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Abstract
Glutathione S-transferase P1 (GSTP1) plays a key role in tumor progression and drug detoxification, making 
it a promising target for reversing chemoresistance in cancer cells. Although several GSTP1 inhibitors have 
been identified, none have progressed to clinical use, mainly because of low specificity and adverse effects. 
In this work, we used a virtual screening approach that integrates molecular docking and QSAR modeling to 
identify, through consensus, new GSTP1 inhibitors among approved and experimental compounds listed in the 
DrugBank database. PF-03715455 and Foretinib emerged as the most promising candidates among the top-
ranked compounds, based on docking scores, predicted pIC₅₀ values, and binding free-energy analysis. Molecu-
lar dynamics (MD) simulations confirmed that both compounds maintained stable binding conformations and 
exhibited strong affinity for GSTP1, outperforming the reference inhibitor, TER117. This study presents a novel 
use of PF-03715455 and reveals a new mechanism for Foretinib, which stabilizes the dynamics essential for 
GSTP1 function and may prevent substrates from binding to the two active sites, H and G, thereby exerting 
potent inhibitory effects similar to those of reference inhibitors. This repositioning strategy could reduce costs 
and accelerate the discovery and development of GSTP1 inhibitors, paving the way for clinical use to improve 
chemosensitivity in cancer.
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Introduction

 Cancer remains a major global health challenge because of its increasing incidence and high mortality rates. 
Although important progress has been made in cancer treatment, chemotherapy often fails because of resistance1. 
Chemoresistance limits treatment efficacy by promoting tumor growth and reducing patient survival2. As tumors 
progress, cancer cells activate several cytoprotective and regulatory mechanisms that allow them to resist cyto-
toxic agents3.
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Among the molecular actors involved in these mechanisms, GSTP1 is a cytosolic phase II metabolic enzyme 
that plays an essential role in cellular detoxification. It catalyzes the conjugation of reduced glutathione (GSH) 
to electrophilic compounds, thereby facilitating the elimination of toxic substances, including many chemo-
therapeutic agents4–8. In addition to its detoxification function, GSTP1 also plays an important non-enzymatic 
role in cell survival. It can interact with c-Jun N-terminal kinase (JNK), modulating stress-activated signaling 
pathways and inhibiting apoptosis9,10. GSTP1 overexpression has been widely reported in several cancers and is 
often associated with reduced drug sensitivity11. Therefore, GSTP1 represents an important contributor to cancer 
chemoresistance, and its inhibition has emerged as a promising strategy to enhance the effectiveness of anticancer 
treatments6,12.

GSTP1 is a homodimeric enzyme composed of two identical subunits, each with an active site organized into 
two functionally distinct regions, including a specific GSH-binding site (G-site) and an adjacent, less specific site 
(H-site) for hydrophobic electrophilic substrate binding13–15. Consequently, GSTP1 inhibitors can act through 
different binding mechanisms: some preferentially bind the H-site and compete with hydrophobic substrates, 
while others interact with the G-site, interfering with GSH binding. In some cases, inhibitors may also span both 
sites, potentially blocking substrate access and disrupting GSTP1’s catalytic function16.

Several compounds, including ethacrynic acid (EA), TER117, and NBDHEX (6-(7-nitro-2,1,3-benzoxadiazol-
4-ylthio)hexanol), have shown the ability to inhibit GSTP1 activity and increase the intracellular concentrations 
of anticancer drugs such as cisplatin and doxorubicin, thereby improving therapeutic efficacy11,17–19. However, 
despite encouraging experimental results, many GSTP1 inhibitors have not progressed to clinical use because 
of toxicity, limited selectivity, and unfavorable pharmacological properties. In this context, drug repositioning 
is particularly attractive because it enables the identification of new therapeutic applications for compounds that 
are already approved or in clinical trials and have known safety profiles and pharmacokinetic characteristics20–22.

Computer-aided drug discovery represents a valuable strategy for reducing development costs and accelerat-
ing the identification of promising GSTP1 inhibitors. Nevertheless, virtual screening based on a single method 
or scoring function may yield biased results and many false-positive candidates23–26. Furthermore, rigid protein 
models, which do not reflect the natural flexibility of proteins, can reduce the accuracy of binding predictions27,28.

Based on these considerations, the present study aimed to identify reliable GSTP1 inhibitors using an inte-
grated computational drug-repositioning strategy. To achieve this objective, we used several scoring functions 
and protein conformations to prioritize candidates by consensus. This approach was designed to improve the 
reliability of virtual screening results and identify compounds with a high probability of translational success and 
potential relevance for overcoming cancer chemoresistance.

