
Computation in Drug Discovery 
— An Insider’s View

December 1, 2022





Adapted from Lynn L. Silver, “Challenges of Antibacterial Discovery,” Clinical Microbiology Reviews 24, no. 1. (2011): 71-109.

Have a question to ask our panel?
Open the ZOOM Q&A and type in your 
question at anytime !

Saving your Questions to the end
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IDEAYA Synthetic Lethality Drug Discovery Platform 
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Structure-Based Drug Design & Proprietary Chemical Library Enable “Hard to Drug” Targets

Structural Biology & Structure Based Drug Design INQUIRETM Proprietary Chemical Library

Full suite of capabilities in structural biology, 
biophysics, & computational chemistry

Ligand bound co-crystal structures resolved to 
enable Structure Based Drug Design for programs

Multiple potential “first-in-world” co-crystal 
structures resolved, including for PARG, Pol Theta 
Helicase and Werner Helicase

Expert-curated HTS library to enhance hit discovery 
capabilities against novel SL targets classes, such as 
helicases and endonucleases

Enhances IDEAYA’s SL Drug Discovery Platform and  
competitive differentiation

Harmony-ML™ Proprietary Machine-Learning

Our internal ML engine empowers our discovery 
platform through effective prioritization leading 
to efficient cycle times



Modality/Indication Biomarker Preclinical IND Enabling Phase 1 Phase 2 Program Goals Collaborations Commercial (IDEAYA)

Darovasertib
PKC 

+cMET1 Combination
MUM, Basket

GNAQ/11
Daro + Crizo Clincal Update in MUM

Daro + Crizo Reg Trial in MUM Q1 2023

WW Commercial RightsAdjuvant UM GNAQ/11
(Neo)Adjuvant UM – Phase 1 IST

(Neo)Adjuvant UM – IDEAYA Phase 1 Q4 2022

+cMET1,+KRAS  Combo
NSCLC, HCC

MET
KRAS

+cMET3 - IND Q1 2023
KRAS – Preclinical Evaluation Q4 2022

IDE397
MAT2A

Monotherapy
NSCLC, Esophagogastric

MTAP Mono Expansion Phase 2 Initiation

WW Commercial Rights
Combinations
Solid Tumors

MTAP Combination Cohorts Ph1 Initiation

IDEAYA’s Precision Medicine Oncology Pipeline
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Building the Industry Leading Synthetic Lethality Focused Biotechnology Company

Precision Medicine Pipeline

(1) Pursuant to Pfizer Clinical Trial Collaboration and Supply Agreements for Darovasertib/Crizotinib Combination in MUM and in cMET-driven Tumors; IDEAYA retains all Darovasertib Commercial Rights
(2) Pursuant to Amgen Clinical Trial Collaboration and Supply Agreement for IDE397 + AMG 193, an investigational MTA-cooperative PRMT5 inhibitor; Amgen will sponsor the study and the parties will jointly share external costs of the study 
(3) Pursuant to CRUK Evaluation, Option and License Agreement; IDEAYA controls all PARG Commercial Rights
(4) Pursuant to GSK Collaboration, Option and License Agreement: Polq: Global Royalties; WRN: 50/50 US Profits + ex-US Royalties
MAT2A=methionine adenosyltransferase 2a, MTAP=methylthioadenosine phosphorylase, MTA=methylthioadenosine, PRMT5=protein arginine methyltransferase 5 (PRMT5), PARG= poly (ADP-ribose) glycohydrolase, DDT = DNA Damage Target, WRN = Werner Helicase, 
Polq = DNA Polymerase Theta, HRD = homologous recombination deficiency, MSI = microsatellite instability, PKC = protein kinase C, MUM = metastatic uveal melanoma, cMET = tyrosine kinase protein MET , Crizo = crizotinib, NSCLC = non-small cell lung cancer, 
HCC= hepatocellular carcinoma WW = worldwide               

= Target Program Milestones

IDE161
PARG

Ovarian, Gastric, 
Breast Cancers

HRD IND Q4 2022 WW Commercial Rights

Pol Theta
Small Molecule 

Helicase Inhibitor
HRD

Development Candidate Q2 2022
First-in-Human Studies H1 2023

Global Royalties

WRN GI Cancers High-MSI Development Candidate 2023
US 50/50 Profit Share
Ex-US Royalties

