse repository of therapeutic plants from Zimbabwe, compiled
through extensive literature review. Currently under construction,
it includes approximately 340 unique plants and 6,220 compounds,
selected primarily for their documented traditional medicinal use.
This research aims to use the computational methods; pharmacophore
modeling, molecular docking, Absorption, Distribution, Metabolism
and Excretion (ADME) screening and molecular dynamics simulations;
to virtually screen the ZiNaPoD for potential GKAs.

METHODS

Hardware and software

The project was conducted on a Lenovo_Legion T5 26I1AB7 12 Gen
Intel(R) Core™ i7-12700 with a 2.1GHz CPU, 128GB RAM, and a
64-bit Windows 11 Version 22H2 operating system, though some
processes were executed on an HPC using ssh access. KNIME analytics
platform (version 5.2.0) was used for the preparation of the small
molecules and dataset cleaning. For the pharmacophore modeling
and screening, the LigandScout 4.5 build 20230509 [i1_10] software
by Inte: Ligand GmbH was used. AutoDockTools (version 1.5.7) was
used for the preparation of the protein while AutoDock (version 4.2.6)
and AutoDock Vina (version 1.2.0) were used on PyRx (version 1.1)
for the molecular docking, and BioVia's Discovery Studio Visualizer
(version 24.1.0.23298) was used for the visualization of the molecular
interactions along with UCSF ChimeraX (version 1.6.1) and the Protein-
Ligand Interaction Profiler (PLIP) (https://plip-tool.biotec.tu-dresden.
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de/plip-web/plip/) [14,15]. The online tool SwissADME (http://www.
swissadme.ch/) was used for ADME property screening, then GROMACS
(version 2023) was used along with the CHARMM-GUI interface
(https://charmm-gui.org/) for molecular dynamic simulations, then
gmx_MMPBSA (Version 1.6.4) was used for binding energy analysis.

Dataset acquisition and preparation

A search of the ChEMBL (https://www.ebi.ac.uk/chembl/) target
protein with the id 3820 gave a result of 1378 compounds with
recorded half maximal effective concentration (EC;,) values. Filtration
resulted in a total of 25 compounds with pECs, values higher than or
equal to 8 which were then regarded as “active.” These molecules were
converted to 3D using the RDKit toolkit on KNIME and saved as a single
SDF file. They were then used for the generation of pharmacophores,
ignoring 4 of the compounds, thus 21 compounds were included in the
pharmacophore generation process. For validation, labeled data were
downloaded from the DUD-E (https://dude.docking.org/) database
as “actives” with 127 compounds and “decoys” with 4798 compounds
after 5 decoy duplicates were removed.

Pharmacophore development and screening

Parameters for conformer generation were set such as maximum
number of conformations set as 200 and Root Mean Square (RMS)
threshold set as 0.8, then all other options were left on default.
Ligand-based pharmacophore creation was used with scoring
function pharmacophore-ft and atom overlap, pharmacophore type
merged feature pharmacophore, number of omitted features were
set as 4, maximum number of pharmacophore model set as 10,
partially matching features as 1, and the feature tolerance factor was
set as 1. iCon Best was used for all database generation for both the
validation and library screening. After an optimum pharmacophore
model was generated, 6220 compounds were then loaded from the
ZiNaPoD database as the screening library. Virtual screening mode was
performed using scoring function pharmacophore-ft with screening
mode “match all query features”, retrieval mode “get best matching
conformation”, and maximum number of omitted features was set to 0.

Validation of pharmacophore

The validation phase consisted of screening 2 libraries, one of known
actives and another of recorded decoys from DUD-E. After screening,
the Receiver Operating Characteristic (ROC) curve was plotted between
the percentage retrieved actives (sensitivity) and percentage retrieved
decoys (1-specificity). It came along with the Area Under Curve (AUC) at
different percentages of the library screening, the Enhancement Factor
(EF) at different percentages of the library screening, true positives (TP),
and false positives (FP). True negatives (TN) and false negatives (FN)
were calculated using the formulae TN = actives - TP, and FN = decoys
- FP. The performance metrics: Sensitivity (SE), Specificity (SP), and

Accuracy (AC) were calculated using the formulae SE =T%TP+FN)

_TN, ~TP+TN,
SP= /(TN+FP) »and AC= %Total compounds) (12].

Molecular docking

The protein structure with a PDB id of 4NO7, a resolution of 1.70 A,
determined using X-Ray diffraction, was selected as the target protein
and retrieved from the Protein Data Bank (https://www.rcsb.org/) as
a PDB file. This crystal structure was selected for different reasons,
including that it is recorded in the active conformation of human
glucokinase and is activated by a ligand named 2N8, which is recorded
as Piragliatin on PubChem [16]. The online tool P2Rank is a fast,
stand-alone, template-free tool that uses machine learning to predict
ligand binding sites with superior accuracy compared to widely used
tools [17]. Along with BioVia’s discovery studio, P2ZRank was used to
select the allosteric site (Fig. 1).