Materials and methods

Protein and ligand preparations

The human GSTP1 crystal structure complexed with TER117 (PDB ID: 10GS)29, obtained from the Protein Data 
Bank, was prepared using Maestro v2025.3’s “Protein Preparation Wizard.” The process included removing the 
native ligand, co-crystallized substrates, and waters; assigning bond orders; adding hydrogens; forming disulfide 
bonds; establishing zero-order bonds to metals; and generating protonation states at pH 7.4 ± 2.0. Small-molecule 
ligands from the DrugBank database (accessed March 14, 2025) were filtered using Ghose’s drug-likeness filter 
to select 9,185 drug-like compounds with a molecular weight of at least 160 g/mol and at least 10 heavy atoms30. 
We prepared these ligands using Maestro’s LigPrep and Epik modules to generate optimized 3D conformations 
and appropriate ionization states at pH 7.0 ± 2.031,32.



Article in Press

Scientific Reports

https://doi.org/10.1038/s41598-026-71327-2

Molecular docking

We performed virtual screening on the prepared GSTP1 crystal structure using the Glide module. We centered the 
binding pocket on key active-site residues at coordinates x = 9.83, y = 6.74, z = 28.12, within a 15 × 15 × 15 Å 
grid box. Before screening, we validated the docking protocol by redocking the co-crystallized ligand (TER117) 
to ensure it reproduced the experimental binding pose. The quality of redocking was assessed by calculating the 
root-mean-square deviation (RMSD) between the experimental and predicted ligand positions, using Glide’s 
superposition tool. RMSD thresholds for interpretation were: < 1 Å (Excellent), 1–2 Å (Good), 2–3 Å (Moder-
ate), and > 3 Å (Poor)33. Following validation, all ligands were docked into the GSTP1 active site with Glide’s 
Standard Precision (SP) mode, and their docking scores were employed to rank the ligands based on their pre-
dicted binding affinity.

Ensemble rescoring

To improve the accuracy of Glide docking scores, we re-evaluated compounds with scores ≤ −7 kcal/mol using 
the GSTP1 crystal structure (PDB ID: 10GS) with the same validated parameters. Three docking tools, AutoDock 
Vina 1.2.5, rDock 0.1.0, and PLANTS 1.2, were used, each with its own scoring algorithm34–36, to minimize bias 
from any single software. We also assessed protein flexibility by docking five representative GSTP1 conforma-
tions at 1, 25, 50, 75, and 100 ns, extracted from a 100 ns MD simulation with GROMACS v2025.3, following 
our previous protocol16. We converted ligand files to the appropriate formats (pdbqt for AutoDock Vina, mol2 for 
rDock, and PLANTS) using Open Babel 3.1.137.

Machine learning-based QSAR modeling

In addition to molecular docking, we incorporated QSAR analysis to account for ligand physicochemical proper-
ties during screening. We trained three machine learning models, Random Forest (RF), Light Gradient-Boosting 
Machine (LightGBM), and Partial Least Squares (PLS) regression, recognized for their effectiveness with limited 
or diverse data38–40, on a dataset of 162 GSTP1 inhibitors from ChEMBL41. We split the dataset into 80% for 
training and 20% for testing. For compounds with multiple IC₅₀ values, we averaged them in Pandas to obtain a 
single representative value and removed duplicates42. For each compound, 119 molecular descriptors (Table S1), 
covering physicochemical properties, ring counts, and topological indices, were calculated using Scikit-Learn43. 
Dimensionality reduction involved removing low-variance descriptors (threshold of 0.01) and highly correlated 
features (Pearson correlation coefficient > 0.9). Model performance was evaluated via the coefficient of determi-
nation (R²), root mean squared error (RMSE), mean absolute error (MAE), and mean squared error (MSE). We 
also assessed robustness using leave-one-out (Q²LOO), 5-fold cross-validation, and Y-scrambling tests to rule 
out chance correlations. We analyzed the applicability domain with Williams’ plot, which combines leverage and 
residuals to identify influential or unreliable predictions. Leverage values were computed from the hat matrix (H) 
as follows44:

	 𝐻𝐻 𝐻 𝐻𝐻(𝑋𝑋𝑇𝑇 × 𝑋𝑋)−1𝑋𝑋𝑇𝑇� (1)

X is the descriptor matrix (n × m), containing n compounds and m descriptors. Its transpose is denoted as Xᵀ. We 
determined the leverage (hi) for each compound from this matrix.

	 ℎ𝑖𝑖 = 𝑥𝑥𝑇𝑇𝑖𝑖 (𝑋𝑋𝑇𝑇 × 𝑋𝑋𝑋−1 × 𝑥𝑥𝑖𝑖� (2)

xi represents the descriptor row vector for compound i. The warning leverage (h*) is calculated as:
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	 ℎ∗ = 3 × (𝑝𝑝 𝑝 𝑝𝑝
𝑛𝑛 � (3)

Where p represents the number of descriptors and n the number of compounds; compounds with standardized 
residuals exceeding ± 3 or greater than h* are considered outliers or outside the model’s applicability domain.

