Drug Discovery Through Deep Learning and 3D Protein-Ligand Modeling
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Accurate prediction of half-maximal inhibitory concentration (ICs,) is essential for therapeutic development. 10101 Model Variant EGFR CYP2D6
EGFR and CYP2D6é6 are clinically important targets in cancer progression and drug metabolism, respectively. Atorm-level PLIF dictance-based vector R " MAE  RMSE R " MAE  RMSE
While experimental |Cs, measurements are costly and time-consuming, computational models often lack ] o | o laese Baseline 0.6747 0.6785 0.5731 0.7817/0.3113 0.3428 052461 0.7178
accuracy due to limited use of protein-ligand context. Chemprop, a graph-based message passing neural Atom-Level (1/Dist., H-Bond) 0.6152 0.6255 0.6308 0.84880.3101 0.3414 0.5214 0.7201
network, offers strong performance on molecular property prediction, but does not account for binding Graph-level PLIF bit vector Atom-Level (Binary, Hydrophobic) |0.6061 0.6206 0.6324 0.8589 0.2476 0.2710 0.5849 0.7733
interactions. To address this, we integrate Protein-Ligand Interaction Fingerprints (PLIFs) generated using T llals Atom-Level (1/Dist, Hydrophobic)| 0.6066 0.6203 0.6344 0.8578]0.2540 0.2761 0.5691 0.7540
PLIP into Chemprop. This work evaluates whether incorporating PLIF-derived features can improve |Csq Graph-Level (All Res.) 0.5023 05194 07244 09664101083 01187 0.6310 0.8340
prediction accuracy for EGFR and CYP2D6 inhibitors. R At i ecamrirt Graph-Level (1/Dist, 3 Res.) 0.6946 0.6543 0.6038 0.8160 0.2578 0.2957 0.5499 0.7456
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Dataset Overview Table 1. Performance comparison across feature strategies for EGFR and CYP2Dé6
Figure 2. Atom-level and Graph-level Feature Extraction From PLIP Interaction Profile 0.72 R™2 Comparison by Method and Feature Set 0.64 MAE Comparison by Method and Feature Set
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The Epidermal Growth Factor Receptor (EGFR) is a well-established target in cancer therapy. EGFR plays a Key Residues Involved In Binding 068 o P o Ll RN eo. o ression
critical role in cell growth, migration, proliferation, and apoptotic resistance in various tumor types. Many € 0661 B < .
anti-cancer drugs aim to inhibit EGFR by binding to its kinase domain, thereby preventing aberrant signaling 0.64 5% D B BN BN = B
that drives tumor progression. The data is sourced from BindingDB (curated from literature, PubChem, 0.62 0.56 1
patents/WIPO, and ChEMBL), containing ~2,500 molecules. 0.60 . . . . . . . . 0.54 . .
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The Cytochrome P450 2Dé6 (CYP2D6) is a critical enzyme that is responsible for metabolizing commonly e e e N

prescribed medications, including antidepressants, analgesics, and anticancer drugs. Primarily expressed in
the liver and the brain, CYP2Dé modulates functional groups from drugs via processes such as hydroxylation Figure 5. Comparison of dimensionality reduction strategies for the EGFR feature set. Random Forest (green), PLS (orange),

and demethylation. The data is sourced from BindingDB (curated from literature, PubChem, patents/WIPO, . . and F-regression (purple) were used to select 3 or 10 features from 108-dimensional fingerprints, with variants transformed
Y o 8 ( P / EGFR - Random Forest EGFR - PLS Regression EGFR - F Regression CYP - Random Forest via inverse and inverse-squared distance. Bar plots show model performance in R? (left) and MAE (right) using Chemprop.
and ChEMBL), containing ~5,000 molecules.

Figure 3. Visualization of protein structures with highlighted important residues identified by labeled method. Adding atom-level interaction fingerprints degraded model performance across all settings. We attribute

Methodology . | | . | | | this to the sparsity of atom-level features, which introduced noise rather than meaningful signals.In con-
Residues selected by our feature methods align with biologically important EGFR regions: trast, graph-level features based on ligand-to-residue distances improved performance slightly when care-
fully selected.
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Figure 1. Overview of the molecular docking and interaction profiling workflow. Ligands and proteins are prepared from public vond rfi-_tures atom features To en,hance predlchve performance and mterpretabll}ty, future work will eXp|Or¢ directly Iegrn|ng atom_
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extract interaction features for downstream modeling. I C\ E— e aggregate Q oroperty residue spatial information using compact descriptors (e.g., mean distances, residue counts) instead of high-
SMILES “\]/\—’ _’ oY e & ' ' I—' ~ prediction dimensional vectors. Additionally, we aim to integrate protein context by incorporating residues directly as
] ] ] . . ] -L em?:gggir?g graph nodes or edge features, potentially modifying Chemprop architecture.
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iInputs aim to improve prediction via a feedforward neural network.
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