The crystal structure was loaded into AutoDockTools where water
molecules were removed, polar hydrogens were added and Kolmann
charges were computed, then it was saved as a pdbqt file and later
loaded to the PyRx application. Piragliatin was added, as a control, to the
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hits of pharmacophore modeling, then they were loaded to the KNIME
analytics platform where they were converted from SMILES to 3d
molecules, had Hydrogens added, and had their geometries optimized,
then they were saved as a single SDF file which was later loaded to
PyRx. The mmff94 energy field was used to minimize the loaded ligands
which were then converted to the AutoDock format and loaded onto the
screening platform. The grid box was set as Grid center X: -9.108; Y:
3.147; Z: 20.313, number of points X: 40; Y: 40, Z: 40, and a spacing of
0.375 in accordance with the number 1 active site according to P2Rank,
BioVia's Discovery Studio as well as previous studies [8,16,18]

An exhaustiveness of 120 was used with 200 modes created for the
first docking round using the simplified scoring function on AutoDock
Vina [19], with all other options left on default. Using the semi-empirical
free energy scoring function on AutoDock 4 [20], the Genetic Algorithm
was then used with 50 runs, 150 individuals in population, 2 500 000
maximum number of energy evaluations, an rmsd-tolerance of 2.0 A,
and all other options were left on default. The standard criterion for

Fig. 1: Highest ranked predicted binding sites of PDB 4NO7, the
allosteric site is shown in yellow while the orthosteric (active)
site is shown in red
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docking validation is determining the RMSD between the docked and
crystallographic ligand positions, with success defined as an RMSD
below 2 A [21,22]. The native ligand was redocked for validation
which was analyzed using Biovia's Discovery Studio and DockRMSD.
DockRMSD is useful for docking validation because it provides
symmetry-corrected RMSD calculations by identifying the optimal
atomic correspondence between the reference and docked ligands,
ensuring accurate pose evaluation even for molecules with symmetrical
or interchangeable atoms [23].

ADME screening

Molecules with binding energies < -8.00 kcal/mol were loaded to
the online tool SwissADME where the following parameters were
assessed: Pharmacokinetics, Drug-Likeness Filters, Safety and Toxicity,
Bioavailability, Water Solubility, and Lipophilicity (Table 1) [24].

Molecular dynamics

Molecular dynamic (MD) simulations were performed using GROMACS
to investigate the structural and dynamic properties of the system [30].
The CHARMM36m force field was utilized to generate the topology
and parameter files through the CHARMM-GUI interface. The system
was solvated in a rectangular simulation box filled with TIP3P water
molecules, and ion placement was conducted using the Monte Carlo
method to neutralize the system and achieve a physiological NaCl
concentration of 0.15 M. The pH of the system was set to 7.4 to simulate
near-physiological conditions [31,32].

Energy minimization was conducted using the steepest descent
algorithm to remove steric clashes and optimize system stability.
The system was subsequently equilibrated for 100 ps. Temperature
control was maintained at 310 K through the V-rescale thermostat,
while the pressure was regulated at 1 bar using the C-rescale barostat.
The production phase of the simulation was performed for 100 ns
under the NPT ensemble, with a time step of 2 fs. Bond constraints
involving hydrogen atoms were applied using the LINCS algorithm
to ensure accurate integration of motion. Long-range electrostatic
interactions were calculated using the Particle Mesh Ewald (PME)
method, with a 1.2 nm cutoff for both electrostatic and Van der Waals
interactions. Simulation trajectories were saved every 10 ps for
subsequent analyses.

Table 1: ADME screening rationale used for docking results, including categories, parameters, brief descriptions, and selection criteria
(in brackets)

Category Parameter

Description

Pharmacokinetics (Any
molecule that tested positive
in at least 3/6 of the given
parameters was considered
for subsequent analysis)

Gastrointestinal (GI) absorption

were desired)
CYP 450 inhibition: CYP2C19,

CYP2C9, CYP2D6, CYP3A4

The process by which a drug or substance is absorbed from the
gastrointestinal tract into systemic circulation is critical to its bioavailability.
A higher GI absorption indicates greater systemic absorption of the

drug [25]. (High GI absorption was desired)

P-glycoprotein substrate (Substrates Among other effects, they lead to the increase in the GI absorption power of
drugs [26].

Inhibition of any of the enzymes can cause disruptions like drug-drug
interactions that can lead to adverse events [27]. (Non-inhibitors were

counted)

Drug-Likeness

Filters: Lipinsiki, Ghose, Veber, Egan. These are set rules to determine whether a molecule has the capacity to be

developed into a drug.

Bioavailability Bioavailability Score
Safety and Toxicity PAINS (Pan Assay Interference They usually indicate high chances of false positives when detected.
Compounds)
Brenk These are small fragments of a molecule that could be toxic, chemically
reactive, metabolically unstable, etc.,
Water solubility (Log S (ESOL), Log S (Ali), and Log S This is an average of the named solubilities. Better solubility enhances drug
(SILICOS-IT) absorption into the bloodstream, improving delivery to the site of action [28].
(Only molecules that were considered moderately soluble or better were
included)
Lipophilicity Consensus Log Po/w This is calculated from various lipophilicity parameters. A lipophilicity range

of 1-3 strikes a balance between good solubility, permeability, and binding
affinity, while minimizing potential toxicity [29].
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Post-simulation analyses included the calculation of Root Mean
Square Deviation (RMSD) to evaluate overall structural stability, Root
Mean Square Fluctuation (RMSF) to assess the flexibility of individual
residues throughout the simulation, and Molecular Mechanics Poisson-
Boltzmann Surface Area/Generalized Born Surface Area (MM-PBSA/
MM-GBSA) for the binding free energy from the complex between ligand
and protein. The graphical plots were viewed using xmgrace while the
MM-PBSA/MM-GBSA analyses were performed using gmx_MMPBSA on
a Conda environment [33,34]. Analyses were done for entirety of the
simulation process.