Consensus ranking

To merge the results from molecular docking and QSAR modeling, we used the exponential consensus ranking 
(ECR) method45. This strategy is employed when each tool produces different rankings for the same compounds46. 
It combines several independent rankings into a single overall ranking, reducing bias from scale differences across 
approaches. The ECR model assigns greater weight to the highest-ranked molecules via exponential weighting. 
For each compound i and each scoring function j, an exponential probability score P(riʲ) was assigned to its rank-
ing riʲ, calculated as follows:

	
𝑃𝑃 (𝑟𝑟𝑗𝑗𝑖𝑖 ) =

1
𝜎𝜎 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝑟𝑟

𝑗𝑗
𝑖𝑖

𝜎𝜎 )� (4)

Where  is a scale parameter that adjusts the influence of the highest-ranked compounds.
We ultimately ranked the molecules based on the average weight assigned to each compound, emphasizing 

those consistently prioritized by both methods.

Prime MMGBSA

Based on the ECR ranking, we selected the top 50% of compounds to compute the free binding energy (ΔGbinding) 
to GSTP1 using Maestro’s Prime MMGBSA module with the OPLS_2005 force field47. This approach is used 
post-docking to provide a more accurate estimate of ligand-protein binding affinity than docking scores, based 
on the following equation:

	 ∆ 𝐺𝐺𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ̇𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐺𝐺𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 − (𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +∆ 𝐺𝐺𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿)� (5)

GComplex indicates the total free energy of the protein-ligand complex, while Gprotein and Gligand denote the free 
energies of the protein alone and the ligand alone, respectively. Stronger binding affinities correspond to more 
negative energy values.

Molecular dynamics simulation

To verify that the previous static results remain stable, realistic, and physically consistent over time, we con-
ducted MD simulations with GROMACS v2025.3 for 500 ns in duplicate to assess trajectory reproducibility48. 
We selected only compounds with notably negative energy values (<- 70 kcal/mol). We built the system models 
from input files generated by the CHARMM-GUI solution generator, using the CHARMM36m force field49. We 
performed subsequent minimization, equilibration, and trajectory analysis as described in our previous work16. 
Additionally, we used principal component analysis (PCA) and dynamic cross-correlation matrices (DCCM) 
with the Bio3D package44 to examine collective movements within the GSTP1 conformational landscape and 
residue-movement correlations, respectively, revealing how ligand binding affects enzyme dynamics and stabil-
ity50. We used MD-PLIP to profile protein-ligand interactions and characterize the non-covalent interactions 
established during the MD simulations51. We analyzed representative frames from the trajectories to identify 
the main interaction types, including hydrophobic contacts, hydrogen bonds, π-stacking interactions, and salt 
bridges. We retained recurrent residues observed across representative frames to define the dominant ligand-
binding interaction pattern.
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Results

Structure-based virtual screening

Before assessing the binding affinities of the compounds for GSTP1, we validated the docking protocol by re-
docking the co-crystallized ligand TER117. Superimposition of the ligand with its redocked pose (Fig. 1) yielded 
an RMSD of 1.43 Å, well below the 2 Å threshold, confirming the reproducibility of the method. This valida-
tion provided a reference binding energy of −7.38 kcal/mol for TER117, which served as a benchmark for later 
comparisons.

Next, we computed docking scores for 16,112 conformers generated from 9,185 compounds, (Table S2). The 
results showed a binding energy range for GSTP1 from − 10.33 to + 4.86 kcal/mol, indicating that 87% of ligands 
have low affinity, 10% moderate affinity, and 3% high affinity. We re-evaluated the top 3% of binders, (360 
compounds) with binding energies comparable to or better than TER117, (≤ −7 kcal/mol) using multiple dock-
ing tools across different GSTP1 conformations. The rescoring results, (Table S3) showed that some compounds 
consistently ranked highly across methods and conformations, whereas others varied by software or protein 
conformation. This variability highlights differences among scoring functions across programs and underscores 
GSTP1’s flexibility, as evidenced by conformations obtained from MD trajectories (Fig. 2).

Ligand-based virtual screening

To improve the reliability of virtual screening for 360 compounds targeting GSTP1, we incorporated QSAR 
modeling to establish a quantitative relationship between chemical structure and biological activity. Training 
three regression models (Table 1) showed that RF and LightGBM performed best, with R² values of 0.9453 and 
0.9136 on the training set, and 0.6451 and 0.59 on the test set, respectively. The PLS model, however, performed 
less effectively (Fig. S1a), especially on the test set (R² = 0.4286), suggesting that linear models are less suitable 
for capturing structure-activity relationships in this dataset. To evaluate model robustness and address poten-
tial overfitting issues arising from the performance gap between the training (R² = 0.9453 for RF) and testing 
(R² = 0.6451) datasets, we performed internal validation and applicability domain assessments. Although tree-
based ensembles like Random Forest can fit the training set tightly, 5-fold cross-validation (R²_CV = 0.5950) and 
leave-one-out validation (Q²_LOO = 0.6165) confirmed the model’s robust predictive power, closely aligned with 
test performance. The reliability of these predictions was further substantiated by y-scrambling (R²_scramble = 
−0.1527), ruling out chance correlations.

