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ABSTRACT
Aldose reductase 2 (ALR2) plays a central role in the pathogenesis of diabetic complications, including neuropathy,
nephropathy, and retinopathy, yet the clinical translation of ALR2 inhibitors remains limited by suboptimal efficacy
and pharmacokinetic profiles. In this study, a comprehensive in silico strategy was employed to design and evaluate
dihydropyrimidinone (DHPM) derivatives as novel ALR2 inhibitors. A virtual library of 288 DHPM compounds
was constructed and screened using molecular docking, identifying 87 candidates with binding affinities and
interaction patterns comparable to the reference ligand M15. Subsequent ADMET and drug-likeness filtering refined
these to three lead compounds—DU18 (2-(5-(methoxycarbonyl)-2-oxo-6-(4-(trifluoromethyl)phenyl)-1,2,3,6-
tetrahy-dropy-rimidin-4-yl)acetate), DT12 (2-(5-(methoxycarbonyl)-6-(4-methoxyphenyl)-2-thioxo-1,2,3,6-
tetrahydro-pyri-midin-4-yl)acetate), and DT18(2-(5-(methoxycarbonyl)-2-thioxo-6-(4-(trifluoro-methyl)phenyl)-
1,2,3,6-tetrahydropyrimi-din-4-yl)acetate)—exhibiting favorable pharmacokinetic and toxicity profiles aligned with
established ALR2 inhibitors. Molecular dynamics simulations confirmed the stability of these ligands within the
ALR2 active site, highlighting persistent interactions with key catalytic residues. Their predicted binding energies
suggest inhibitory potential comparable to zopolrestat. Beyond identifying promising candidates, this work
contributes a rational design framework integrating structure-based screening, pharmacokinetic filtering, and
dynamic validation to address key limitations in ALR2 inhibitor development. The findings expand the chemical
space of DHPM-based scaffolds and provide mechanistic insights into ligand–enzyme interactions critical for
potency and selectivity. These results offer a foundation for future experimental validation and optimisation,
supporting the development of more effective therapeutics for diabetic complications and demonstrating the value of
computational approaches in accelerating early-stage drug discovery.
Keywords: Diabetes Mellitus, Dihydropyrimidinone Derivatives, ALR2 Inhibitor, Molecular Docking, Molecular
Dynamic Simulation
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INTRODUCTION
Diabetes mellitus is a chronic metabolic condition characterised by persistently elevated blood glucose
levels caused by impaired insulin secretion, reduced insulin effectiveness, or a combination of both, and it
will increase about 45% by the end of 2050.2 Although various antidiabetic medications are widely
available on the market, but drugs to combat the diabetes mellitus complications, such as retinopathy,
nephropathy, and neuropathy are still in demand. Furthermore, some other complications, such as
ketoacidosis, reduced immunity, hyperosmolar to pneumonias, are also observed.3 Tolrestat and
zenarestat exhibited some benefits against diabetic neuropathy, but concerns about liver toxicity leading
to withdrawal from use in humans for tolrestat and impaired kidney function for zenarestat.1 Related to
diabetic complications, the role of aldose reductase (ALR2) in within the polyol pathway of glucose
metabolism is well known. The polyol pathway involves a two-step process in the conversion of glucose
to fructose, that are the conversion of glucose through reduction to sorbitol catalyzed by aldose reductase
in the involvement of NADPH, followed in the second step is the enzymatic transformation of sorbitol to
fructose using NAD+ as a coenzyme.5 Therefore, designing inhibitor of aldose reductase (ALR2) is
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considered as the key therapeutic strategy to fight diabetes complications.4 In hyperglycemia
circumstances, as in diabetes, the polyol pathway increases activity. Consequently, proceed accumulation
of sorbitol resulted in cellular and organ injury. In the case of excessive accumulation of sorbitol,
decreasing myoinositol in the peripheral nerves takes place, which resulted decreasing in Na+ or K+-
ATPase activity, which is essential for nerve conduction. Briefly, increasing polyol activity and over-
utilisation of NADPH by aldose reductase can cause the compromise of several other homeostatic
mechanisms. On the other hand, the depletion of NADPH resulted in a decrease in both nitric oxide and
glutathione production. Declining nitric oxide production causes a decrease in vasodilation as observed in
circulatory abnormalities, while the decline in glutathione production causes an elevation of reactive
oxygen species that leads to impaired endothelial cell function.6 Although complications of diabetic
neuropathy are commonly observed in diabetes, their precise underlying mechanisms remain
incompletely understood, which contributes to the lack of curative therapies for this condition. Currently,
pharmacological agents prescribed for diabetic neuropathy are largely empirical and focus only on
symptomatic relief rather than disease modification. Consequently, existing research has been directed
toward the development of agents that inhibit the activity of aldose reductase (ALR2) in order to reduce
sorbitol accumulation. Moreover, it has been proposed that oxidative stress and osmotic stress induced by
activation within the polyol pathway act synergistically in the aetiology of diabetic cataract.7 Based on the
chemical structure, ALR2 inhibitors are categorised into three groups, namely acetic acid compounds,
spiro-hydantoins, and succinimides. In recent decades, these inhibitors can be obtained from both natural
and synthetic sources.8 However, a drug exhibiting low adverse effects and efficient inhibition activity is
still in demand.9 In this article, we report the design and discovery of ALR2 inhibitors based on
dihydropyrimidinone (DHPM) derivatives. DHPM is a product of Biginelli’s reaction, a one-pot multi-
component reaction consisting of the β-diketo compound, urea or thiourea, and derivatives of
benzaldehyde10 employing an in-silico study. DHPM scaffold is versatile to be modified to achieve a
similar structure with already known ALR2 inhibitors.11 This in silico study supports the United Nations
Sustainable Development Goals (SDGs) by promoting sustainable and resource-efficient research
practices through the reduction of laboratory waste, decreased energy consumption, and minimised
reliance on experimental materials and animal testing, particularly contributing to SDG 3, 9,12, and 13. In
this paper, we used acetic-based DHPM derivatives as the research objects. Based on the literature search,
there are no articles that reported DHPM derivatives as ALR2 inhibitors.

