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Abstract 

_______________________________________________________________________________________________________________ 

Background: Non-alcoholic steatohepatitis (NASH) is a chronic metabolic disease characterized 
by lipid accumulation, inflammation, and progressive liver fibrosis. The lack of approved 
treatments highlights the need to identify new agonists of the farnesoid X receptor (FXR), a key 
regulator of lipid metabolism and bile acids. 

Methods: An integrated AI-assisted drug discovery pipeline was developed, combining a QSAR 
model based on graph neural networks (GraphConvModel), high-throughput virtual screening, in 
silico ADMET evaluation, and molecular docking. The model was trained on 3,450 ligands from 
ChEMBL and PubChem, then applied to screen approximately one million additional molecules 
from PubChem. 

Results: The model achieved high performance (R² = 0.89), reproducing the experimental activity 
hierarchy. Successive filters (Lipinski, bioavailability, DILI, hERG) led to nine candidate agonists, 
with molecules M9 (CID: 7190831) and M1 (CID: 8888557) showing the best docking scores 
(−49.37 and −49.11 kcal/mol). Their stable interactions with residues PHE363, ILE359, TYR358, 
and TRP451 confirm their agonist potential. 

Conclusion: The AI-ADMET-Docking pipeline is a rapid and reliable predictive tool for discovering 
FXR agonists. These results validate the value of AI in researching innovative treatments for NASH 
and pave the way for experimental validation of molecule M9 (CID: 7190831). 

Keywords: FXR, NASH/MASH, molecular modeling, Artificial Intelligence, Graph Neural Networks 
(GNN) 

 

INTRODUCTION 

Non-Alcoholic Steatohepatitis (NASH), today known as 
MASH (Metabolic dysfunction-Associated 
Steatohepatitis) is currently one of the leading causes of 
morbidity and mortality related to metabolic diseases1. 
It is predicted to become the leading indi cation for liver 
transplantation by 2030, posing a significant bur den on 
global health2. Representing the progressive form of 
metabolic dysfunction-associated steatotic liver disease 
(MASLD, formerly NAFLD), it is characterized by 
excessive triglyceride accumulation in hepatocytes, 
coupled with chronic inflammation and hepatic fibrosis. 
Recent estimates indicate that MASH affects over 25% 
of the global population, with its prevalence continuing 
to rise alongside obesity, type 2 diabetes, and metabolic 
syndrome3. Despite recent advances, including the FDA 
approvals of resmetirom (Rezdiffra) in March 2024 and 

semaglutide (Wegovy) in August 2025 as the first and 
second treatments for NASH with moderate-to-
advanced fibrosis, the therapeutic landscape remains 
limited, with many patients experiencing incomplete 
responses or side effects4,5. This underscores the urgent 
need for innovative targeted therapies6. 

At the heart of NASH pathophysiology lies the farnesoid 
X receptor (FXR), a nuclear receptor primarily 
expressed in the liver, intestine, and kidneys. FXR serves 
as a key regulator of bile acid homeostasis, lipid 
metabolism, and hepatic gluconeogenesis7. Its activation 
reduces hepatic fat accumulation, modulates 
inflammation, and promotes antifibrotic effects, 
positioning FXR as a strategic pharmacological target 
for NASH8. 
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Several FXR agonists have been developed and 
evaluated in clinical trials, including obeticholic acid 
(OCA), tropifexor, and cilofexor9–11. While these 
compounds have demonstrated benefits on histological 
and metabolic markers, their clinical progress has been 
hampered by severe adverse effects, such as pruritus, 
elevated LDL cholesterol, and hepatic toxicity in 
patients with advanced cirrhosis12. As of 2025, OCA 
remains approved only for primary biliary cholangitis 
(PBC), with its NASH application still under review 
following prior FDA rejections13. These limitations 
highlight the need for new FXR agonists that maintain 
comparable efficacy while offering an improved 
pharmacokinetic and safety profile14. 

In this context, modern computational approaches 
grounded in artificial intelligence (AI) provide a unique 
opportunity to accelerate and rationalize drug candidate 
discovery15,16. Deep learning, particularly graph neural 
networks (GNNs), enables direct modeling of structure-
activity relationships from molecular graphs without 
manual descriptor engineering. Combined with high-
throughput virtual screening and in silico ADMET 
modeling, this method filters millions of molecules by 
simultaneously predicting affinity, bioavailability, and 
safety17. 