Fig. 1  Superposition of the co-crystallized ligand TER117 pose (blue) and the Glide redocked pose (yellow) in GSTP1, 
showing an RMSD of 1.43 Å and a docking score of −7.38 kcal/mol.
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Furthermore, the applicability domain mapped via a Williams plot (Fig. S1b), with a warning leverage thresh-
old (h*) of 1.558, showed that the test compounds fell entirely within the leverage boundaries (h < h*) and lay 
within three standard deviations of the residuals. This confirms that the model generalizes well to structurally 
diverse chemical scaffolds outside the training environment, without extrapolation errors or a significant loss of 
predictive confidence.

Analysis of the ten most influential descriptors (Fig. S1c) revealed that RF focuses on ligand chirality and 
lipophilicity, as indicated by NumStereocenters, SlogP, and peoe_VSA7. Conversely, LightGBM emphasizes 
electronic surface features and molecular flexibility, using descriptors like peoe_VSA7, SMR, and NumRotat-
ableBonds. PLS mainly relies on MQN-based structural descriptors such as MQN33 and NumSaturatedCarbo-
cycles. Surface-related features, such as FractionCSP3, also play a significant role, underscoring their importance 
for GSTP1 inhibition. Pairwise comparisons of predicted pIC₅₀ values (Fig. S1d) show strong agreement between 
RF and LightGBM, with results near zero, though PLS predictions diverge more, reflecting lower accuracy and 
different compound rankings. Overall, these results demonstrate that the RF and LightGBM models met the 

Dataset Models
Metrics RF LightGBM PLS

Training R2 0.9453 0.9136 0.6971
RMSE 0.2170 0.2728 0.5108
MAE 0.1558 0.1994 0.4122
MSE 0.0471 0.0744 0.2609

Test R2 0.6451 0.5901 0.4286
RMSE 0.5371 0.5772 0.6815
MAE 0.3605 0.3953 0.5047
MSE 0.2885 0.3332 0.4645

Mean R2 5-fold CV 0.5950 0.5982 0.4472
Q2 LOO 0.6165 0.6092 0.4574
R2 Scramble −0.1527 −0.2569 −0.4577

Table 1  Performance and 
validation metrics of the RF, 
LightGBM, and PLS QSAR 
models.

 

Fig. 2  Distribution of Glide docking scores for 16,112 conformers screened against GSTP1, classified as poor (> −6 kcal/
mol), moderate (−7 < score ≤ −6 kcal/mol), or good (≤ −7 kcal/mol).
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performance requirements for reliable predictions, and that the biological activity of the selected compounds 
(Table S4) can be relied upon to complement the ranking from the previous docking step.

To ensure that the machine-learning-based predictions have chemical and biological validity, we analyzed the 
mechanistic relevance of the top-performing descriptors with respect to the active-site biochemistry of human 
GSTP1. The GSTP1 active cleft consists of a polar GSH-binding pocket (G-site) and its adjacent hydrophobic 
pocket (H-site) that accommodates xenobiotics and inhibitors. Lipophilicity (SlogP) and hydrophobic surface 
area descriptors (e.g., PEOE_VSA7) are key contributors to model performance, reflecting the importance of 
hydrophobic interactions and desolvation within the H-site, particularly with residues such as PHE8, VAL10, 
VAL35, ILE104, and TYR108. Molar refractivity (SMR) quantifies molecular volume and polarizability, indicat-
ing the ligand’s ability to engage in dispersion forces. In addition, molecular chirality (NumStereocenters) and 
conformational flexibility (NumRotatableBonds) capture the binding pocket’s steric and thermodynamic con-
straints. The stereoselective nature of GSTP1 favors specific spatial arrangements, while reduced conformational 
flexibility lowers the entropic penalty upon binding. Together, these descriptors capture the lipophilic, electronic, 
steric, and thermodynamic properties governing GSTP1 inhibition, providing a clear mechanistic basis for the 
machine learning models.

Consensus-based ranking

Integrating structure-based and ligand-based approaches for virtual screening to identify new GSTP1 inhibi-
tors revealed notable differences in the rankings of the same compounds (Fig. S2). To improve methodological 
complementarity, we used consensus ranking, which yields more reliable ligand prioritization and reduces biases 
introduced by individual methods. Table S5 lists the top compounds using exponential weighting, yielding a 
combined ranking that integrates docking scores and pIC50 values. The ΔGbinding values for 180 highly reli-
able candidates (top 50%) from the prime MMGBSA post-docking analysis ranged from − 83.81 to + 7.33 kcal/
mol, including 14 compounds with energies ≤ −70  kcal/mol, which are more extreme than that of TER117 
(−50.15 kcal/mol).

