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The high active-site homology across cysteine cathepsins, particularly within the S2 subsite, 
makes selective inhibition of Cathepsin L (CTSL) a challenging molecular design problem.1 

CTSL is implicated in tumor metastasis and therapy resistance, highlighting the need for 
selective chemical probes.2 We developed an integrated in silico workflow combining structure-
based pharmacophore modeling and machine learning (ML) to identify novel CTSL inhibitors. 
High-resolution CTSL crystal structures were used to generate pharmacophore models 
capturing key S2 subsite interactions and anchoring to catalytic Cys25.3 After rigorous 
validation, the models were applied to screen multi-million compound libraries. Hits were 
further prioritized using a QSAR regression framework built on a curated dataset of 1,218 
inhibitors (pActivity range: 2–10). Molecular features were encoded using ECFP4 fingerprints 
and physicochemical descriptors. To assess generalization robustness, three data-splitting 
strategies (random, Bemis–Murcko scaffold-based, and UMAP-cluster-based splits) were 
evaluated. For each split, a stacked ensemble combining Random Forest and XGBoost 
regressors was trained. Final prioritization relied on consensus predictions across all split-
specific models to mitigate split-dependent bias and enhance scaffold diversity. The optimized 
models demonstrated robust predictive performance for a structurally diverse CTSL dataset 
(R² = 0.662 ± 0.03; Pearson r = 0.81; Q²_LOO = 0.565; MAE = 0.595 ± 0.03; RMSE = 0.773 ± 
0.04). This workflow enables efficient exploration of large chemical spaces and provides a 
reproducible strategy for prioritizing selective CTSL inhibitor candidates for experimental 
validation. 

 
Figure 1. Schematic representation of the workflow used in this work. 
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