EXPERIMENTAL
Materials
Three-dimensional crystal structure of human aldose reductase-2 (ALR2) complexed with the ligand M15
(5-chloro-2-(2-fluoro-4-iodobenzyl)carbamoyl)phenoxyacetic acid) was obtained from the RCSB Protein
Data Bank (PDB ID: 4LB3).12 A total of 288 designed DHPM derivatives were used as candidates, while
18 already marketed ALR2 inhibitors were used as comparative compounds.

Preparation of ALR-2 Inhibitor Candidates
First, the 3D structures of the candidate inhibitors were generated and protonated at pH 7.4 using
Avogadro12, followed by structural optimisation with Gaussian 1613 employing the PM7 semi-empirical
method. Subsequently, charges were assigned to the candidate compounds using the AM1-BCC method
through the antechamber program.14

Virtual Screening
Virtual screening was initiated through validation of the docking parameters. The structure of the ligand-
protein complex was prepared using the DockPrep module in Chimera.15 Protein charges were assigned
with the ff14SB force field16, while non-protein components were treated using the AM1-BCC method.14
A receptor surface excluding hydrogen atom was generated and used to define spheres for docking17,
which were chosen within a 6.0 Å radius of the ligand. Finally, a simulation box with a 7.0 Å radius was
constructed for docking calculations. The grid was generated using a Lennard–Jones potential with
attraction and repulsion exponents of 6–9.18 The native ligand was then redocked into the receptor using
flexible docking in DOCK6, and successful pose reproduction was confirmed by an RMSD ≤ 2.0 Å.19
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The validated docking parameters were subsequently applied to virtual screening, and ligands were
prioritised for experimental evaluation based on their grid scores and binding conformations.