MD simulation

To evaluate the stability of the chosen systems, we analyzed duplicate 500-ns MD simulation trajectories. 
We removed three ligands from the simulations because two bind to GSTP1 (GSH analogs), and the third is 
a radioactive product unsuitable for drug use. As shown in Fig.  3, among the eleven ligands, five exhibited 
more favorable MM-PBSA binding free energies than the reference compound TER117 (−54.2 ± 7.28 kcal/mol). 
Notably, DB12138, DB12307, and DB18463 displayed more negative average ΔGbinding values of 69.88 ± 6.2, 
−68.21 ± 7.02, and − 58.84 ± 8.27 kcal/mol, respectively. These stronger binding energies were associated with 

Fig. 3  MM/PBSA binding free energies and ligand RMSD distributions for the GSTP1-ligand complexes during MD simula-
tions (TER117 is highlighted in red).
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improved stability within the GSTP1 active site, as reflected by lower ligand RMSD values of 6.7 ± 1.0, 6.8 ± 0.6, 
and 6.8 ± 2.6 Å for DB12138, DB12307, and DB18463, respectively, compared with TER117 (7.5 ± 2.7 Å). This 
suggests that the selected ligands remained more stably accommodated in the binding pocket, whereas other 
compounds showed weaker affinity and instability, including gradual or complete detachment from the active site 
during simulation.

MM-PBSA analysis showed that van der Waals interactions were the dominant favorable contribution to the 
binding energies of DB19243 and DB12138, consistent with the energetic profile observed for TER117 (Table 2). 
This pattern is consistent with non-covalent interactions, mainly recurrent hydrophobic contacts involving 
PHE8, VAL10, VAL35, and ILE104 (Table 3). DB12138 showed the most favorable van der Waals contribution 
(−106.3 ± 6.6 kcal/mol). This result was consistent with additional hydrophobic contacts involving ARG13 and 
TYR108, which appear to play an important role in stabilizing this ligand. For DB12307 and DB19243, the stron-
ger van der Waals contributions (−92.1 ± 8.1 and − 90.1 ± 9.7 kcal/mol, respectively), compared with TER117 
(−72.7 ± 8.3  kcal/mol), may be explained by hydrophobic contacts involving PRO9, TYR108, and GLN51. 
Additional aromatic π-stacking interactions were also observed for DB12138 and TER117, involving PHE8 and 
TYR108.

In contrast, DB12307 showed the most favorable electrostatic contribution, reaching − 162.9 ± 18.6 kcal/mol. 
Interaction analysis revealed hydrogen bonds involving TYR7, VAL35, ARG13, TRP38, and LEU52, as well as 
hydrophobic contacts with PHE8, PRO9, VAL10, TRP38, ILE104, TYR108, and VAL35. At the same time, the 
polar desolvation contribution was particularly high for this ligand, reaching + 186.8 ± 19.1 kcal/mol, whereas the 
corresponding values for the other ligands remained below + 80 kcal/mol.

Overall, these results indicate that TER117, DB19243, and DB12138 exhibited interaction profiles mainly 
driven by van der Waals contributions and hydrophobic/aromatic contacts, whereas DB12307 displayed an ener-
getic profile more strongly influenced by electrostatic interactions, accompanied by a higher polar desolvation 
penalty.

The fluctuations in the RMSD of GSTP1 Cα atoms (Fig. 4) indicate that all systems stabilized after about 200 
ns. Average RMSDs show that GSTP1 was most structurally stable when bound to DB12307 and DB12138, 

Type Key residues
TER117 DB12307 DB19243 DB12138

Hydrophobic GLN51, PHE8, VAL35, 
TRP38,
VAL10, ILE104, ILE107

PHE8, PRO9, 
VAL10,
TRP38, ILE104, 
TYR108, VAL35

PHE8, PRO9, 
VAL10,
VAL35, GLN51, 
ILE104

PHE8, TYR108, 
VAL10, VAL35, 
ARG13, ILE104

H-bond ARG13, GLN51, GLN64,
LEU52, TYR7, TRP38, 
LYS44, SER65

TYR7, VAL35, 
ARG13,
TRP38, LEU52

LEU52, SER65, 
GLU97,
GLN51, TRP38, 
GLN64, ASN66

SER105, 
ILE203, ARG13,
TYR108, 
ASN204

Pi-stacking PHE8, TYR108 - PHE8 PHE8, TYR108
Salt bridge ARG13, LYS44 - - -

Table 3  Key interactions of 
TER117 and the selected 
hits with GSTP1 across 
representative MD simula-
tion frames.