RESULTS AND DISCUSSION

Pharmacophore modeling

The pharmacophore model validation involved selecting a model that
balanced the chosen validation parameters to optimize selection while
minimizing the exclusion of true positives. This balance was achieved
with model 6, as highlighted in Table 2.

Model 6 (Fig. 2) was selected for screening the library, yielding a hit
rate of 2.4%, corresponding to 149 hits out of 6,220 compounds in the
ZiNaPoD database. Fig. 2a illustrates the pharmacophoric features of
the model, which include two hydrogen bond acceptors, two aromatic
rings, one hydrogen bond donor, and one hydrophobic group. Validation
results demonstrated that model 6 is 80% accurate, 80% specific, and
95% sensitive, offering optimal selectivity, as evidenced by the Receiver
Operating Characteristics (ROC) curve in Fig. 2b.

Molecular docking

Docking validation involves assessing the docking protocol using
methods appropriate to the available structural data. Since this
simulation utilized the same binding site as the native ligand, re-docking
was deemed the most suitable validation approach. The re-docking
process was performed using DockRMSD, resulting in an RMSD of
0.8280 A (Fig. 3).
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To achieve more refined results, two rounds of molecular docking
were conducted. The first round, performed using AutoDock Vina,
identified 40 compounds with binding energies below -8 kcal/mol.
These compounds were further screened using AutoDock 4, resulting
in 17 compounds (including the reference compound Piragliatin) with
binding energies below -8 kcal/mol, as listed in Table 3. The reference
compound Piragliatin exhibited the lowest binding energy (-12.41
kcal/mol), followed by Robinetinidol 3-0-gallate (-10.64 kcal/mol),
Prostratol C (-10.44 kcal/mol), and Nitidulan (-10.19 kcal/mol). The
remaining molecules showed binding energies ranging from -8.19 to
-9.98 kcal/mol. These 17 compounds were subsequently subjected to
ADME analysis, based on the criteria outlined in Table 1, leading to the
selection of four compounds for further investigation.

The selected compounds exhibited ADME properties comparable to
Piragliatin, with Atranorin showing the least favorable profile due to
broken Brenk rules and its inability to act as a glycoprotein substrate,
leading to higher toxicity potential. Similarly, Camptothecin also could
not act as a glycoprotein substrate, though it adhered to all Brenk
rules. In contrast, Dihydroxymethyl dihydroxybenzyl chromanone
(DMDBC) demonstrated an ADME profile similar to Piragliatin, while
Sphenostylisin [ showed a superior profile by avoiding interactions with
three out of four CYP450 proteins, reducing the likelihood of system
disruption. Although the top-ranking compounds showed higher
binding energies compared to the reference compound Piragliatin, they
demonstrated relatively low-binding energies: Atranorin (-8.35 kcal/
mol), Camptothecin (-9.82 kcal/mol), DMDBC (-8.53 kcal/mol), and
Sphenostylisin I (-8.9 kcal/mol). In a study by Khamlich on the screening
of Chinese traditional medicinal plant compounds for glucokinase
activators, molecular docking yielded binding affinities ranging from
-6.7 to -8.6 kcal/mol for Swertiamarin, Apigenin, Mangiferin, and
Tatanan A [35]. Notably, Mangiferin, with a binding affinity of -7.7 kcal/
mol, had already been validated as a potential GKA through in vitro
and in vivo studies [36]. These comparisons suggest a strong potential

Table 2: Generated pharmacophore models validated using various metrics; the selected model is highlighted in yellow

Model AUC100%" EF1s” Sensitivity Specificity Accuracy Pharmacophore Exclusion Vols
1 0.9 26.1 0.827 0.933 0.931 H3, A%, A, HBAS, HBD® 22
2 0.9 26.9 0.827 0.935 0.932 H, A, A, HBA, HBD 22
3 0.89 28.5 0.803 0.933 0.93 H, A, A, HBA, HBD 23
4 091 27.7 0.835 0.931 0.929 H, A, A, HBA, HBD 22
5 0.86 30.9 0.732 0.957 0.952 H, A, A, HBA, HBA, HBD 32
6 0.94 24.5 0.953 0.799 0.803 H, A, A, HBA, HBA, HBD 32
7 0.91 22.2 0.913 0.792 0.796 H, A, A, HBA, HBA, HBD 31
8 0.92 19 0.961 0.782 0.786 A, A, HBA, HBA, HBD 25
9 0.95 27.7 1 0.639 0.649 A, A, HBA, HBA, HBD 25
10 0.94 27.7 1 0.631 0.64 A, A, HBA, HBA, HBD 23

Area under the curve at 100% of the screening, Enrichment factor at 1%, *Hydropho

bic, “Aromatic, "Hydrogen bond acceptor, *Hydrogen bond donor

100.0%%

a0 0%

GO O

40 0%

Senstiity (% retneved actives)