ADMET Analysis and Selection of Candidates
ADME properties were estimated using the SwissADME web server20, while poisonousness was
evaluated with the TEST program.20-1 Compounds were advanced based on predefined Selection Score21
criteria incorporating ADMET parameters and docking grid scores. ADME assessment followed the
Lipinski and Ghose–Veber rules20, considering key physicochemical properties, whereas toxicity
evaluation included Ames mutagenicity (M) and LD50. Compounds with Selection Scores (SS) higher
than that of the reference drug tolrestat were chosen for molecular dynamics simulations.

Molecular Dynamic Simulation
Molecular dynamics simulations were performed to examine ligand–receptor interactions under
physiologically relevant conditions. Three DHPM candidates, along with ligand M15 and zopolrestat,
were simulated in complex with ALR-2 using the AMBER software package.22 The protein was modelled
using the FF14SB force field, while the inhibitors were parameterized using the GAFF force field. Each
complex was placed in a TIP3P water box with a 10 Å buffer and neutralized by adding Na+ ions. Energy
minimization was carried out using the steepest descent and conjugate gradient methods in three stages
with the Sander module of AMBER. Initially, solvent molecules were minimized under positional
restraints on the protein termini, followed by minimisation of solvent and side chains with restraints on
active-site and terminal residues. Finally, the whole system underwent unrestrained minimization to
ensure complete relaxation. It was then gradually heated from 0 to 310 K using the NVT ensemble,
followed by equilibration of the system density at 310 K. Subsequent equilibration was performed under
NPT conditions through multiple stages with progressively reduced positional restraints on active-site and
terminal residues. A 150 ns production MD simulation was then conducted to evaluate system stability,
using the sander module of AMBER.

Calculation of the Binding Free Energy
The binding affinity was determined by computing the binding free energy from the last 10 ns of the
simulation using 2000 snapshots. Free energy calculations were conducted using the MM-PBSA and
MM-GBSA23 approaches.

∆Gbind = Gcom − (Grec + Glig) (1)
∆Gbind = ∆H − T∆S ≈ ∆EMM + ∆Gsol − T∆S (2)
∆EMM = ∆Eint + ∆Eele+ ∆Evdw (3)
∆Gsol = ∆GGB/PB + ∆GSA (4)

Here, Gcom, Grec, and Glig represent the free energies of the complex, receptor, and ligand, respectively.
The binding free energy is composed of gas-phase enthalpy, solvation free energy, and conformational
entropy contributions. The gas-phase term comprises internal, electrostatic, and van der Waals energies,
while solvation free energy includes polar and nonpolar contributions calculated using the PB and GB
methods in AMBER. An external dielectric constant of 80 and an internal dielectric constant of 1 were
applied.
An external dielectric constant of 80 and an internal dielectric constant of 1 were applied. Nonpolar
desolvation energy was estimated from SASA using the LCPO method with a 1.4 Å probe, while
conformational entropy was omitted because of its high computational demand and relatively low
accuracy. Per-residue energy decomposition was carried out using MM-PBSA and MM-GBSA in
AMBER, separating the contributions into van der Waals, electrostatic, polar solvation, and nonpolar
solvation components.

Trajectory Analysis
Ligand–protein stability was evaluated by analyzing RMSF, radius of gyration, and SASA over 2000
frames from the final 10 ns of the MD simulation.
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RESULTS AND DISCUSSION
Design of Target Molecules and Molecular Docking
ALR-2 inhibitors typically feature a carboxylic acid and an aromatic ring, facilitating hydrogen bonding
with hydrophilic active-site residues and hydrophobic interactions, including van der Waals and π-π
stacking, respectively. In this research, DHPM derivatives containing a carboxylic acid—commonly
synthesized via the one-pot Biginelli reaction—served as the molecular scaffold. A set of 288 derivatives
was generated by varying benzaldehyde, 1,3-dicarbonyl, and urea/thiourea components, with the core
DHPM structure and substitutions summarized in Table-1.

