BiosimDock outperforms other models on predicting
small molecule binding affinities on the PDBbind
core dataset

Balto: the first Al Assistant for Drug Discovery
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Correlation between the docking scores (absolute values) and log experimental binding affinity for Deep Origin BiosimDock, : : - - -
Deep Origin BiosimDock* trained only on protein sequences with 30% or less homology and ligands with 0.5 or less Tanimoto Garik Petrosvan, Havk Sarlbekvan' Aram Dthvan’ Tlgran Abramyan, Natalie Ma, Ashot Papoyan, Jason Sunardi,

similarity versus test set, GNINA, and Autodock Vina. The dataset is the PDBbind core set (285 protein-ligand complexes with Garegin Pa poian
measured dose-dependent experimental affinities). [1], [2], [3], [4]
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. o Iterating over the vast chemical search space to find the best possible drug candidates remains Balto provides a chat-based interface to load protein structures, identify binding pockets,
Our model outperforms others in pI'EdICtII‘Ig the challenging, despite decades of in silico technology development in virtual screening and molecular create structures and predict properties of molecules, and dock molecules to pockets. Balto
. . . . . . . . ors . . _ . can also summarize publications, analyze images, and search the web for answers.
bmdlng pose of Ilgands in the PDBbind core dataset dynamics. In particular, three challenges stand out: 1) the weak ability of virtual screening to distinguish
true binders from false positives and provide accurate information on their binding affinity and . e .
conformation, leading to synthesis of 100's to 1000's of inactive compounds, 2) the difficulty in optimizing More efficient Molecular D\[namlcs
multiple chemical properties simultaneously to ensure identified compounds are suitable drug candidates,
leading to time- and cost-intensive optimization campaigns, and 3) the steep learning curve of
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repeated cycles of in silico and experimental work, stretching preclinical discovery and optimization
campaigns from months into years.
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o m o s wm w s r B @& W & m B A 8 W W To address these challenges, we used physics and Al to develop a computational drug discovery pipeline
@® % where RMSD <2A o o . . . . . . . .
® % Accuracy (RMSD <2A) comprising proprietary docking, chemical property prediction, virtual screening, and molecular dynamics, oD - cq RiosimD ** - 130
We outperform other models on docking accuracy, as 0urtp?rf7rmancedm},przdéct?g ligand binding Plose;byt, and protein dynamics tools. We demonstrate that these tools enable rediscovery and enrichment of known 1051M
benchmarked on the PDBbind dataset, which taj protein class, as defined by Expasy's enzyme classifications. . . . . . . . . . .
orystal Structures of 285 protein-ligand pairs. Acouracy is Accuracy is meastired by the percentage ofigand poses. binders and drugs against diverse protein targets, including kinases, non-kinase nucleotide binders, GROMACS 230 OpenMM 500
measured by the percentage of ligand poses predicted within 2~ Predicted to be within 2 A of experimental results, which Is il - - _
A of experimental results, which is generally considered accurate 9enerally considered accurate for drug discovery. The receptors, and proteases. To enable broader accessibility, these tools are available with a code-based . .
for drug discovery. There are no error bars because each dataset used is PDBbind core set; there are no error bars Python interface and a chat-based natural language interface. Combined, we aim to provide accurate We generate more simulations for less overall cost compared to GROMACS 1131 or OpenMM 114],
protein-ligand pair is assessed to have a binary ‘yes’ or ‘no’ value. because each protein-ligand pair is assessed to have a y T . . 9 ) g hk ! P J without the need for a GPU. AFBE and RFBE methods are also available. * On one core, Intel 3.8
[1], [2], [3], [4] binary ‘yes’ or ‘no’ value. [1], [2], [3], [4] predictive computational chemistry tools to medicinal chemists across backgrounds and enable GHz CPU; ** 12 simulations run in parallel, 8 cores each, to approximate OpenMM GPU.

. . . accelerated discovery and development of small-molecule therapeutics.
We better identify true binders from decoys

Enrichment in the Top 1% of Returned Hits Our tools rediscover known binders and drug candicdates

Deep Origin ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ Smac Fomumon The top hitis MRTX1133, a Phase 1/2 asset of Mirati Therapeutics
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AWSEM 2.0: Protein Dynamics
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