20.0%

962 hits

20.0% 40 O 60.0% a0 O 100 0%

1 - Specificity (9% retrieved decoys)

Fig. 2: (a) Pharmacophoric features of the selected pharmacophore

model, model 6, excluding exclusion volumes. (b) ROC plot of the

selected pharmacophore model
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for the selected compounds to function as GKAs. However, it is worth
noting that, while Piragliatin also demonstrated promising results
in preclinical trials and passed a double-blind, placebo-controlled,
multiple-ascending-dose safety study in patients with type 2 diabetes
mellitus [37], it ultimately failed in phase 2 clinical trials due to liver
toxicity associated with long-term use. This toxicity arises from the
metabolization of its cyclopentanone group into an alcohol in the
liver [8]. As shown in Fig. 4, the oxygen of the cyclopentanone group
lacks significant interaction with the protein, making it more prone to
metabolic conversion into a toxic alcohol.

Despite slightly higher binding energies compared to Piragliatin,
Sphenostylisin I and DMDBC formed extensive hydrophobic and
hydrogen-bonding interactions, particularly with key residues such as
ARG 63, TYR 214, and GLU 67, which likely contributed to their stability.

Atranorin and Camptothecin, while showing comparable or better
binding energies, lacked robust n-n stacking or formed fewer stabilizing
interactions, limiting their potential as glucokinase activators. These
results suggest that Sphenostylisin I and DMDBC balance binding affinity
and interaction profile, making them promising candidates for further
investigation. A detailed examination of each compound also highlighted
additional expected results, providing insights into their potential activity.

Fig. 3: Docking validation. The docked ligand (red), compared to
the native ligand (blue) using BioVia discovery studio

Asian ] Pharm Clin Res, Vol 18, Issue 1, 2025, 56-67

Atranorin is a depside containing aromatic rings, ester linkages, and an
aryl aldehyde group (Fig. 5). While aldehydes are typically reactive, the
aryl aldehyde group in Atranorin is expected to metabolize into safer
byproducts, reducing the risk of liver damage [38]. In a study by Melo
et al.,, Atranorin was shown to be non-cytotoxic and exhibited redox
properties that provided cytoprotective effects, safeguarding SH-SY5Y
cells from H,0,-induced oxidative stress and viability loss [39]. These
redox properties enhance Atranorin’s potential as a dual-action GKA,
improving glucokinase activity while protecting pancreatic cells from
oxidative stress. This dual functionality makes it a strong candidate for
further investigation. As shown in Table 4, the interaction profile of the
Atranorin-Glucokinase complex is comparable to that of Piragliatin-
Glucokinase, particularly in the distribution of interaction types.
Notably, the Atranorin-Glucokinase complex exhibits a higher number
of hydrogen bonds than Piragliatin-Glucokinase, potentially leading to
distinct functional properties, further supporting Atranorin’s potential
as a GKA.

Camptothecin is a pentacyclic alkaloid (Fig. 6) that can exist in either
its lactone or carboxylate form. Despite displaying a favorable ADME
profile in this study, it is primarily researched as an anticancer agent
due to its ability to target topoisomerase I, leading to DNA damage and
apoptosis in cancer cells [40]. However, this mechanism also underpins
its toxicity, making it a less suitable candidate as a GKA. Additionally,
Camptothecin demonstrated predominantly hydrophobic interactions
with GK (Table 4), differing significantly from the reference compound
and contributing to its limited therapeutic efficacy [41]. These factors
collectively reduce its potential as a viable GKA candidate.

DMDBC (Fig. 7) is a chromanone, an oxygen-containing heterocyclic
compound. While limited information is available on this specific
molecule, other chromanones have demonstrated various therapeutic
properties with low toxicity [41,42]. This highlights a gap in the
literature, warranting further analysis of DMDBC. Notably, its binding
interactions with GK (Table 4) are well-distributed, even exceeding
those of Atranorin, which reinforces its potential as a GKA.

Sphenostylisin I is a carbonyl compound featuring a benzofuran and
a phenyl sidechain (Fig. 8). Although limited data exists on its specific
behavior, its individual components provide some insight into potential
toxicity. The carbonyl group increases susceptibility to reduction
and conjugation reactions in the liver, potentially forming various
metabolites. This is similar to the metabolic pathways observed in
Spirotetramat analogs, where specific functional groups influenced
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Fig. 4: Piragliatin-Glucokinase complex, (a) the surface view of the ligand (orange) docked inside the protein (blue), (b) 3D view of the
interactions of the ligand (orange) with the close ammino residues (blue), (c) 2D view of the interactions of the central ligand with
surrounding ammino acid residues Despite Piragliatin’s toxicity, its interaction with the allosteric site of GK activates the enzyme. This
interaction was evaluated for the top-ranking compounds (Table 4)

60



Makambwa et al.

