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2.31 nm (compound 9) (Fig. S24B). These results suggest increased 
molecular dispersion upon binding but overall stable conformations in 
the protein-ligand complexes.

Thermal stability was further assessed. Compound 12 exhibited 
consistent Rg values across 300–320 K (0.48–0.535 nm), while its CDK2 
complex remained stable with minimal fluctuations (1.95–2.09 nm) 
(Fig. S24C). Compound 3 showed similar stability across temperatures 
(0.39–0.435 nm), with its aromatase complex maintaining compact 
conformations between 2.24–2.33 nm, except for a transient deviation 
at 310 K (Fig. S24D). Overall, both CDK2–compound 12 and aromatase–
compound 3 complexes retained compact and stable structures across 
simulations, indicating robust protein–ligand interactions under 
physiological and elevated thermal conditions.

Hydrogen bonding is a key determinant of protein–ligand 
binding strength and specificity. As illustrated in Fig. 6 (Supporting 
Information Figs. S33–S35), the number of intermolecular hydrogen 
bonds varied between 0 and 2 throughout the 100 ns MD simulations 
for both CDK2 and aromatase in complexes with compounds 9 and 
12 (CDK2) and compounds 3 and 9 (aromatase). These fluctuations 
reflect conformational adjustments, ligand flexibility, and protein-
specific structural dynamics. CDK2 complexes with compounds 9 and 
12 exhibited dynamic yet consistent hydrogen bond formation (Fig. 
6a), whereas aromatase complexes with compounds 3 and 9 showed 
comparable trends, indicating transient but stable interactions (Fig. 
6b). Temperature-dependent analyses further suggested the persistence 
of hydrogen bonding across 300–320 K for both CDK2–ligand (Fig. 6c) 
and aromatase–ligand complexes (Fig. 6d), highlighting their structural 
resilience under thermal variation. Supplementary Figs. S33–S35 
provide additional insights into the temporal evolution of hydrogen 
bonding. Compounds 9 and 12 with CDK2 and compounds 3 and 9 with 
aromatase both showed 100% hydrogen bond occupancies. Collectively, 
these results underscore the dynamic nature of hydrogen bonding and 
its critical role in stabilizing protein–ligand complexes, with important 
implications for binding affinity, specificity, and potential therapeutic 
efficacy.

To better characterize ligand–protein interactions over the course 
of the simulations, MD-derived interaction occupancies and contact 
heatmaps were generated. Hydrogen bond and hydrophobic contact 
occupancies were computed over the 100 ns MD trajectories to quantify 
the persistence of key interactions. Hydrogen bond occupancies were 
calculated using a distance cutoff of 0.35 nm and an angle cutoff of 30°, 
and expressed as the percentage of frames in which the interaction was 
maintained.

In addition, contact heatmaps were generated to visualize the 
frequency and spatial distribution of contacts between ligand atoms 
and protein residues throughout the simulations. These heatmaps 
highlight key residues involved in stable interactions and provide a 
clear overview of interaction hotspots and their temporal stability. As 
shown in Fig. 6, panels (A–D) illustrate hydrogen bond and hydrophobic 
contact occupancies for selected protein–ligand complexes over the 
entire 100 ns trajectory. Consistent interaction patterns, represented 
by dense regions in the heatmaps and sustained occupancy profiles, 
confirm the stability of the ligand binding modes within the active site.

Monitoring temperature stability is essential in MD simulations 
to ensure physiologically relevant conditions. Throughout the 100 
ns simulations, all protein–ligand systems maintained a stable 
temperature, confirming well-controlled simulations and reliable 
structural and energetic analyses. As shown in Figs. S36‒S40 in the 
SI, potential energy fluctuations reflected dynamic atom-to-atom 
interactions within the complexes. For example, in CDK2 complexes 
(Fig. S36a), compound 9 exhibited potential energy values between 
–5.078 × 10⁵ and –5.013 × 10⁵ kJ∙mol⁻¹, while compound 12 ranged 
from –5.079 × 10⁵ to –5.015 × 10⁵ kJ∙mol⁻¹. In aromatase complexes 
(Fig. S36b), compound 3 fluctuated between –6.935 × 10⁵ and –6.875 
× 10⁵ kJ∙mol⁻¹, and compound 9 varied from –6.935 × 10⁵ to –6.865 × 
10⁵ kJ∙mol⁻¹. These observations underscore the inherent dynamism of 
protein–ligand interactions.

Electrostatic contributions were further assessed through Coulomb 
(short-range) energy analysis. For compounds 9 and 12, energy values 
ranged from –6.235 × 10⁵ to –6.15 × 10⁴ kJ∙mol⁻¹, while compounds 3 and 

Fig. 6. Time-dependent hydrogen bond profiles (ps) for (a) CDK2 complexes with compounds 9 (black curve) and 12 (red curve); (b) aromatase complexes with compounds 3 
(black curve) and 9 (red curve); (c) CDK2–compound 12 complex at 300 (black curve), 305 (red curve), 310 (green curve), and 320 K (blue curve); and (d) aromatase–compound 

3 complex at 300 (black curve), 305 (red curve), 310 (green curve), and 320 K (blue curve)

(a)

(b) (d)

(c)



Suha et al. Journal of King Saud University - Science 2026 38 (2) 13772025

11

Table 4.  
In silico prediction of selected ADMET parameters for compounds (1-14) and reference drugs.