The present study proposes an integrative AI-assisted 
strategy to identify novel FXR agonists with enhanced 
therapeutic potential against MASH. Our approach 
integrates (i) an advanced QSAR model based on graph 
neural networks (GraphConvModel), (ii) large-scale 
virtual screening of over one million PubChem 
compounds, and (iii) comparative assessment of ADMET 
properties and docking interactions with crystallized 
FXR (PDB ID: 1OSV) 18–20. 

MATERIALS AND METHODS 

1. Computational Environment 

All calculations were performed on the Google Colab 
platform in a Python 3.12 environment21. The main 
libraries used included: RDKit for generating, 
manipulating, and converting molecular structures; 
DeepChem (v2.6.0) for data preparation and 
implementation of the deep learning model; PyTorch 
(v2.8.0+cu126) and torch-geometric (2.7.0) for graph-
based neural modeling. Executions were performed on 
standard CPU without GPU acceleration. This modest 
configuration proved sufficient for training and 
inference of the GraphConv model. 

2. Data and Dataset Preparation 

Ligands of the farnesoid X receptor (FXR, UniProt: 
Q96RI1, ChEMBL ID: CHEMBL2047) with experimental 
affinity values (EC₅₀) were extracted from the ChEMBL 
database 22,23. The initial set of 321 ligands was enriched 
by a structural similarity search in PubChem19, resulting 
in a total corpus of 3,600 compounds. After removing 
duplicates and normalizing structures (generation of 
canonical SMILES and charge neutralization), 3,435 
unique molecules were retained. Affinity values were 
converted to pEC₅₀ = −log₁₀(EC₅₀) to normalize the 
distribution and improve learning stability. 

The data were randomly split according to a stratified 
distribution: Training: 80%, Validation: 10%, Test: 10%. 
The sets were standardized and stored in CSV format for 
experiment reproducibility. 

3. Graph Neural Network-Based QSAR Modeling 
(GraphConv) 

The biological activity modeling was performed using a 
GraphConvModel (Graph Convolutional Neural 
Network, GCN). Each molecule was represented as a 
graph, with atoms as nodes and chemical bonds as 
edges, allowing the model to capture the complete 
molecular topology 24,25. The model architecture 
included: three successive convolutional layers (128, 64, 
and 32 neurons), ReLU activation functions, dropout 
regularization = 0.2, global average pooling to aggregate 
atomic representations, and a fully connected layer for 
final pEC₅₀ prediction. Optimization was performed via 
the Adam algorithm (learning rate = 0.0005, L2 
regularization = 1×10⁻⁴). The loss function used was 
MSE (Mean Squared Error), with early stopping 
(patience = 10) on validation MSE. Each training ran for 
a maximum of 150 epochs. Performance was evaluated 
on the test set using: R² (coefficient of determination), 
MAE (Mean Absolute Error), RMSE (Root Mean Squared 
Error). A 5-fold cross-validation (k = 5) was performed 
to confirm model robustness and limit overfitting. 

4. Validation of Experimental Consistency 

The QSAR model performance was validated on four 
reference FXR agonists (GW4064, OCA, tropifexor, 
cilofexor) to compare experimental and predicted pEC₅₀ 
values. This step confirmed the model's ability to 
reproduce the activity hierarchy among known agonists, 
while highlighting the need for fine calibration of 
absolute predictions. 

5. High-Throughput Virtual Screening 

The trained model was applied to a library of 
approximately 1,000,000 compounds from PubChem. 
SMILES were converted to molecular graphs with RDKit, 
then subjected to pEC₅₀ prediction. Preselection criteria 
were: pEC₅₀ ≥ 7.0 (high activity), compliance with 
Lipinski's rule [16], QED > 0.6 (favorable drug-likeness). 
A complementary filter based on structural 
compatibility with the FXR pocket (hydrophobic cycles 
like cyclohexane) reduced the library to 694 final 
candidates26. 

