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e Drug discovery 1s costly and time-intensive process.

e Best overall model: Extra Trees, average AUROC 85.9
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Stage 3 250 e Tree-based descriptor models consistently outperformed the Chemprop runs across benchmarks datasets.
Preclinical research e Extra Trees achieved the best average AUROC (bold). Random Forest was a close second (underlined).
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Stage 5 Extra Trees 90.0 +/-6.4| 84.6 +/-29 | 74.2+/-2.8 | 86.1 +/-3.7 | 98.5+/-1.4 | 85.0 +/-3.1 | 82.9 +/-0.9

Approved drug @ 10-15 Vears Random Forest |87.9+/-7.4 84.8+/-3.2  74.1+/-05 84.6+/-4.6 983+/-1.6 | 847+/-29 | 843+/-19 |  Left: SARS-CoV-2virus. Right: SARS-CoV-2 3CL
protease, the target used in our SARS case study. Dataset

Grad. Boosting 80.1 +/- 11.2) 84.0+/-2.8 | 72.9+-6.9 | 813+/-57 | 957+-48 | 79.6+/-24 | TL.0+-133 | G @ hioh-resolution XChem fragment screen (MIT

Log. Reg. | 74.8+-09| 82.8+/-1.1 | 742+/-2.4 | 83.1+/-33 | 98.8+-14 | 76.6+/-2.9 | 653 +/-18.9|  AiCures).

\’ % AdaBoost 704 +/-8.8| 80.1 +/-4.1 | 68.1 +/-6.6 | 82.9+/-39 | 952 +/-5.3 | 80.1+/-1.3 | 67.0+/-12.6

=X - - Chemprop | 44.9+/-7.9| 76.8+/-3.0 | 69.6+/-8.6 | 80.2+/-11.4 | 39.5+/-8.5 | 58.8 +/- 10.9 | 54.8 +/- 15.9
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Traditional Methods " Al Machine Learnlng Model Experlmental Validation Chemprop+RDKit 36.9 +/- 11.7] 71.8 /-2.0 | 384 +/-94 | 63.9+/-23 | 534 +/-5.7 | 62.6+/-49 | 56.5+/-09.1

_____ Methods SARS Case Study

e Al can accelerate development before experimental testing
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Limitations & Future Directions:

g

Chemprop was trained under a modest setup with
short training and limited tuning.
Current deep-learning results should be interpreted

e Benchmarked 7 binary classification datasets from TDC across as baseline Chemprop results, not fully optimized
HTS, toxicity, and ADMET. e Descriptor-level interpretation and property-shift analysis support chemically meaningtul screening behavior. GNN performance.
e Used 3 scaffold-based splits and reported AUROC mean +/- std. ® These results support RDKit-descriptor baselines for practical SARS screening. e [Feature interpretation should be rerun directly on the
* SARS refers to the TDC dataset SARSCoV?2_3CLPro_Diamond b '
: — — - est-performing SARS model.
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° Compared RDKit-descriptor baselines with Chemprop, a message Iy - i 1 2 3 J N S N S S ST e For SARS-CoV-2 3CLPro, classical ML clearly
passing neural network (MPNN). N e outperformed the current Chemprop variants
e For SARS-CoV-2 3CLPro, we also analyzed descriptor importance =~ ® Extra Trees and Random Forest delivered consistent high AUROC pertormance across scatfold splits. b , MpTop v L
and property distributions. ! ! ! ROC Performance Across Scaffold Splits ¢ Strong d@SCI’lp tor.—based baselines remain essential in
Chemprop / MPNN Overview Moddl Split1 | Split2 | Split3 | Mean  5td T molecular screening, and SARS-CoV-2 3CLPro
Extra Trees 99.0 | 855 | 855 90.0 + 6.4 50 T provides a clear HTS test case.
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