The Activation Score: Predicting cysteine reactivity from chemoproteomics
data and protein language model (PLM) embeddings
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Reactive Cysteine PLM embeddings

* Due to its pKa range, cysteine is the preferred
residue for covalent modification, thus there is
great interest in targeting these residues for
drug-discovery. Chemoproteomics is an approach
to understand the interaction between small
molecules and proteins in a cellular context.

The Frontier™ Platform is built using
chemoproteomics to enable the rapid

and proteome-wide discovery of druggable
cysteines.
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Figure 4: We frained several different ML models to classify reactive from unreactive cysteines using a feature set that included embeddings derived from a residue-level PLM and metadata
° iar’ I i . from proprietary MS/MS spectra data derived from conducting thousands of isoTOP-ABPP (4) experiments. These MS/MS spectra data provide us with measures of reproducibility of
Here we present Fron’rler S ACfIVCﬂ'IOn Score. modification, and abundance of peptide which can be used in our model. Among the tested ML models, we found that XGBoost had the highest performance classifying reactive from

a machine Ieorning (M L)'bCIsed score derived ' {’ Library hif unreactive cysteines (AUC = 0.81). The Activation Score is the probability that a cysteine is classified as reactive by our machine learning model.
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Figure 2: Eight cancer cell lines were treated with sulfhydryl-reactive alkylating lodoacetamide (IAA) at 7 different concentrations (ranging from 0 to 1,000 uM) to block reduced cysteine

residues for peptide mapping. A competition reaction between IAA and a cysteine-binding desthiobiotin lodoacetamide (DBIA) chemical probe enabled enrichment of DBIA-labeled . . . ags ; - - TR
peptides in a dose-responsivg manner. The samples were prepped and run on a mass spegc’rrome’rer (MS) where loss of pe(p’ride>signol indicated successful IAA-competition. We fit We developed the AC'l'IVCﬂ'IOn Score, a ML/Al-bCISGd mOdel 1'0 fGnk—pflOTITIZG ChemlCGlly reCICfIVG CySte|neS W”'h'n

a four-parameter log-logistic model to the dose response data for each cysteine. When the model converged on a solution (there was a dose response) we labelled the cysteine as i
reactive, when there was no dose response, we labelled it as unreactive. a pro’reln Or ACross The pro’reome.

Cysteine reactivity can be predicted by leveraging chemoproteomics data with PLM embeddings in an algorithmic
approach.

PTOiein I_anguage mOdeI embedd_ings ca piure_imporicu_ﬂ The Activation Score is highly correlated with physicochemical properties such as SASA and pKa, but key
biophysical, structural, and functional properties of residues differences exist

Cysteines with a higher Activation Score demonstrate more frequent and more notable engagement in Frontier's
proteome wide covalent library profiling experiments.

The Activation Score nominates cysteines with reactive potential across the proteome including proteins that are hard to
drug but important for disease (such KRAS and WRN).

The Activation Score is incorporated into Frontier’s Druggability Atlas™ and presents a powerful tool for prioritizing
Tyr Ser Gly Ser cysteines for covalent drug discovery.

Protein tertiary structure Protein primary sequence

ESM2, ESM-TF

N
S References

S =

$

Atein embeddilN

1204075029508309502934280

Boike, L., Henning, N. J., & Nomura, D. K. (2022). Advances in covalent drug discovery. Nafure reviews. Drug discovery, 21(12), 881-898.

Rives et al. (2021). Biological structure and function emerge from scaling unsupervised learning to 250 million protein sequences. Proceedings of the National Academy of Sciences of the United States of America, 118(15).

Hsu et al. (2022). Learning inverse folding from millions of predicted structures. Proceedings of the 3%9th International Conference on Machine Learning, PMLR 162:8946-8970.

Weerapana, E., Speers, A. E., & Cravatt, B. F (2007). Tandem orthogonal proteolysis-activity-based protein profiling (TOP-ABPP)—a general method for mapping sites of probe modification in proteomes. Nature protocols, 2(6), 1414-1425.
Kuljanin et al. (2021). Reimagining high-throughput profiling of reactive cysteines for cell-based screening of large electrophile libraries. Nafure biotechnology, 39(5), 630-641.

Johnston et al. (2023). Epik: pK and Protonation State Prediction through Machine Learning. Journal of chemical theory and computation, 19(8), 2380-2388.

Eng, J. K., Jahan, T A., & Hoopmann, M. R. (2013). Comet: an open-source MS/MS sequence database search tool. Protfeomics, 13(1), 22-24.

Barbi et al. (2021). ESM-Tools version 5.0: a modular infrastructure for stand-alone and coupled Earth system modelling (ESM). Geoscientific Model Development, 14, 4051-4067.

W ©® N o o0k~ DD~

Figure 3: Fronfier’s proprietary language model incorporates an evolufionary scale model (ESM2) and an inverse folding model (ESM-IF1) (2,3). Evolutionary Scale Modeling (ESM2) is a Jumper et al. (2021). Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), 583-589.
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