Asian ] Pharm Clin Res, Vol 18, Issue 1, 2025, 56-67

spunoduio) 9duaI8)1e U] Aessy-Ued, ‘YVEJAD ‘90ZdAD ‘6DZdAD ‘6TIZAD Sueload G d SWOoIYd0IA),
‘U90.q S[N.I JO JaquInu 3y Juasardal s1oquunu Jay3o ay) pue ‘sutajold 9y 10j pap1odal (s10iqiyul-uou) sassed jo Jaquinu ay) Juasardal sroquunu 0GyAJD dY L -dIn[rej e syuasardal X ay afiym ‘ssed e syuasardal yon oy,

(] (] (] 1 ® o (] (] (] ® (] T ¥8'8- ¥ uisfisouayds
] ] ] L] ® 0 ] ] ] ] ] € 6'8- [ uistf&isouayds
(] (] (] % ® ©0 (] (] % ® (] I 8- ueanes
(] (] (] 1 1 1 (] 1 1 ) ) ¥ 901~ 91e[[e8-0-¢ [OpIunauUIqOy
® (] (] T ® ©0 (] (] % & (] 0 Pr01- 0 [03ens01q
® ® (] z ® o (] (] (] (] (] 4 816~ [0yoeIad
& & () 1 ® o0 T () % & () 0 61°0T- uepnIN
® ] L] T ® 0 () () () () (] z 6%'6- V QUOAB[JOSIOI']
QUO-{-UaWoIYD
-H¥-[14do.ad-[Asoueiddoloered
& (] () (] () I % I () ) ) ¥ 618~ -g1-9-14yrow-z-Ax01pAY-
QUO-T-URINJOZUI(-Z-HE
-[1Ay3e0x0-Z-(jAusydAxoypaw
(] (] (] (] ® o0 (] (] (] ® (] 0 9g'8-  -7)-zl-g-Axoypowp-£9-(s¢)
® (] (] 1 ® o (] (] (] (] (] 0 86'6- g uIssAquIAIY
(] (] (] (] ® o0 (] (] (] ® (] z £5'8- DEANa
(] (] ] z I T (] T 1 & ® ¥ 9.8~ a1e[[e8 uyoare)
(] (] (] (] ® o0 (] (] (] ® (] € 786~ upayoydure)
(] (] (] z 1T 9 (] (] (] ® (] I 756~ g [oyauesnjog
) ) ) [4 ) () () ) ) @ (] 14 Se'8- uLioueny
] L] @ L] ® 0O ] L] L] L] ] z vZ1- unerSedid
uondaosqy

jquaxg  (SNIVd uedg oasoyn 1oqap wpjisurdry urdjerdosf[s-4 19 0SVAdD (tow/ea>)

(e-1) (sreI9pOU=<) (ss'0=<) AS1ouy
Apiydodry Anqnios  fypiqe[reaeolg  ADIXOL pue f1d5es ssauady[I| Snaq naupjodeuLIeyd Suipuig puesry

unerSerd punoduiod 32uU3.13Ja.1 Y} S[IYM Mo[[a4 ur payySiysry a.ae spunodurod payuel-doy, *FNAVSSIMS Aq pa1ay sy Sunjoop Jenaajout ypoqgoiny LI dog, :g d[qeL

61



Makambwa et al.
Asian ] Pharm Clin Res, Vol 18, Issue 1, 2025, 56-67

o
=

Interactins
] v e wass o
- Corertoram =y agee Bord - e saned
[] catonrvdrogen tord B »# T
Wl oo e Accmot Accester [ &
- e C kg
]

Fig. 5: Atranorin-Glucokinase complex, (a) the surface view of the ligand (orange) docked inside the protein (blue), (b) 3D view of the
interactions of the ligand (orange) with the close ammino residues (blue), (c) 2D view of the interactions of the central ligand with

surrounding ammino acid residues
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Fig. 6: Camptothecin-Glucokinase complex, (a) the surface view of the ligand (orange) docked inside the protein (blue), (b) 3D view of
the interactions of the ligand (orange) with the close ammino residues (blue), (c) 2D view of the interactions of the central ligand with

surrounding ammino acid residues

Table 4: Interactions of Ligands with Glucokinase

Ligand Interaction type  Residue (Distance, Angstrom)
Piragliatin Hydrophobic VAL 62 (3.58); THR 65 (3.58); ILE 211 (3.55); ILE 211 (3.87); TYR 214 (3.26); TYR 214 (3.77); TYR 214 (3.74)
Hydrogen donor ARG 63 (1.84); GLU 221 (3.35)
Hydrogen Acceptor ARG 63 (2.15)
Pi-Pi Stacking TYR 214 (4.47)
Atranorin Hydrophobic ILE 211 (3.06); ILE 211 (3.07); TYR 214 (3.17); TYR 214 (3.59); VAL 455 (3.85)
Hydrogen donor THR 65 (2.28); GLY 68 (1.84); GLU 221 (2.87)
Hydrogen Acceptor ARG 63 (2.18); GLU 221 (2.84)
Pi-Pi Stacking TYR 214 (3.60)
Camptothecin  Hydrophobic VAL 62 (3.01); ARG 63 (3.64); THR 65 (3.56); ILE 159 (3.96); ILE 211 (3.77); TYR 214 (3.76); VAL 452
(3.45); VAL 455 (3.47)
Hydrogen donor ARG 63 (1.86)
DMDBC Hydrophobic VAL 62 (3.19); GLU 67 (3.82); ILE 211 (3.23); TYR 214 (3.19); TYR 214 (3.83)
Hydrogen donor THR 65 (2.46); GLY 68 (2.16); HIS 218 (3.37)
Hydrogen Acceptor ARG 63 (2.05); GLU 67 (2.92); CYS 220 (1.71)
Pi-Pi Stacking TYR 214 (4.43)
Sphenostylisin I Hydrophobic THR 65 (3.67); ILE 211 (3.59); TYR 214 (3.39); TYR 214 (3.57); TYR 215 (3.31); VAL 455 (2.94)
Hydrogen donor THR 65 (1.93); GLU 67 (3.76); GLY 68 (2.57); HIS 218 (3.25)
Hydrogen Acceptor ARG 63 (2.70); GLU 67 (3.13); CYS 220 (1.76)