Ligand aHIA aBBB aPPB aCYP3A4 inhibition aCYP2C19 inhibition aSubcellular localization bSAcore

1 + (0.9960) + (4.09) 0.954  +(0.7487) + (0.6809) M (0.7461) 4.78

2 + (0.9964) + (4.07) 0.845 +(0.7539) + (0.6743) M (0.7198) 4.89

3 + (1.0000) + (4.41) 0.847  +(0.6924) + (0.6163) M (0.6209) 4.99

4 + (1.0000) + (4.38) 0.649 -(0.6394) - (0.6397) M (0.6976) 5.08

5 + (0.9947) + (4.77) 0.913 -(0.5325) + (0.7716) L (0.5029) 3.43

6 + (0.9605) + (4.76) 0.513 +(0.6809) + (0.5678) L (0.4531) 3.00

7 + (1.0000) + (3.93) 2.497  +(0.7986) + (0.7413) M (0.4699) 4.63

8 + (1.0000) + (3.91) 1.027 +(0.7934) + (0.7326) M (0.6447) 4.72

9 + (1.0000) + (3.73) 1.041  +(0.7949) + (0.9074) M (0.5040) 3.75

10 + (0.9970) + (3.68) 0.849 +(0.7544) + (0.9876) M (0.5127) 3.75

11 + (0.9073) + (4.48) 0.720 + (0.7759) - (0.9016) M (0.5366) 3.07

12 + (0.8573) + (4.45) 0.767 +(0.6582) + (0.9033) M (0.5420) 3.14

13 + (0.9926) + (3.52) 0.742  - (0.6521) + (0.6996) M (0.6986) 3.84

14 + (0.9332) + (3.48) 0.839 - (0.5961) - (0.5226) M (0.6776) 4.12

Doxorubicin + (0.9865) + (1.48) 0.880 +(0.6621) + (0.6067) N (0.4284) 5.81

Flavopiridol + (0.9842) + (1.68) 0.854 +(0.7265) + (0.5794) N (0.4290) 2.13

Letrozole + (0.9834) + (3.30) 0.933 +(0.7082) + (0.5912) M (0.3969) 4.22

Tamoxifen + (0.9970) + (4.98) 0.997 +(0.8796) + (0.9026) M (0.4010) 3.01

Note. HIA: Human intestinal absorption (%); BBB: BBB > 0.02 indicates blood-brain barrier permeability; PPB: Plasma protein binding; CYP3A4: Cytochrome P450 3A4; CYP2C19: 
cytochrome P450 2C19; M = mitochondria; N = nucleus. aValues derived from admetSAR. bSynthetic accessibility (SA) scores obtained using SwissADME.

9 showed a narrower and more stable distribution between –8.57 × 10⁵ 
and –8.46 × 10⁵ kJ∙mol⁻¹ (Figs. S36c–d, S37‒S38, SI). The predominance 
of negative values indicates stable electrostatic interactions, supporting 
strong and persistent binding within the protein pockets. While these 
data confirm robust stabilization, more detailed energetic evaluations, 
such as binding free energy calculations, will be required to fully dissect 
interaction specificity and strength.

The Lennard–Jones short-range (LJ-SR) energy, reflecting van der 
Waals interactions, remained stable across the 100 ns simulations, 
indicating a consistent balance between attractive and repulsive forces 
within the complexes. As shown in Supporting Information Figs. S39‒
S40, compounds 9 and 12 displayed LJ-SR energy values between 
56,500 and 62,000 kJ∙mol⁻¹, while compounds 3 and 9 exhibited 
slightly higher values ranging from 74,000 to 81,000 kJ∙mol⁻¹. The 
stability of these energy profiles highlights persistent steric interactions 
at the protein-ligand interface, ensuring proper ligand positioning and 
orientation within the binding pocket. These findings emphasize the 
combined role of electrostatic and van der Waals forces in maintaining 
complex stability during MD simulations.