Table-1: Variation of Components for DHPM Candidates: (a) Benzaldehyde, (b) 1,3-dicarbonyl, (c) Urea/Thiourea,
and (d) the Core Structure of DHPM Candidates

Component variation Main core candidates
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Validation of Molecular Docking
The crystal structure of the target protein complexed with the reference ligand M15 (PDB ID: 4LB3) was
used in this study. Redocking of the ligand confirmed the reliability of the docking parameters, producing
a grid score of –69.44 kcal/mol and a DockRMSD of 0.448 Å, which is well under the 2 Å cutoff. This
confirmed the reliability of the docking protocol for subsequent experiments. Figure-1 shows a 3D
superimposition of the native ligand (brown) and the docked ligand (light blue).
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NH
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(b)

Fig.-1: (a) Structure of Ligand M15; (b) 3D Visualisation of the Superimposed Ligand Pose of the Original (brown)
and Re-Docked (light blue) at the Binding Site of 4LB3 Receptor

Analysis of the 4LB3 receptor–M15 complex showed that M15 formed hydrogen bonds with His111 and
Trp112, alongside a π-π stacking interaction with Trp112, as depicted in Fig.-2.

(a) (b)

Fig.-2: Interaction Visualization between Ligand M15 and 4LB3 Receptor. (a) 2D; (b) 3D

Docking of 288 DHPM candidates identified 87 with poses similar to M15, showing grid scores from –
73.54 to –49.33 kcal/mol. Candidate SDZ28 ranked highest (–73.54 kcal/mol), forming both hydrogen
bonds and π-π stacking interactions with Trp112.
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ADMET and Drug-Likeness Analysis
The 87 selected candidates were evaluated for ADMET properties and drug-likeness using SwissADME,
compared with M15, 17 known ALR-2 inhibitors, and tolrestat as the reference. Candidates with a
Selection Score (SS) above that of tolrestat—calculated from grid scores and ADMET parameters—were
prioritized. ADME was assessed according to Lipinski, Ghose, and Veber rules, while toxicity was
evaluated via Ames mutagenicity and LD50 using TEST. Twenty-two candidates exceeded tolrestat in SS,
as shown in Fig.-3.

Fig.-3: Graph of SS Analysis of the Selected Candidates and Tolrestat. (yellow bar)

Molecular Dynamic Simulation
Assessment of Stability and Structural Flexibility
Molecular dynamics simulations were performed for 150 ns to evaluate the stability, flexibility, and
dynamic behavior of ALR2 and its complexes (ALR2-M15, ALR2-ZST, ALR2-SDU18, ALR2-SDT18,
and ALR2-SDT12) using RMSD, RMSF, RoG, and SASA. Backbone RMSD indicated that all systems
reached stability (≤0.2 nm; Fig.-4, Table-2), with ALR2-SDT18 showing the highest RMSD (0.171 ±
0.024 nm) and ALR2-ZST the lowest (0.132 ± 0.014 nm), suggesting that ALR2-SDT18 was more
dynamic and less stable.

(a) (b)

(c)

Fig.-4: RMSD Stability During Simulation (a) Backbone, (b) Ligand, (c) RMSF of Flexibility Simulation Results

Table-2: Average RMSD and RMSF Values During the Simulation Period

System RMSD backbone (nm) RMSD ligands (nm) RMSF (nm)150 ns 150 ns
ALR2-APO 0.167 ± 0.025 - 0.315 ± 0.075
ALR2-M15 0.136 ± 0.016 0.058 ± 0.009 0.279 ± 0.083
ALR2-ZST 0.132 ± 0.014 0.072 ± 0.018 0.355 ± 0.133

ALR2-SDU18 0.155 ± 0.022 0.085 ± 0.019 0.491 ± 0.164
ALR2-SDT18 0.171 ± 0.024 0.095 ± 0.016 1.027 ± 0.435
ALR2-SDT12 0.135 ± 0.016 0.069 ± 0.014 0.462 ± 0.129
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RMSF analysis assessed amino acid residue flexibility, showing that ALR2-SDT18 had the highest
average RMSF (1.027 ± 0.435 nm), particularly in residues 18–80, 110–147, 159–230, and 260–316
(Table-3), indicating greater flexibility and reduced stability (Fig.-5). In contrast, the ALR2-APO system
exhibited lower fluctuations.
Radius of gyration analysis assessed protein-ligand compactness, showing that all systems remained
relatively stable, with RoG values between 1.920 and 1.940 nm during the final 10 ns of the simulation
(Table-3, Fig.-5).