Pi-Pi Stacking

TYR 214 (3.79); TYR 214 (4.50)

bioactivity and metabolism [43]. However, these moieties are generally
expected to yield less severe effects. Related compounds exhibit diverse

biological activities, including antioxidant, anti-inflammatory, and
anticancer properties, partly due to their metabolic products [44,45].
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Fig. 7: DMDBC -Glucokinase complex, (a) the surface view of the ligand (orange) docked inside the protein (blue), (b) 3D view of the
interactions of the ligand (orange) with the close ammino residues (blue), (c) 2D view of the interactions of the central ligand with
surrounding ammino acid residues
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Fig. 8: Sphenostylisin I-Glucokinase complex, (a) the surface view of the ligand (orange) docked inside the protein (blue), (b) 3D view of
the interactions of the ligand (orange) with the close ammino residues (blue), (c) 2D view of the interactions of the central ligand with
surrounding ammino acid residues

Interaction analysis (Table 4) reveals that Sphenostylisin [ forms more
hydrogen bonds with GK than Piragliatin, indicating a broader range of
interactions that could enhance its potency as a drug.

Molecular dynamics

Molecular dynamic (MD) simulations are performed to evaluate the
stability of a system. The outcomes of an MD run can be analyzed
through various approaches, including graph plotting, structural
visualization, and energy analyses. Following ADME screening, the
selected molecular complexes were subjected to MD analysis. In this
study, key graphical methods such as RMSD, RMSEF, radius of gyration
(Rg), and principal component analysis (PCA) were employed. These
analyses were complemented by energy evaluations using MMGBSA
and MMPBSA. All analyses were conducted over 100 ns simulation runs.

RMSD analysis

The RMSD plot is a key tool in MD analysis, used to assess the stability
and conformational changes of protein-ligand complexes throughout
the simulation. A stable complex typically exhibits minor fluctuations
in RMSD values following the initial equilibration period, signifying that
the system has reached a stable conformation. Conversely, significant
deviations in RMSD values indicate major structural rearrangements,
which can provide valuable insights into the binding mechanism and
dynamic behavior of the complex [46].

The ligands, labeled as “UNK,” were aligned to the backbone for RMSD
analysis, revealing an average RMSD range of 1.491 to 3.835 A (Fig. 9).
Among the ligands, Sphenostylisin [ demonstrated the highest stability,

RMSD
UNK after Isq fit to Protein
o ) T ! —— Atranorin
{ — Camptothecin
DMDBC

—— Sphenostylisin I

RMSD (Angstrom)

Time (ns)

Fig. 9: RMSD plots of the top-ranked ligands’ activity during the
simulation, highlighting relatively stable systems with notable
differences

with the lowest average of 1.491+2.794 A. The large range is due to
the great fluctuations during the initial nanoseconds of the simulation
which could be attributed to its unique interactions with the protein,
such as the two pi-pi stacking interactions, which may require more
time to stabilize. DMDBC also showed high stability, with an average
of 2.875+1.452 A, showing minimal fluctuations throughout the
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simulation. Camptothecin displayed an average of 2.357+2.343 A,
showing considerable stability. Atranorin displayed the lowest stability
with an average of 3.835+1.684 A according to RMSD analysis. These
findings highlight the potential of Sphenostylisin I and DMDBC as
promising GKAs. To further explore localized flexibility and stability, an
RMSF analysis was conducted.

RMSF analysis

RMSF is another key metric in protein-ligand MD studies, used to
quantify the flexibility of individual amino acid residues. It provides
crucial insights into the dynamic behavior of the protein-ligand
complex by identifying residues with significant fluctuations, which
may play vital roles in ligand binding and protein function [47].
Residues involved in critical interactions, such as hydrogen bonds or
hydrophobic contacts, often exhibit lower RMSF values, indicating their
contribution to stable interactions. Furthermore, RMSF serves as an
indicator of the complex’s overall stability, with lower values generally
reflecting a more stable system [31].

The RMSF values for all complexes range from approximately 0.8
to 2.2 A, indicating considerable stability across most residues
(Fig. 10). However, slight differences were observed, with Atranorin
occasionally exhibiting marginally higher RMSF values, supporting
its relatively lower stability as indicated by the RMSD analysis. The
Sphenostylisin I complex displayed higher RMSF values at residue
69 (2.849 A) and residue 458 (2.285 A), despite these residues not
being directly involved in protein-ligand interactions. Interestingly,
GLU 67 and GLY 68, located near residue 69, collectively contribute
to three hydrogen bonds. The fluctuations at residue 69 reflect the
dynamic nature of the local binding environment, suggesting that
non-interacting residues can influence or be influenced by nearby
interacting residues. These fluctuations may destabilize the hydrogen
bonds involving GLU 67 and GLY 68, potentially affecting the stability
of the interaction network.