6. ADMET Properties Evaluation 

The pharmacokinetic and safety properties of the 694 
candidates were evaluated using RDKit and the 
ADMETLab 3.0 platform. Filter criteria were: PPB > 90% 
(high plasma binding), BBB < 0.5 (low brain 
penetration), DILI < 0.5 (low predicted hepatotoxicity), 
Caco-2 > −5.5 (good intestinal permeability), no 
violations of Pfizer or GSK rules. Nine molecules—M1 
(CID: 8888557), M2 (CID: 22216658), M3 (CID: 
8422059), M4 (CID: 7190756), M5 (CID: 18163764), M6 
(CID: 8422070), M7 (CID: 10494847), M8 (CID: 
84221227), M9 (CID: 7190831)—met these criteria and 
were retained for in-depth analysis. 
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7. Molecular Docking 

 

Figure 1: integrated AI-assisted discovery pipeline 

The 3D structures of the retained ligands were 
downloaded from PubChem. The crystallographic 
structure of the FXR ligand-binding domain (LBD) (PDB 
ID: 1OSV, complexed with OCA) was prepared with 
Discovery Studio27: removal of water molecules, 
addition of polar hydrogens, CHARMM force field 
optimization, definition of a grid centered on the co-
crystallized ligand. Each ligand was subjected to ten 
docking poses, ranked by interaction energy. Hydrogen, 
hydrophobic, and π-alkyl interactions were analyzed 
using the 2D Diagram module. Figures were interpreted 
to identify key residues involved in stabilizing the 

ligand-FXR complex. The full pipeline is presented in 
Figure 1. 

RESULTS 

1. Prediction Model Performance 

The GraphConvModel, based on graph neural networks, 
demonstrated strong predictive capability for pEC₅₀ 
values of FXR receptor ligands. 

On the test set, cross-validation (k = 5) yielded: R² = 
0.89 ± 0.03, MSE = 0.33 ± 0.08, MAE = 0.36 ± 0.04, RMSE 
= 0.53 ± 0.05. These metrics reflect a solid correlation 
between experimental and predicted values (Figure 2).

 

Figure 2: Loss and correlation graph 

2. Validation on Reference FXR Agonists 

 

 

 

 

 

 

Table 1 : Validation on reference FXR agonists 

Agonist Real pEC₅₀ Predicted pEC₅₀ Ratio (Predicted/Real) 

GW4064 7.4 5.83 0.79 

Obeticholic acid 7.00 5.48 0.79 

Tropifexor 9.70 7.15 0.74 

Cilofexor 7.3 5.74 0.79 
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To assess the model's generalizability, four well-
characterized FXR agonists—GW4064, obeticholic acid 
(OCA), tropifexor, and cilofexor—were used as external 
validation compounds. The obtained predictions 
(predicted pEC₅₀) were compared to experimental 
values from the literature (Table 1) 28. Although 
absolute predictions slightly underestimate 
experimental values (average ratio ≈ 0.8), the activity 
hierarchy is correctly preserved, with tropifexor 
remaining the most potent agonist. This relative 
consistency confirms the model's ability to identify and 
prioritize high-activity candidates, even with a slight 
absolute shift in values. 

3. Selection of Drug Candidates and ADMET Filtering 

Virtual screening of over one million molecules from 
PubChem, followed by multi-criteria filtering (pEC₅₀ ≥ 7, 

QED > 0.6, Lipinski compliance), identified 694 potential 
candidates. After ADMET property evaluation using 
ADMETlab 3.029, nine molecules met the safety, 
bioavailability, and solubility conditions. Key 
parameters retained for NASH included: potency (pEC₅₀ 
> 7.1), low hepatotoxicity (DILI < 0.2), low cardiac risk 
(hERG < 0.2), high oral bioavailability (<50%), 
acceptable solubility (logS > −5). Nine molecules, 
M1(CID:8888557), M2(CID:22216658), 
M3(CID:8422059), M4(CID:7190756), 
M5(CID:18163764), M6(CID:8422070), 
M7(CID:10494847), M8(CID:84221227), 
M9(CID:7190831), were selected, and their 
pharmacokinetic and ADMET profiles are presented in 
the table 2. 