3.7 Principal component analysis

PCA was performed on the MD trajectories of the CDK2-compound 
12 and aromatase–compound 3 complexes at four temperatures (300, 
305, 310, and 320 K), focusing on Cα atoms. Using the Bio3D tool, 
PCA captured collective motions and conformational changes, with the 
first three eigenvectors (PC1–PC3) accounting for the most significant 
dynamic variations (Fig. S41, SI). Sample distributions were visualized 
as color gradients from blue (initial) to red (final), reflecting temporal 
progression. To determine the dominant motions during the simulation, 
PCA of the protein and protein–ligand complexes was carried out. The 
contributions of PC1, PC2, and PC3 to the overall motion were examined 
in order to evaluate the stability of the system. PC1, which stands for 
the direction of maximum variance, captures the most significant 
collective motions in each system; it should be noted that the PC1 of 
a protein–ligand complex and the PC1 of the free protein are derived 
independently, so they may correspond to different dominant motions. 
The variations in the PCA profiles show how ligand binding changes the 
conformational dynamics and stability of the protein. As summarized 
in Table 5, the CDK2–compound 12 complex showed the greatest PC1 

variance at 305 K (18.51%), whereas the aromatase–compound 3 
complex displayed the highest PC1 variance at 320 K (16.51%). Across 
all conditions, PC1 consistently accounted for the largest proportion 
of variance, highlighting its role in describing major conformational 
transitions.

Convergence values (H) further assessed dynamic stability. For 
CDK2–compound 12, H values were 0.75, 0.69, 0.88, and 0.02 (Table 
4) at 300, 305, 310, and 320 K, respectively; for aromatase–compound 
3, values were 0.84, 0.09, 0.88, and 0.81 at the same temperatures. 
These values, within the convergence threshold (0 < H < 0.5) (Gubbi et 
al., 2006), indicate adequate sampling and structural stability. Notably, 
the strongest associations were observed at 310 K, suggesting favorable 
binding of compound 12 with CDK2 and compound 3 with aromatase 
under physiological conditions. Collectively, these results reinforce the 
potential of compound 12 as a CDK2 inhibitor and compound 3 as an 
aromatase inhibitor, warranting further in vivo validation.

The MTT assay was used to assess the viability of HeLa carcinoma 
cells in the presence of different amounts of chemicals (Venkatesan et 
al., 2022). The HeLa cells were treated with substances at dosages of 1 
mg, 10 mg, and 1000 mg following a day of cell incubation. As Table 
6 illustrates, cell viability declines as compound concentration rises. 
Every derivative exhibited strong inhibition. HeLa cells were used in a 
lactate dehydrogenase (LDH) release assay to assess the cytotoxicity of 

Table 5.  
Principal component variability from PCA of the CDK2–compound 12 and 
aromatase–compound 3 complexes across different temperatures.

Principal components

Complex Temperature (K) PC1 (%) PC2 (%) PC3 (%) Cosine value

CDK2- 12 300 48.79 15.73 8.27 0.75

305 22.38 11.94 9.05 0.69

310 37.53 20.59 8.12 0.88

320 0.73 0.68 0.49 0.02

Aromatase-3 300 23.75 21.31 10.58 0.84

305 32.66 21.92 6.44 0.09

310 15.21 13.04 10.04 0.88

320 23.88 14.32 9.79 0.81

https://dx.doi.org/10.25259/JKSUS_1377_2025
https://dx.doi.org/10.25259/JKSUS_1377_2025
https://dx.doi.org/10.25259/JKSUS_1377_2025
https://dx.doi.org/10.25259/JKSUS_1377_2025
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the produced substances (Venkatesan et al., 2022). By measuring the 
amount of LDH released into the supernatant once membrane reliability 
is lost, this assay measures cell lysis. The substances at concentrations 
of 1 mg, 10 mg, and 1000 mg increased the release of LDH in a dose-
dependent way.

4. Conclusions

This study highlights compounds 3 and 12 as lead candidates with 
notable therapeutic potential, exhibiting markedly stronger binding 
affinities for aromatase (PDB ID: 4KQ8) and CDK2 (PDB ID: 1CKP), 
respectively, than other tested molecules. Both compounds exhibited 
favorable interaction profiles in silico, supported by an integrated 
approach that combines in vitro cytotoxicity assays (Venkatesan et al., 
2022), thereby reinforcing their potential as molecular inhibitors of 
cancer-associated pathways. Compound 3 demonstrated potent affinity 
toward aromatase, while compound 12 exhibited stable and robust 
interactions with CDK2, key enzymes central to tumor growth and 
progression. Comparative analyses further revealed that both compounds 
showed activities comparable to tamoxifen, underscoring their potential 
as alternative or complementary therapeutic options. Importantly, all 
evaluated molecules satisfied Lipinski’s Rule of Five, demonstrating 
properties that warrant further evaluation for oral administration. 
Acute oral toxicity predictions classified them within mild-to-
moderate toxicity ranges, further suggesting favorable safety profiles. 
Collectively, the observed strong binding affinities, compliance with 
drug-likeness criteria, and acceptable toxicity assessments emphasize 
the potential of compounds 3 and 12 as promising anticancer agents. 
Nevertheless, while the in silico and in vitro findings are encouraging, in 
vivo validation and clinical investigations are essential to fully establish 
their pharmacokinetics, safety, and therapeutic efficacy. These results 
contribute to the growing body of evidence supporting targeted small-
molecule inhibitors in cancer therapy and provide a foundation for future 
development of compounds 3 and 12 as novel anticancer therapeutics.
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