 

Ligand
TER117 DB12307 DB19243 DB12138

Energy (Kcal/mol) ΔE VDWAALS −72.7 ± 8.3 −92.1 ± 8.1 −90.1 ± 9.7 −106.3 ± 6.6
ΔE EEL −51.8 ± 20.4 −162.9 ± 18.6 −54.0 ± 18.6 −21.3 ± 10.3
ΔE EPB 80.1 ± 20.9 199.1 ± 19.5 97.5 ± 19.4 70.2 ± 13.5
ΔE ENPOLAR −9.6 ± 0.7 −12.2 ± 0.8 −12.2 ± 1.0 −12.45 ± 0.4
ΔE GGAS −124.6 ± 25.5 −255.0 ± 22.1 −144.1 ± 25.0 −127.7 ± 12.8
ΔE GSOLV 70.4 ± 20.4 186.8 ± 19.1 78.8 ± 18.7 57.8 ± 13.2
ΔE Total −54.2 ± 11.7 −68.2 ± 10.4 −58.8 ± 10.9 −69.8 ± 9.4

Table 2  MM/PBSA bind-
ing free energy components 
(kcal/mol) for GSTP1 
complexes with the selected 
hits and the reference ligand 
TER117.

Values are presented as 
mean ± SD from two independent 
MD trajectories.
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with RMSDs of 1.53 ± 0.21 Å and 1.65 ± 0.21 Å, respectively. Conversely, the GSTP1-DB19243 complex had a 
slightly higher average RMSD of 1.77 ± 0.25 Å, although it remained lower than that of TER117 (1.83 ± 0.26 Å).

RMSF analysis of GSTP1 dimer residues (Fig. 5b) confirms that binding of DB12307 and DB12138 stabi-
lizes the enzyme. The secondary structure’s flexibility, especially in the C-terminal region (Fig. 5a), was notably 
altered by these two ligands, whereas it remained flexible with TER117 and DB19243. DCCM analysis (Fig. S3) 
further showed a significant decrease in intra- and interchain motion correlations within the GSTP1 dimer, indi-
cating a disruption of the protein’s natural dynamic coordination. This stabilization is also reflected in the PCA 
results (Fig. S3), where compounds DB12307 and DB12138 substantially constrained GSTP1’s conformational 
space, accounting for mean variances of 37.9% and 38.7%, respectively. Conversely, DB19243 exhibited greater 
conformational flexibility, with a captured variance of 42.7%, slightly higher than that of TER117 (41.7%). Over-
all, these findings suggest that DB12307 and DB12138, corresponding to Foretinib and PF-03715455, exhibit the 
most stable and energetic profiles, potentially impairing GSTP1 function.

Discussion

Numerous drugs exhibit pleiotropic effects by interacting with multiple molecular pathways, leading to diverse 
pharmacological outcomes52. Researchers have systematically investigated this characteristic in drug repurpos-
ing, particularly in oncology21. Drug repositioning aims to identify new therapeutic indications for approved 
or clinically investigated compounds, thereby reducing development timelines, costs, and potential safety risks 
compared with de novo drug discovery. Several agents, including propranolol (a β-blocker), chloroquine (an anti-
malarial), and clarithromycin (an antibiotic), originally developed for non-oncological purposes, have demon-
strated anticancer activity in experimental models53–56. In this context, the present study adopted a computational 
drug-repositioning strategy to identify novel molecules that may modulate tumor progression and potentially 
overcome chemoresistance through GSTP1 inhibition.

To improve candidate selection reliability, this study integrated structure-based (SBVS) and ligand-based 
(LBVS) virtual screening within a consensus workflow57–59. This design aimed to overcome the limitations of 
single-method screening approaches. The selected docking programs employed distinct scoring functions, con-
formational sampling strategies, and solvation models60–62, thereby improving ranking robustness and reducing 
the risk of false-positive selection. In addition, accounting for GSTP1 plasticity was essential, since this enzyme 

Fig. 4  Time evolution of GSTP1 backbone RMSD during 500-ns MD simulations of the complexes with TER117, DB19243, 
DB12138, and DB12307.
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possesses a highly adaptable active site27,28. The flexibility observed during the simulations also supports using 
multiple receptor conformations rather than relying on a single static structure, as is commonly done in traditional 
virtual screening protocols63. Alongside docking-based prioritization, we used QSAR modeling as a complemen-
tary ligand-based filter, a widely used approach to improve the credibility of virtual screening campaigns64. Our 
results are consistent with previous GSTP1-1-focused QSAR findings reported by Almi et al.65, who showed 
that a non-linear model outperformed a linear model in predicting GSTP1-1 inhibition from molecular descrip-
tors. This suggests that the relationship between molecular descriptors and GSTP1 inhibitory activity is likely 
non-linear. However, their study was mainly limited to nitrobenzoxadiazole derivatives. In contrast, the present 
study extends this concept by using a chemically more diverse set of GSTP1 inhibitors and by comparing recent 
machine-learning models, including Random Forest and LightGBM, thereby improving candidate selection and 
providing additional insight into the relationship between chemical structure and predicted biological activity66. 
Because compounds outside the applicability domain may increase the false-positive rate, we applied a strict 
applicability-domain filter to retain only candidates within the high-confidence region of chemical space. The 
ECR score assigned to each compound further integrated results from multiple scoring functions45, yielding a 
more effective ranking than single-score prioritization strategies67–69.