Despite these fluctuations, the Sphenostylisin I complex maintained
overall stability, similar to the other complexes, which were also
affected in this region. DMDBC consistently exhibited the lowest RMSF
values, reinforcing its potential as a strong GKA candidate. To gain
further insights into the stability, functionality, and biological relevance
of these complexes, compactness was evaluated through the radius of
gyration (Rg) analysis, which offers additional context on their dynamic
behavior [36].

Radius of gyration analysis

The radius of gyration (Rg) quantifies the compactness of a protein
structure by calculating the root mean square distance of the
protein’s atoms from its center of mass [48]. This metric facilitates
comparisons between different molecular states or conditions, offering
valuable insights into structural stability and dynamic behavior. Rg is
particularly useful in understanding the conformational dynamics of
macromolecules, such as revealing the degree of folding or unfolding in
proteins, which is an essential aspect when assessing protein stability
and interactions [48]. Similar to RMSD and RMSF, larger fluctuations in
Rg values indicate reduced stability of the analyzed complexes.

All four systems shown in Fig. 11 exhibited low fluctuations, ranging
from 23 to 24.5 A, indicating general compactness. Sphenostylisin I
demonstrated an initial rise from 22.8 A to around 24 A within the
first 20 ns, after which it stabilized, with fluctuations of less than
0.1 A around its average value of 24 A. This suggests overall system
stability, supporting its potential as a GKA. DMDBC also maintained
considerable stability throughout the simulation, with fluctuations of
less than 0.1 A from its average Rg value of 23.80 A. Camptothecin
showed the highest fluctuation, observed between 40 to 50 ns of
the simulation. Atranorin displayed relative compactness, with
fluctuations ranging from 23.25 to 24.5 A. To gain further insights,
PCA analysis was performed.
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Fig. 10: RMSF plots showing the behavior of the ammino residues
in the top-ranked complexes during the simulation, highlighting a
common trend of stability
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Fig. 11: Rg plots of the top-ranked complexes during the MD run,
showing low fluctuations and indicating stability

PCA analysis

Principal Component Analysis (PCA) complements traditional MD
analysis by providing a more comprehensive view of molecular
motions. It captures essential, collective movements, making it easier
to interpret complex data. The principal components (PCs) derived
from MD simulations are based on the eigenvectors of the covariance
matrix, each reflecting a specific change in the protein’s trajectory [49].
A Free Energy Landscape (FEL) or Gibbs Energy Landscape is often
used to visualize the system’s essential motions or conformations.
In this visualization, the x-axis (PC1) and y-axis (PC2) correspond to
the first and second principal components, capturing the primary and
secondary variances in the dataset, respectively. The blue and green
clusters represent the most stable conformational states of the system,
where it remains for extended periods. Red regions between clusters
indicate energy barriers that the system must overcome to transition
between these stable states.

Eigenvectors were first calculated, and the dominant motions were

identified by filtering the trajectories to focus on the most relevant
movements. The Sphenostylisin [ complex exhibits the highest stability, as
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Fig. 12: FEL of the four complexes showing stability differences. Concentrated blue/green indicates higher stability; scattered blue/green
suggests lower stability with energy barriers (red). (a) Atranorin, (b) Camptothecin, (c) DMDBC, (d) Sphenostylisin I

Table 5: Average MM-G (P) BSA energies of the protein-ligand
complexes with the standard error of the mean (SEM)

Glucokinase MMGBSA (kcal/mol) MMPBSA (kcal/mol)
Complex Average+SEM Average+SEM
Atranorin -25.94+0.43 -19.88+0.41
Camptothecin -28.52+0.38 -22.17+0.38
Dihydroxy -30.20+0.49 -23.19+0.64
Sphenostylisin I -30.30+0.38 -23.90+0.56

indicated by its more concentrated cluster, despite some scattered points
outside this cluster (Fig. 12d). This suggests that the Sphenostylisin I
complex spends most of its time in a single conformation, indicating
greater stability. The overall area of the blue/green region for DMDBC
(Fig. 12c) is comparable to that of Sphenostylisin I, suggesting stability
within a single conformation. However, the DMDBC landscape displays an
almost separate region, which suggests some variability in conformations.
In contrast, the Atranorin (Fig. 12a) and Camptothecin (Fig 12b) systems
show larger regions with several red regions in between, indicating
less stable systems. These results further support the potential of
Sphenostylisin I and DMDBC as potential glucokinase activators. To
further assess the binding stability of the protein-ligand interactions, MM-
PBSA/MM-GBSA analyses were performed to estimate the free energy of
binding and quantify the stability of the molecular dynamics simulations.

MM-PBSA/MM-GBSA

MMPBSA/MMGBSA methods provide an accurate estimation of binding
free energy, offering valuable insights into the strength and stability of
protein-ligand interactions. These methods consider solvation effects,
including both polar and non-polar contributions, which are crucial
for modeling the energetics of the system in a biologically relevant
environment [50]. Additionally, MMPBSA/MMGBSA can estimate the
entropic contributions to binding, a factor that is often challenging
to capture with other computational techniques. By comparing the
calculated binding affinities with experimental data, these methods
help validate the molecular dynamics simulations, ensuring that the
observed interactions are reliable and biologically significant [51].