MTAP-SL Solid Tumors MTAP Lead Series WW Commercial Rights

SL Platform Solid Tumors
Defined 

Biomarker
Lead Series

New Target / Biomarker Validation
WW Commercial Rights
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Modern Architecture to Broadly Leverage Information Across Domains
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Platform & Visualization Landscape

https://www.collaborativedrug.com/
https://www.certara.com/d360/
https://www.optibrium.com/stardrop/stardrop-features.php


Nuvalent Informatics Overview
Multiple systems center around a central Vault data repository
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KNIME WorkflowsCDD Vault

Vault Mirror Web Servers

Assay Queue 
web portal

Synthesis Queue 
web portal

User-Facing Systems

KNIME Daemons

Secure File 
Storage

Infrastructure Systems

Direction of data flow

SAR Tools



Machine-Learning Framework
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Factory Concept based on AWS SageMaker

Workflow Informatics



Nuvalent Informatics Overview
Multiple systems center around a central Vault data repository

12

KNIME WorkflowsCDD Vault

Vault Mirror Web Servers

Assay Queue 
web portal

Synthesis Queue 
web portal

User-Facing Systems

KNIME Daemons

Secure File 
Storage

Infrastructure Systems

Direction of data flow

SAR Tools





Enhancing Collaboration: Assay Requests
Assay queue web-portal brings transparency to assay ordering and management
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Request assays: Monitor request status:

Team 
Members

Interfaces w/ Vault to show structures, batch 
info, and available amounts

Provides an up-to-date snapshot of pending 
requests and tracks ADME spending CRO Teams

Secure File 
Storage



Enhancing Collaboration: Synthesis Requests
Synthesis queue web-portal brings transparency to synthesis requests and management
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CRO Teams

Secure File 
Storage

Manage separate synthesis queues for each project and team:

Team 
Members

• Provides users w/ basic phys. chem. properties and tracks synthesis duration
• Syncs w/ Vault to track active and completed targets

*Chemical structures and codes are shown solely for illustrative purposes



Real-Time Machine Learning for Prioritization of Compounds in Assays

Depending on the observed data, the false 
negative rate of a given assay model (Z=0) 
may be higher than desired.

Evaluate z=(C-P)/U

Increase confidence and decrease false 
negatives by raising the Activity Bar (Z).

X1: Categorize Activity=T/F (z>=2)

X2: Categorize Activity=T/F (z>=1)

X3: Categorize Activity=T/F (z>=0)

Risk Threshold: FN/(FN+X)
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Progress compounds with higher confidence of success

False Negatives (Risk) vs. Cost Savings (Benefit) Varies by Assay and Uncertainty

Assay X1

Assay X2

Assay X3

J. Chem. Inf. Model. 2015, 55, 2, 231–238. https://pubs.acs.org/doi/10.1021/ci500666m

https://pubs.acs.org/doi/10.1021/ci500666m


Aqueous Solubility Prediction

17

Recapitulated Model with Data in our HandsBest Published Model (Public Dataset)

Best-in-class prediction is within 1 log unit of experiment

Model Fitness (R2) Error (RMSE)

Training 0.94 0.56

Testing 0.76 1.13

Model Fitness (R2) Error (RMSE)

Training 0.97 0.40

Testing 0.82 0.98
J. Chem. Inf. Model. 2020, 60, 4791-4803. https://doi.org/10.1021/acs.jcim.0c00701

https://doi.org/10.1021/acs.jcim.0c00701


Application of Machine-Learning to Prioritization of Compounds in Assays

Build a machine-learning engine to predict 
the activity of compounds in assays.

Let M=molecule, X=experiment

Compute P=Prediction(M,X)

Determine U=Uncertainty(M,X)

Set C=activity cutoff, e.g., 10 uM

Evaluate z=(C-P)/U

Categorize Activity=T/F (z>=0)

Perform Assay when Activity=T

Risk Threshold: FN/(FN+X)
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Progress compounds with higher confidence of success

Predicted vs. Observed -log(EC50)
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J. Chem. Inf. Model. 2015, 55, 2, 231–238. https://pubs.acs.org/doi/10.1021/ci500666m

https://pubs.acs.org/doi/10.1021/ci500666m


Questions?
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Learn More:
https://www.collaborativedrug.com

Personalized Demo & Free Trial:
info@collaborativedrug.com

https://www.collaborativedrug.com/
mailto:info@collaborativedrug.com