This integrative strategy identified two molecules, not previously reported as GSTP1 inhibitors, as promising 
computational candidates for GSTP1 inhibition. PF-03715455, a p38α MAPK inhibitor, was initially developed 
for asthma and chronic obstructive pulmonary disease in phase 2 clinical trials70–72 and has also been evaluated 
for other indications, including SARS-CoV-2 and inflammatory diseases73–75. Foretinib, a multi-kinase inhibitor 

Fig. 5  (a) GSTP1 surface showing the G- and H-sites and the corresponding secondary-structure representation. (b) Per-
residue backbone RMSF profiles of chains A and B for the four GSTP1-ligand complexes; dashed boxes highlight the 
C-terminal regions.

 



Article in Press

Scientific Reports

https://doi.org/10.1038/s41598-026-71327-2

initially developed as an anticancer agent, was also identified as a promising hit, suggesting a potential additional 
mechanism of action through GSTP1 targeting.

MD simulations using the GSTP1 dimer provided a more physiologically relevant representation of the enzyme 
than monomer-based models, since GSTP1 functions as an active homodimer13. The simulations indicated stable 
binding of PF-03715455 and Foretinib to GSTP1, as reflected by RMSD values. Enzyme flexibility is critical 
to GSTP1 function76,77, and RMSF analysis suggests that ligand binding may reduce flexibility, particularly in 
the C-terminal region, which is essential for substrate access to the active site78. Human GSTP1 functions as a 
homodimer, with each subunit containing a GSH-binding site (G-site) and an adjacent hydrophobic site (H-site) 
that accommodates various xenobiotics14,15. Therefore, stable ligand occupancy within these subsites may inter-
fere with substrate recognition and catalytic pocket organization.

MM-PBSA analysis revealed that PF-03715455 primarily engages GSTP1 through van der Waals contribu-
tions, indicating a molecular recognition mode largely dominated by hydrophobic interactions. This observa-
tion is consistent with the ligand’s physicochemical properties, which favor accommodation within hydrophobic 
environments79,80. Compared with EA-GSH, PF-03715455 therefore appears to rely more strongly on hydro-
phobic and aromatic stabilization. Its highly favorable van der Waals contribution, together with recurrent con-
tacts involving PHE8, VAL10, VAL35, ILE104, and TYR108, suggests preferential anchoring within the H-site. 
Additional contacts involving ARG13 and TYR108 may further explain the marked stability of this ligand, par-
ticularly since TYR108 is located in a region that contributes to ligand accommodation and catalytic pocket 
organization. Moreover, the relatively rigid structure of PF-03715455 may favor optimal steric complementar-
ity with the H-site, allowing stable positioning within the pocket81,82. The involvement of key residues such as 
PHE8, ILE104, and TYR108 is particularly relevant, as these residues may obstruct the H-site and limit substrate 
access83–85. In addition, π-stacking interactions with PHE8 and TYR108 may reinforce ligand stabilization and 
help maintain its binding pose during the simulation. Thus, PF-03715455 appears to partially mimic the spatial 
occupation previously observed for EA-GSH16, while adopting a binding mechanism more strongly driven by 
hydrophobic/aromatic anchoring.

In contrast, Foretinib displayed a more electrostatically driven profile. Its strong electrostatic contribution is 
consistent with hydrogen bonds involving TYR7, ARG13, VAL35, TRP38, and LEU52, several of which are 
located near or at the interface between the G-site and H-site. This interaction pattern suggests that Foretinib 
may behave as a dual-site ligand, combining polar interactions near the G-site with hydrophobic contacts involv-
ing PHE8, PRO9, VAL10, TRP38, ILE104, TYR108, and VAL35. However, the highly favorable electrostatic 
contribution was accompanied by a substantial polar desolvation penalty, indicating that ligand binding requires 
an energetic cost associated with desolvating polar groups. This compensation between electrostatic attraction 
and polar desolvation is commonly observed for ligands that form multiple polar contacts within protein-binding 
pockets. Therefore, although Foretinib benefits from strong hydrogen bonding and electrostatic interactions, its 
final binding stability likely results from a balance between favorable polar contacts and unfavorable desolvation 
effects.

