Supplementary Table 1. Web Addresses of Databases
	PubChem
	https://pubchem.ncbi.nlm.nih.gov/

	PharmMapper
	http://www.lilab-ecust.cn/pharmmapper/

	ChEMBL
	https://www.ebi.ac.uk/chembl/

	SwissTargetPrediction
	https://www.swisstargetprediction.ch/

	Comparative Toxicogenomics Database
	https://ctdbase.org/

	Uniprot
	https://www.uniprot.org/

	GEO
	https://www.ncbi.nlm.nih.gov/geo/

	RCSB PDB
	https://www.rcsb.org/

	STRING
	https://string-db.org/





Supplementary Table 2. Identification of Core Targets via Machine Learning Algorithms
	
	During the model training phase, we evaluated the performance of several machine learning algorithms, including Elastic Net Regression (λ=0.1), Lasso Regression (λ=0.05), Ridge Regression (λ=1.0), Support Vector Machine (SVM; C=1.0, γ=0.01), Linear Discriminant Analysis (LDA), Gradient Boosting Machine (GBM; learning rate=0.1, number of trees=100), Random Forest (RF; number of trees=200), and XGBoost (XGB; learning rate=0.01, number of trees=150). These models were trained on the training set, and their hyperparameters were optimized via cross-validation.
Considering the limited sample size, we mitigate the overfitting issue through multiple strategies, including optimizing hyperparameters using internal cross-validation, adopting ensemble models such as GBM, random forest, and XGBoost (which naturally suppress overfitting by combining weak learners), and only including models with an AUC ≥ 0.7 on the test set. Additionally, we verify the model calibration using the calibration curve and MAE (0.084) to ensure generalization ability, and employ SHAP analysis to interpret the predictions and avoid interference from redundant variables.





Supplementary Table 3. Comprehensive Details of GEO Datasets
	ID
	GEO dataset
	Samples
	Platform

	1
	GSE51588
	40 OA patients and 10 normal controls
	GPL13497

	2
	GSE55457
	10 OA patients and 10 normal controls
	GPL96

	3
	GSE206848
	7 OA patients and 7 normal controls
	GPL570









Supplementary Table 4. Differential expression analysis of osteoarthritis samples identified a total of 82 differentially expressed genes, including 37 upregulated and 45 downregulated genes.
	Up 
	TLR7	CX3CR1	SEMA3D	PCDHB6	APLNR	CHAD	MYOM2	PDE11A
HTR2B	PNMAL1	RYR1	STMN2	RASSF9	THY1	LRRC17	SGCA
EGFL6	LRRC15	TNNT3	FCER1A	SGCG	MYH1	COL2A1	SCRG
COL3A1	SMPD3	FAP	WIF1	THBS4	TNNC2	MMP1	COL11A1
COMP	ERAP2	OGN	MYL1	CKM

	Down 
	IRAK3	IL1R2	MXD1	SLC7A5	NFIL3	SRGN	SLCO4A1	
PLIN2	ADM	NAMPT	CCL23	FKBP5	AREG	LIN7A	CA1	S100P
FPR1	PTX3	ARG1	MGAM	AZU1	MPO	SIK1	NFE2  PRG2
PRTN3	MAFF	GADD45B	S100A9	SLC2A3	S100A12	RETN	RGS1
APOLD1	CCL20	CEACAM8	CYP4F3	DEFA4	SLC16A10	ELANE
CXCL3	HPR	S100A8	CLC	EIF1AY





Supplementary Table 5. Analysis of 30 Potential Targets in BDE-47-Induced Osteoarthritis
	
	AREG	CCL20	COL2A1	COL3A1	CXCL3	CYP4F3	EGFL6	FKBP5
GADD45B	IRAK3	MAFF	MGAM	MMP1	MXD1	NFIL3	PLIN2
PRG2	PTX3	RGS1	RYR1	SGCG	SLC16A10	SLC2A3	SLC7A5
SMPD3	SRGN	THBS4	TLR7	ELANE	S100A9





Supplementary Table 6. Binding Free Energy Data of BDE-47 with 10 Core Targets
	CXCL3
	-7.1 kcal/mol
	FKBP5
	-5.4 kcal/mol

	MAFF
	-4.7 kcal/mol
	MGAM
	-5.1 kcal/mol

	MXD1
	-5.6 kcal/mol
	PTX3
	-6.4 kcal/mol

	RGS1
	-6.2 kcal/mol
	RYR1
	-6.3 kcal/mol

	THBS4
	-5.7 kcal/mol
	TLR7
	-5.1 kcal/mol




Supplementary Table 7. Molecular dynamics simulation
	
	Molecular dynamics simulations were performed using GROMACS 2022. Ligand parameters were generated based on the general CHARMM36 force field to ensure reliable and accurate simulation outcomes. The protein–ligand complex was solvated using the TIP3P water model, and Na⁺/Cl⁻ ions were added to neutralize the system and maintain electrostatic balance. Energy minimization was initially conducted using the steepest descent algorithm to optimize the starting conformation of the complex. All simulations were conducted under periodic boundary conditions to eliminate edge effects.
Subsequently, a 0.1 ns equilibration was performed under the canonical ensemble (NVT) with a 2 fs integration time step. The system was then further equilibrated under the isothermal–isobaric ensemble (NPT) to stabilize temperature and pressure. A 200 ns production run was finally carried out under the same conditions to explore the dynamic interactions between the compound and the target protein.
To estimate the binding free energy of the protein–ligand complex, the GMX_MMPBSA tool was employed to analyze the simulation trajectories. This method integrates molecular mechanics (MM) energy terms with Poisson–Boltzmann surface area (PBSA) calculations, providing a reliable theoretical framework for evaluating intermolecular binding affinity.
Key analyses included:
1.Solvent-Accessible Surface Area (SASA): Used to assess structural stability and solvent exposure of the complex during the simulation. A stable SASA profile suggests limited structural variation and high conformational stability, while significant fluctuations may indicate potential instability or dynamic binding modes.
2.Root Mean Square Deviation (RMSD): Indicates the structural stability of the protein–ligand complex. Lower RMSD values correspond to higher structural consistency and complex stability over time.
3.Radius of Gyration (Rg): Reflects the compactness of the molecular system. Larger Rg values suggest expansion, while smaller values indicate a tightly packed and stable complex.
4.Free Energy Landscape: Describes the conformational distribution and identifies the most stable low-energy states of the complex. Multiple scattered low-energy basins suggest weak or unstable interactions, whereas a dominant and smooth minimum energy basin indicates strong and stable binding. Deep purple/blue regions denote stable conformations with minimal energy, while red/yellow areas indicate less stable states.
5.Root Mean Square Fluctuation (RMSF): Quantifies the flexibility of amino acid residues within the protein. Higher RMSF values reflect greater atomic displacement and dynamic movement; lower values indicate rigid or stable regions.
6.Hydrogen Bond Count: Assesses the presence and consistency of hydrogen bonds at the binding interface. Hydrogen bonds are critical for specific and stable ligand–protein interactions; their frequency reflects the robustness of binding.