Table-3: Average RoG Values of Each System During the Last 10 ns of the Simulation
System RoG (nm)

ALR2 - APO 1.932 + 0.007
ALR2 – M15 1.925 + 0.006
ALR2 - ZST 1.925 + 0.005

ALR2 – SDU18 1.925 + 0.004
ALR2 – SDT18 1.930 + 0.006
ALR2 – SDT12 1.937 + 0.005

Fig.-5: Result of RoG Analysis

SASA analysis, which reflects protein surface exposure and stability, showed that ALR2-SDT12 had the
highest values (entire enzyme: 13.697 ± 1.075 nm²; active site: 138.861 ± 2.576 nm²), indicating greater
flexibility. In contrast, ALR2-M15 exhibited the most stable active site (9.168 ± 0.894 nm²), while ALR2-
ZST showed the greatest overall enzyme stability (132.430 ± 2.534 nm²) (Fig.-6).

Table-4: Average SASA Values for the Active Site and the Entire Enzyme

System SASA (nm2)
Active site Entire enzyme

ALR2 - APO 13.281 + 1.314 136.231 + 2.905
ALR2 – M15 9.168 + 0.894 135.762 + 3.131
ALR2 - ZST 13.484 + 1.042 132.430 + 2.534

ALR2 – SDU18 11.912 + 1.042 132.717 + 2.495
ALR2 – SDT18 9.872 + 0.949 136.839 + 3.024
ALR – SDT12 13.697 + 1.075 138.861 + 2.576

(a) (b)
Fig.-6: SASA Analysis at the Last 10 ns (a) at Active Site, (b) Entire Enzyme
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Estimation of Binding Free Energy
The binding free energy (ΔG_bind), an important indicator of protein–ligand stability and affinity, was
calculated using the MM-PBSA and MM-GBSA methods based on the final 10 ns of stable simulation
trajectories. Energy contributions were calculated for gas-phase (ΔG_GB) and solvent-phase (ΔG_PB)
components, including van der Waals and electrostatic interactions, with results summarized in Table-5.

Table-5: Predicted Binding Free Energy (Kcal/mol ± average standard error) using MMPBSA and MMGBSA
Approaches

Energy component ALR2-ZST ALR2-SDU18 ALR2-SDT18 ALR2-SDT12
ΔEvdW -47,89 ± 0,19 -36,01 ± 0,20 -34,09 ± 0,18 -38,65 ± 0,21
ΔEele -7,76 ± 0,59 4,19 ± 1,62 17,94 ± 0,84 6,12 ± 1,41
ΔGGBele 27,47 ± 0,45 17,85 ± 1,48 -2,87 ± 0,75 16,51 ± 1,32
ΔGGBsolv 21,35 ± 0,45 12,84 ± 1,48 -7,80 ± 0,75 11,51 ± 1,31
ΔGGBbind -34,31 ± 0,23 -18,97 ± 0,24 -23,94 ± 0,21 -21,02 ± 0,28
ΔGPBele 24,21 ± 0,43 19,36 ± 1,49 0,62 ± 0,73 18,11 ± 1,35
ΔGPBsolv 18,31 ± 0,43 14,21 ± 1,49 -4,98 ± 0,72 12,91 ± 1,34
ΔGPBbind -37,35 ± 0,29 -17,61 ± 0,37 -21,12 ± 0,28 -19,61 ± 0,38

As shown in Table-5, GB and PB binding free energy predictions were comparable. Van der Waals
interactions contributed most to complex stability, while electrostatic energy was significant only for
ALR2-ZST (-7.76 ± 0.59 kcal/mol). Solvent-phase contributions were generally minimal, except for
ALR2-SDT18 (-7.80 ± 0.75 kcal/mol). ALR2-ZST showed the lowest ΔGGBbind and ΔGPBbind values
(-34.31 ± 0.23 and -37.35 ± 0.29 kcal/mol), consistent with docking grid scores, although overall binding
energies were similar across systems.

