From Incremental to Exponential: Integrating Al and DEL to Enable Discovery Across the Proteome
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Figure 7: Initial hit expansion libraries improve molecular properties and lipophilic efficiency of the validated DEL hits and
provide further information for medicinal chemistry optimization: A. Molecular lipophilicity plotted against SPR Kd (logscale) for
two target X DEL expansion libraries; the color gradient shows the lipophilic ligand efficiency (LLE). Red and dark blue dots
represent the reference Series 1 and Series 2 hits, respectively, and their enantiomers while orange and cyan colors correspond to
the DEL expansion library molecules. B. Histograms of SPR Kds (nM) for the two libraries. These were not informed by co-crystal

structures.

Computational Chemistry: Molecular docking,
dynamics, and shape-based queries to model
binding interactions and optimize ligand-target
affinity at the atomic level.

Figure 1: DEL Data Generation at Nurix DNA-Encoded Libraries! (DELs) are collections of small molecules
encoded with unique DNA barcodes that record their synthetic history and building block identity. These
libraries are pooled in a screening format that enables screening billions of compounds against a desired
target. DELs enable rapid identification of binders by sequencing the enriched DNA tags after affinity selection
of the desired target.

DEL Foundation Models (DEL FM) Enable in Silico DEL Experiments

Conclusions
DEL datasets provide large-scale, structured, and chemically diverse interaction data
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Figure 2: DEL ML Pipeline: This category of
models takes enrichment data from a single
DEL experiment and predicts activity based on
molecular featurization. Models then are used
for hit triaging, noise reduction, and informing
synthesis follow-up?*®

These models predict binding to a single
protein, are quick to train, and are effective on
single target prediction tasks.

Figure 3: A Foundation Model Trained on DEL:
DEL FM pipelines take enrichment data from
multiple DEL experiments across different
proteins and conditions. Models learn a
generalizable relationship between protein
sequence and molecular structure

DEL FM then predicts activity of each
molecule, protein pair as if it were DEL data
without experimental data prerequisites for
either member
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Figure 5: DEL FM Predicts and Denoises Enriched Chemical
Matter: A. Enriched chemical matter of an unseen protein. B.
Binders predicted by DEL FM largely recapitulate experimental
data of a protein complex. Coloring of these molecules by DEL
FM annotates important structures (purple) while ignoring
promiscuous plane (yellow).
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