 

 

The nine studied ligands exhibit activity values (pEC₅₀) 
ranging from 7.35 to 7.78, indicating a generally 
homogeneous and bioactive series against the FXR 
target. Among them, ligands M9 (pEC₅₀ = 7.78) and M1 
(pEC₅₀ = 7.71) stand out as the most potent. All 
molecules comply with Lipinski's rule. The "drug-
likeness" indices (QED) are high, ranging from 0.63 to 
0.83, reflecting a favorable balance between size, 
polarity, and chemical complexity. Ligands M7 (0.83), 
M9 (0.79), and M3 (0.73) stand out as the most 
structurally optimized. No molecule shows Lipinski, 

Pfizer, or GSK alerts, except for M8, which displays a 
positive GSK signal (1.0), indicating a possible reactive 
motif to monitor. Toxicological evaluation shows low 
probabilities of hERG channel blockage (0.03–0.16), 
ruling out major cardiotoxic risk. DILI (Drug-Induced 
Liver Injury) predictions also remain moderate (< 0.16). 
Integrating all these parameters, two profiles emerge 
(Figure3): molecule M9 combines high activity and 
excellent bioavailability. It is followed by M1, which also 
shows good activity but suffers from low bioavailability.

 

Parameter M1 M2 M3 M4 M5 M6 M7 M8 M9 

pEC₅₀ 7.713 7.546 7.452 7.405 7.348 7.419 7.456 7.624 7.777 

MW 348.20 364.24 364.24 348.20 375.25 350.22 306.16 406.25 321.16 

QED 0.713 0.706 0.731 0.713 0.633 0.713 0.832 0.680 0.786 

Lipinski 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Pfizer 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

GSK 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 

Caco-2 -5.106 -5.367 -5.242 -5.110 -5.361 -5.482 -5.265 -5.488 -5.155 

PGP_inh 0.118 0.986 0.284 0.118 0.486 0.039 1.000 0.121 0.156 

F50 0.960 0.997 0.997 0.917 0.942 0.656 0.875 0.793 0.453 

BBB 0.267 0.000 0.183 0.101 0.270 0.074 0.000 0.259 0.152 

PPB 88.847 82.725 49.580 83.997 87.391 79.259 69.499 49.642 84.215 

CYP3A4-inh 0.054 0.295 0.983 0.993 0.986 0.999 0.504 0.991 0.683 

t_{1/2} 0.650 0.592 0.385 0.628 0.458 0.623 0.886 0.384 0.660 

hERG 0.162 0.033 0.055 0.087 0.082 0.054 0.038 0.102 0.060 

DILI 0.147 0.067 0.094 0.153 0.034 0.055 0.153 0.158 0.149 
QED Attractive: > 0.67;  Lipinski (violation 1: yes, 0: no); Pfizer (Category 0: yes, 1: no); GSK (Category 0: yes, 1: no); Caco-

2(Optimal:  -5,15); PGP_inh (0: Non-inhibitor, 1: Inhibitor); F50 (1: <50% bioavailability, 0: ≥50%); BBB (1: BBB+, 0: BBB-); 

CYP3A4-inh(0: Non-inhibitor, 1: Inhibitor);  t_{1/2}; hERG (1: ≥50% hERG+ , 0: <50% hERG-); DILI (1: High risk, 0: No risk). 

Table 2: Some parameters allow for 09 filtered molecules 

cid:8888557
cid:22216658
cid:8422059
cid:7190756
cid:18163764
cid:8422070
cid:10494847
cid:84221227
cid:7190831
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4. Molecular Docking and Interactions in the FXR Active Site 

         

M1(CID:8888557)       M9(CID:7190831) 

Figure 4: Interations diagram of ligands M1 and M9 at the site of FXR (PDB : 10SV) 

 

The molecular docking results (PDB ID: 1OSV) reveal 
notable affinity differences among the studied 
compounds. Molecule M9 displays a score of −49.37 
kcal/mol, compared to −49.11 kcal/mol for molecule 
M1, indicating markedly superior affinity of M9 for the 
FXR receptor. Ligands M1 and M9 establish a dense 
network of hydrophobic interactions and several 
hydrogen bonds within the FXR active site. Van der 
Waals interactions predominate with aliphatic and 
aromatic residues such as MET287, ILE332, ILE354, 
MET362, MET447, and PHE363, contributing to the 
stabilization of the complex's hydrophobic core. 
Additionally, hydrogen bonds with residues TYR358 
and TYR366 for ligand M1, and with ARG261 and 
ARG328 for ligand M9, enhance their anchoring 
specificity. The slightly higher affinity observed for 
ligand M9 could be explained by the presence of its 
adamantyl group, which inserts deeply into the large 
hydrophobic pocket of the FXR active site, as well as by 
the reinforcement of π-alkyl interactions with residues 
ILE332, MET287, MET262, ILE349, and MET325 
(Figure4 ). 