Overall, the comparison with EA-GSH and TER117 suggests that the most relevant feature of these new hits is 
their ability to engage residues from both the G-site and the H-site, albeit through distinct energetic mechanisms. 
PF-03715455 appears to adopt mainly a hydrophobic/aromatic anchoring mechanism, favored by its compat-
ibility with the H-site, whereas Foretinib behaves more as a dual-site ligand with a stronger polar character. This 
simultaneous or extended occupation of both subsites may be important for GSTP1 inhibition, as it could limit 
substrate access, interfere with glutathione-related recognition, and disturb the functional organization of the 
catalytic pocket. These findings support the potential of the identified hits as GSTP1 inhibitors, with interaction 
profiles that differ from but partially overlap those of the reference inhibitors.

These findings are particularly relevant when compared with previous GSTP1-targeting strategies. Pseudo-
substrates targeting GSTP1’s G-site, such as Canfosfamide and Ezatiostat, have not achieved sufficient clinical 
efficacy for standard oncology applications86–91. This limitation may stem from interference with GSH metabo-
lism, which is essential for normal cellular function and may contribute to toxicity and limited tolerability. In 
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contrast, although development of PF-03715455 was discontinued for economic reasons, available clinical data 
have not highlighted major toxicity concerns92, suggesting that it may represent a safer repositioning candidate.

Foretinib, an experimental agent with recognized anticancer properties86, has been evaluated in phase 2 clini-
cal trials for its ability to inhibit angiogenesis and tumor growth by targeting multiple kinases, including c-MET, 
VEGFR2, RON, and Axl93–96. Although multi-kinase inhibition is important, kinase expression varies among 
tumors and is often restricted to specific subgroups, which can affect clinical efficacy and contribute to toxicities 
resulting from inhibition of essential physiological pathways87–89. In contrast, GSTP1 is widely overexpressed in 
many cancers, independently of mutation status90. Thus, the present study proposes a novel and potentially rel-
evant mechanism of action for foretinib through GSTP1 targeting. Its energetic behavior, which partially resem-
bles that of EA-GSH91, is also supported by LBVS hypotheses emphasizing the compound’s semi-rigid structure 
and electrostatic surface97. Additionally, the structural stabilization induced by foretinib, as indicated by RMSF, 
DCCM, and PCA analyses, appears stronger than that reported in the fosaprepitant repositioning study98, sug-
gesting a potential inhibitory effect.

From a biological perspective, the anticipated inhibition of GSTP1 by PF-03715455 and foretinib is par-
ticularly important, as GSTP1 contributes to chemoresistance through glutathione-dependent detoxification of 
electrophilic anticancer agents, attenuation of oxidative stress, and modulation of apoptosis-related signaling 
pathways4–8. Consequently, stable occupancy of the GSTP1 active site, along with reduced flexibility, could 
impair substrate recognition and reduce tumor cells’ detoxification capacity, potentially restoring sensitivity to 
cytotoxic chemotherapy16. Furthermore, compounds that restrict GSTP1 conformational dynamics may inter-
fere not only with substrate detoxification but also with non-catalytic regulatory functions involved in tumor 
cell survival, particularly by disrupting GSTP1-mediated inhibition of JNK signaling and promoting apoptosis 
reactivation9,10.

In summary, PF-03715455 and foretinib emerge as promising computational candidates for GSTP1 inhibition 
and drug repositioning. These compounds merit further experimental evaluation to confirm their GSTP1 inhibi-
tory activity and evaluate their potential effects on tumor progression and chemoresistance.

Conclusion

The findings indicate that integrating LBVS and SBVS strengthens GSTP1 inhibitor identification by combining 
complementary ligand- and structure-based criteria. Molecular docking, QSAR modeling, MD simulations, and 
MM/PBSA calculations consistently identified PF-03715455 and foretinib as promising candidates with stable 
binding profiles and the potential to influence GSTP1 structural and dynamic properties critical to its function. 
Nevertheless, the current study has limitations, primarily related to the size and chemical diversity of the dataset 
used to train the QSAR models. Expanding this dataset would improve model generalizability and broaden its 
applicability domain. Furthermore, screening larger and more diverse molecular libraries would enable broader 
exploration of chemical space and could reveal additional promising GSTP1-targeting scaffolds. Finally, these 
computational predictions require experimental validation to confirm the inhibitory activities of the selected com-
pounds. Future studies should therefore include GSTP1 enzymatic inhibition assays, evaluation of cytotoxicity 
and chemosensitizing effects in a GSTP1-overexpressing cancer cell line, and further structure-activity optimi-
zation of the most promising scaffolds. Overall, this drug-repositioning strategy could accelerate the develop-
ment of GSTP1-targeted therapies to overcome chemoresistance. With appropriate experimental and preclinical 
validation, this approach may ultimately contribute to more effective treatment options for patients with cancer.
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