Since there is no direct method for running MM-GB(PB)SA
calculations using GROMACS, a tool developed by Valdes-Tresanco
et al, was employed. This tool, gmx MMPBSA, enables complex
calculations, including binding free energy and stability assessments.
It is accompanied by detailed documentation, including tutorials and
test/example files, making it highly accessible for novice users. [34].
The total average binding free energy (AG,,,) is calculated from the
individual energy of the system as follows [34]:

AGbind = (GCOmplex) - (GReceptor) - (GLigand)

Whereas each of these energies is calculated individually (G.,) as follows:

(Gx> = (EMM> + (Gsol) - (TS>

Where:

AEMM = AEbonded + AEnunbunded = (AEbond + AEangle + AEdihedral) + (AEele +
AEUdW)

AEyy = Molecular mechanical energy changes in the gas phase.

(G,,) = Energy of solvation

(TS) = Temperature and entropy energy.

MM-GBSA analyses conducted over the entire MD run yielded relatively
low-binding energy values, ranging from -25.51 to -30.68 kcal/mol
(Table 5). In contrast, MM-PBSA analyses under the same conditions
produced higher energy values, ranging from -19.47 to -24.46 kcal/
mol. The observed difference of 6-7 kcal/mol between the two methods
reflects their distinct approaches to calculating binding free energy. This
consistency across methods reinforces the reliability and robustness of
the study’s findings.

Among the tested compounds, Sphenostylisin I exhibited the highest
stability, with binding energies of -30.30 kcal/mol (MM-GBSA) and
-23.90 kcal/mol (MM-PBSA), followed closely by DMDBC with values
of -30.20 kcal/mol and -23.19 kcal/mol, respectively. These results
align with other findings in this research, providing compelling
evidence for the potential of Sphenostylisin I and DMDBC as GKAs.
Although Atranorin and Camptothecin showed higher binding energies
of -19.88 kcal/mol and -22.17 kcal/mol, respectively, their values
still suggest reasonable stability, supporting their consideration as
moderately stable complexes.

Sphenostylisin I and DMDBC demonstrated exceptional performance
across various analyses in this study, underscoring their potential as
GKAs. Although their molecular docking binding energies (-8.53 kcal /mol
for DMDBC and -8.9 kcal/mol for Sphenostylisin I) were higher than
Piragliatin’s (-12.41 kcal/mol), their interaction profiles and the findings
from literature support their promise as therapeutic candidates. Their
stability during MD simulations, favorable ADME properties, and strong
binding-free energy values suggest that Sphenostylisin I and DMDBC
could behave as effectively as Piragliatin in enhancing glucokinase activity.
However, they may present a lower risk of adverse effects, particularly
liver toxicity, due to the absence of the cyclopentanone functional group,
which was a critical factor in Piragliatin’s failure. The lack of such a
problematic moiety in Sphenostylisin I and DMDBC indicates a safer
pharmacological profile, making them promising candidates for further
investigation as glucokinase activators.

The limited research on Sphenostylisin I and DMDBC presents an

opportunity for further exploration, as analogous compounds are
recognized for multiple therapeutic benefits, including antioxidant
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and anti-inflammatory effects [42,43,45,46]. In-depth in vitro and in
vivo studies are essential to validate these findings before advancing
to optimization and clinical trials. Additionally, exploring other natural
product libraries could yield similarly favorable results, aligning with
the promising outcomes of this study.

In contrast, Camptothecin and Atranorin exhibited lower stability
across most analyses. Camptothecin’s known toxicity, stemming from
its DNA-damaging properties, significantly reduces its appeal as a GKA.
While Atranorin showed potential due to its dual therapeutic action, its
performance in stability and interaction analyses was less compelling
compared to Sphenostylisin I and DMDBC, emphasizing the latter pair’s
superior promise for further development.

CONCLUSION

In this study, the potential of Sphenostylisin I and DMDBC as GKAs was
thoroughly assessed through molecular docking, molecular dynamics
simulations, ADME analysis, and binding-free energy calculations. Both
compounds showed favorable binding affinities and excellent stability
during MD simulations, along with strong binding free energy values,
indicating their potential to activate glucokinase effectively. Despite
slightly higher binding energies compared to the reference compound
Piragliatin, their lack of liver-toxic functional groups sets them apart as
promising candidates for drug development. The comparison with other
compounds, including Camptothecin and Atranorin, further highlighted
the unique stability and favorable properties of Sphenostylisin I and
DMDBC, making them suitable alternatives to Piragliatin. Even though
an extensive research was undertaken, in silico methods were relied on,
presenting a limitation of the study.

Future research should focus on in vitro and in vivo testing of
Sphenostylisin I and DMDBC to validate their glucokinase activation
potential and assess their safety profile in biological systems. This
should include exploring the metabolic pathways and toxicity of
these compounds to ensure their suitability as long-term treatments
for conditions like type 2 diabetes, while also considering potential
interactions with other drugs. Further optimization of these compounds,
combining in silico and lab assay, could also be considered to enhance
their bioavailability and pharmacokinetic properties.
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