DISCUSSION 

In this study, we developed an integrative AI-assisted 
discovery pipeline combining a graph neural network 
model (GraphConvModel, R² = 0.89), molecular 

screening, and docking. The model's use proved 
relevant in reproducing the activity hierarchy observed 
for reference FXR agonists such as GW4064, OCA, 
tropifexor, and cilofexor. These performances confirm 
the ability of graph neural networks to learn 
hierarchical molecular representations without 
resorting to manual descriptor engineering, thus 
offering a major advantage over conventional QSAR 
approaches. High-throughput virtual screening, in silico 
evaluation of ADMET properties, and molecular docking 
enabled the identification of new FXR agonists. Among 
the one million known molecules extracted from the 
PubChem database, two candidates, M1 (CID: 8888557) 
and M9 (CID: 7190831), stood out for their strong 
predicted affinity, favorable pharmacokinetic profile, 
and reduced toxicity. 

1. Structural Analysis and Binding Interactions 

The interaction profiles of M1 and M9 with the FXR LBD, 
as visualized in the docking outputs, reveal a conserved 
binding mode characterized by extended hydrophobic 
contacts and hydrogen bonds. Both ligands engage a 
network of hydrophobic contacts including residues 
ILE332, ILE359, LEU287, LEU349, MET262, MET287, 
MET362, PHE363, and SER329. Van der Waals 
interactions predominate with aliphatic residues (Ile, 
Leu, Met), stabilizing the hydrophobic core, while 

 

[(3S)-2-oxooxolan-3-yl] 2-(adamantane-1-

carbonylamino)acetate 

 

 

[2-(cyclopropylamino)-2-oxoethyl] (2S)-2-

(adamantane-1-carbonylamino)propanoate 

 

Figure 3: 2D Structure of M1 and M9 molecules 

M1(CID:8888557) M9(CID:7190831) 

cid:8888557
cid:7190831
cid:8888557
cid:7190831
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conventional hydrogen bonds with polar residues (Arg, 
Tyr) anchor the ligands' polar groups, enhancing 
specificity30 (Figure5) . These interactions align with 
crystallographic studies of FXR agonists, where bile acid 

derivatives like chenodeoxycholic acid (CDCA) form 
similar networks, but the non-steroidal scaffolds of M1 
and M9 offer reduced steric hindrance, potentially 
improving selectivity31 . 

 

2. Comparative Evaluation of Pharmacokinetic and ADMET Parameters 

 

The in silico evaluation of FXR agonists OCA, Tropifexor, 
M1, and M9 according to pharmacokinetic and 
toxicological highlights major differences between the 
compounds (Table 3). 

The ADMET evaluation highlights that ligands M1 and 
M9 exhibit predicted pharmacokinetic and safety 
properties superior to those of tropifexor, while 
approaching the profile of OCA. M9 stands out as the 
best overall compromise, combining high drug-likeness, 
adequate solubility, moderate bioavailability, and low 
predicted toxicity. M1, on the other hand, shows 
excellent chemical stability and low toxicity, but its 
bioavailability requires adapted formulation strategies. 

3. Mechanistic and Therapeutic Implications 

The retained molecules both feature an adamantyl 
group (a tricyclic lipophilic structure). This is a key 
structural motif frequently used in medicinal chemistry. 

