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Introduction & Motivation for Project
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Individual drug genetic data exists. PROC-DOT explores its use.

Hypothesis: Additive model predicts genetic expression
for drug combinations in cancer




Introduction: Current Methods and Project Goals
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Limitations:
1. Need lots of data  Ecimmsinmmemecsssucsmosorra
2. Not interpretable (Neural-net)

3. Do not use expression magnitude

Project Goals:

e Predict effective drug
combinations for PCa

e Develop interpretable
models that leverage
limited available data on
drug combinations

e Repurpose already
approved drugs from all
disease areas




Methodology: Process Flow
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Methodology: Design & Validation Plan

D ata Combination
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Methodology: Backend Models

Proposed Model (Fit by Negative Binomial) :
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Results: Validation from scRNA-seq (Pseudo-bulk)

Actual Gene Expression of Combination Drugs Compared to
That Predicted By Model

High R? value shows high correlation
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§, o y Dacinostat_Dasatinib 33.04 -0.92 -0.55 25.15 0.36 -3.98
§ © ] Givinostat_Dasatinib 4.44 -1.11 -0.74 7.79 0.10 -1.86
§ Q - Givinostat_SRT2104 4.74 -0.89 -1.19 3.93 -0.51 -1.01
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Norm of predicted log(FC)

Model predicts direction of expression and magnitudes



Results: Prostate Cancer

Top combinations from all drugs Top combinations of PCa drugs

Drug1 Drug2 Angle Norm Drug1 Drug2 Angle Norm Rank
ARN509 Baricitinib 140.81 20.39 ARN509  Rucaparib 133.99 23.6 1
ARN509 Pixantrone 140.06 21.38 Prednisone ARN509 131.05 245 2
ARN509 Pilaralisib 140 20.99 ARN509  Talazoparib 129.06 25.12 3
Gossypol ARNS509 139.59 21.17 Docetaxel Rucaparib 102.7 31.74 9
ARN509 Propranolol 138.98 21.56 Prednisone Rucaparib 102.33 31.5 10

Literature Confirmation (combinations show promise):

Example (ARN509 and Baricitinib): Baricitinib inhibits JAK pathways helpful in
combating ADT-resistant prostate cancer due to ARN509. Combination shows
promise (Deng, 2022).




PROC-DOT: Conclusions and Future Work
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Extensions:

Account for
dosage scaling
of drugs

1. Reduces cost
for testing in
labs

2. Reduces time
to market
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