Analysis of Energy Decomposition
Energy decomposition analysis identified a few key residues contributing significantly to ligand-enzyme
binding, with no residues showing unfavorable interactions. Energy decomposition analysis identified
Trp21 and Leu301 as major contributors to binding across ALR2-ZST, ALR2-SDU18, ALR2-SDT18,
and ALR2-SDT12. Additional stabilizing residues included His111 and Trp112 (ALR2-ZST), Lys22
(ALR2-SDT18), and Leu301 (ALR2-SDT12). Electrostatic interactions, alongside van der Waals forces,
were key to complex stability, while solvation effects were minor.

Ligand – Enzyme Interaction
Ligand–protein interactions near the active site were analyzed over the last 10 ns of simulation, focusing
on residues within 3.5 Å and an average angle >140°. Three interaction types—hydrogen bonding, van
der Waals, and π-π stacking were observed. The ligand structures used in the analysis are shown in Fig.-7.
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Fig.-7: Molecular Structure of the Tested Ligands: (a) M15; (b) ZST; (c) SDU18; (d) SDT18; (e) SDT12

Hydrogen-bond interactions between the ligand and protein during the final 10 ns of simulation are
discussed followed. Each system formed approximately 3–4 hydrogen bonds, with the key residues
varying by complex. In ALR2-M15 and ALR2-ZST, Tyr49, His111, and Trp112 were primary
contributors, while Trp21, Lys22, and His111 dominated in ALR2-SDU18, ALR2-SDT18, and ALR2-
SDT12. The candidate systems exhibited distinct binding poses and weaker hydrogen bonding than the
reference complexes, with bonding fractions below 50%, indicating lower overall stability. Van der Waals
and π-π stacking interactions within 3.5 Å of the active site (average distance 4 Å) influenced system
stability, with higher interaction counts indicating greater stability. ALR2-M15 and ALR2-ZST showed



Vol. 19 | No. 3 | 1331-1339 | July-September | 2026

DIHYDROPYRIMIDINONE DERIVATIVES: AN IN-SILICO STUDY H. Suwito et al.
1338

strong stability, supported by Tyr49 and His111 (van der Waals) and Trp112 (π-π stacking), with
interaction fractions above 50%. In contrast, the candidate systems were less stable due to fewer
interactions, although ALR2-SDU18 exhibited the highest stability among them, with π-π stacking and
van der Waals interactions involving Trp112 (55.9%).

CONCLUSION
A library of 288 dihydropyrimidinone-based candidates was designed as potential ALR2 inhibitors,
selected based on grid scores, docking poses, ADMET properties, and drug-likeness. Molecular dynamics
simulations revealed that three compounds—2-(5-(methoxycarbonyl)-2-oxo-6-(4-
(trifluoromethyl)phenyl)-1,2,3,6-tetrahydropyrimidin-4-yl)acetate, 2-(5-(methoxycar-bonyl)-2-thioxo-6-
(4-(trifluoromethyl)phenyl)-1,2,3,6-tetrahydropyrimidin-4-yl)acetate, and 2-(5-(methoxycarbonyl)-6-(4-
methoxyphenyl)-2-thioxo-1,2,3,6-tetrahydropyrimidin-4-yl)acetate—formed stable complexes and
showed promising inhibitory activity, though zopolrestat was more potent. Trp21 and Trp112 were
identified as key residues in the inhibitory mechanism, emphasising their relevance for future ALR2
inhibitor design.
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