It is often incorporated into sEH inhibitors (sEHIs), such 
as urea derivatives, to enhance their potency by 
facilitating favorable hydrophobic interactions with the 
sEH binding pocket 32. Studies have explored 
compounds targeting both FXR and sEH. For example, 
Schmidt and collaborators developed an amide-based 
dual modulator of the FXR receptor and sEH to counter 
non-alcoholic steatohepatitis (NASH)33. In this study, 
binding simulations show that ligands M1 and M9 
stabilize the active agonist conformation of FXR. The 
Connolly surfaces of the ligands are shown in Figure 5. 
The adamantyl and cyclohexane groups contribute to an 
optimal balance between rigidity and lipophilicity, 
reducing steric constraints while maximizing contact 
surface with the large hydrophobic pocket of FXR34.  
Thus, M1 and M9 could represent next-generation non-
steroidal FXR agonists, likely to offer improved 
therapeutic efficacy and increased tolerance in NASH 
treatment.

  

 

 

Table 3 : Comparative profile of FXR agonists OCA, Tropifexor, M1, and M9 according to pharmacokinetic 

and toxicological parameters 

Parameter OCA Tropifexor M1 M9 

QED 0.577 0.21 0.713 0.786 

Lipinski (violation) 0 1.0 0 0 

LogS (solubility) -4.69 -5.987 -3.069 -3.232 

Caco-2 -5.391 -4.843 -5.106 -5.155 

PPB (%) 95.753 99.051 88.847 84.215 

BBB 0.0 0.264 0.267 0.152 

F50 (ADMETlab 3.0) 0.51 0.993 0.960 0.453 

DILI 0.183 1.0 0.147 0.149 

hERG 0.01 0.898 0.162 0.06 

CYP3A4-inh 1.0 0.0 0.054 0.683 

 

 

Figure 5:  Connolly Surface of the active site of FXR for 2 best active designed molecules M1 and M9. The 

binding site surface is colored according to residue hydrophobicity: red = hydrophobic, blue = 

hydrophilic and white = intermediate 

 
 M1(CID :8888557) M9(CID :7190831) 
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4. Limitations and Future Perspectives 

Despite these advances, our study relies entirely on 
computational approaches, limited by the absence of 
experimental validation (e.g., in vitro assays on hepatic 
cells or murine NASH models). ADMET predictions and 
docking, while robust, may overestimate real affinity 
due to biases in databases (e.g., overrepresentation of 
bile acid scaffolds) or the lack of molecular dynamics 
simulations to assess complex stability35. Additionally, 
GNNs, although performant, require larger datasets to 
minimize overfitting. In perspectives, chemical 
synthesis of M9 followed by preclinical assays is a 
priority, potentially possess favorable dual potency 
towards FXR and sEH while reducing the original 
cysteinyl leukotriene receptor antagonism of the lead 
drug32. This AI pipeline could be extended to other 
nuclear targets, accelerating the discovery of treatments 
for metabolic diseases. 

CONCLUSION  

This study highlights the relevance of an integrative 
approach combining artificial intelligence and molecular 
modeling for the discovery of new farnesoid X receptor 
(FXR) agonists in the context of metabolic-associated 
steatohepatitis (MASH, formerly NASH). The joint use of 
a neural predictive model (GraphConvModel), high-
throughput virtual screening, and in-depth ADMET 
analysis has enabled the identification of two promising 
compounds, namely molecule M9 (CID: 7190831) and 
molecule M1 (CID: 8888557), which exhibit strong 
binding affinity, high oral bioavailability for M9, and low 
hepatic toxicity according to in silico predictions. The 
results of molecular docking on the FXR ligand-binding 
domain (PDB ID: 1OSV) revealed essential stabilizing 
interactions with residues PHE363, TYR358, and 
TRP451, involved in the stabilization of helix 12 and 
receptor activation. Among the tested compounds, M9 
presents a denser interaction profile, suggesting 
superior agonist potential. In a rapidly evolving 
therapeutic landscape, marked by the FDA approval of 
resmetirom (THR-β agonist) in March 2024 for fibrosing 
MASH and the inconclusive evaluation for obeticholic 
acid, these non-steroidal candidates M1 and M9 offer a 
promising alternative, potentially in combination for 
multimodal therapies. 

In perspective, M9 emerges as a priority candidate for 
chemical synthesis and experimental evaluation (in 
vitro and in vivo), in order to validate its efficacy against 
hepatic inflammation and fibrosis. More broadly, this 
integrated and reproducible computational pipeline 
illustrates AI's ability to accelerate the discovery of 
nuclear ligands, supporting the development of 
innovative metabolic therapies against MASH and other 
chronic liver diseases. 
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