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Introduction & Motivation for Project

Prostate Cancer 
(PCa) Statistics:

● 1 in 8 men get 
PCa in lifetime

● 375,000 deaths 
worldwide (2020)

Current limitations:

● Single drug leads to 
drug resistance

● Combination 
therapies combat 
resistance but hard 
to test in labs

Prostate Cancer as 
Percentage of New 

Cancers in US (2025)

15.4%

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

Individual drug genetic data exists. PROC-DOT explores its use.



Introduction: Current Methods and Project Goals

Project Goals:

● Predict effective drug 
combinations for PCa

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

● Repurpose already 
approved drugs from all 
disease areas

Limitations: 
1. Need lots of data
2. Not interpretable (Neural-net)
3. Do not use expression magnitude

Source: 
https://www.nature.com/articles/s41592-025-02772-6/figur
es/1 
 

Source: 
https://pmc.ncbi.nlm.nih.gov/articles/PMC5990023/figure/F2/ 

Current methods



Methodology: Process Flow

Step 1 Step 2 Step 3 Step 4 Step 5 Step 6

GSE199800 bulk 
RNA-seq

expression data 
for drugs tested 

on PCa cells and 
GSE70466 for the 
genetic effect of 

PCa

Split samples into 
subgroups of 45 
drugs to select 

genes using 
genes with the 
lowest FDR 

in edgeR

Take the union of 
selected genes 
and run edgeR 

glmQLFit to fit the 
differential 

expression for 
these genes

Remove disease 
effect from drug 

effects and 
perform Principal 

Component 
Analysis (PCA) on 

the drug effects

Bring drug effects 
back into larger 
dimension after 
PCA reduction 

and find 
combination drug 

effect using 
additive model

Rank drug pairs 
based in 

decreasing order 
of angle between 

their gene 
expression with 

the disease gene 
expression
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Methodology: Design & Validation Plan

Data 
Summary:

Datasets Data Type Cell Line Samples Drugs Genes
Combination

Drugs

GSE199800 Bulk RNA-seq LNCaP 900 419 39376 0

GSE70466 Bulk RNA-seq LNCaP, PReC 6 0 39376 0

GSE206741 scRNA-seq A549 63378 cells 13 27518 21

RNA-seq Data 

Source: https://rnaseq.uoregon.edu/img/fig-rna-seq.png 

Use GSE206471 dataset with drug 
combinations 

Convert scRNA-seq data to 
psuedobulk data by aggregating 

gene counts

edgeR analysis for differential gene 
expression of drugs using glmQLFit

PCA on drug gene expression data, 
lifted and converted differential 

expression into counts data

Compared actual and predicted 
gene expressions for combination 

drugs. Predictions were in principal 
component space

Validation

Variables
Control: Cell Line
Independent: Gene 
Expression of each Drug
Dependent: Combination 
Drug Gene Expression
Software: EdgeR, Python



Methodology: Backend Models
Proposed Model (Fit by Negative Binomial) :

Depiction of PCA projection:

Dimension reduction using PCA:



Results: Validation from scRNA-seq (Pseudo-bulk)

Model predicts direction of expression and magnitudes

Actual (Averaged across Wells) Predicted

Drug Combination Component 1 Component 2 Component 3 Component 1 Component 2 Component 3

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

Givinostat_SRT2104 4.74 -0.89 -1.19 3.93 -0.51 -1.01

Panobinostat_Alvespimycin 29.13 -2.10 8.22 29.66 2.89 2.69

Panobinostat_Dasatinib 35.94 -2.65 4.93 28.78 -1.30 2.08

Panobinostat_SRT2104 37.98 -2.09 3.00 24.91 -1.91 2.94

SRT2104_Alvespimycin 6.42 6.00 -0.23 4.89 4.93 -0.39
Norm of predicted log(FC)
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Actual Gene Expression of Combination Drugs Compared to 
That Predicted By Model

High R2 value shows high correlation



Results: Prostate Cancer

Top combinations from all drugs Top combinations of PCa drugs 

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). 

Drug1 Drug2 Angle Norm Rank

ARN509 Rucaparib 133.99 23.6 1

Prednisone ARN509 131.05 24.5 2

ARN509 Talazoparib 129.06 25.12 3

Docetaxel Rucaparib 102.7 31.74 9

Prednisone Rucaparib 102.33 31.5 10

Drug1 Drug2 Angle Norm

ARN509 Baricitinib 140.81 20.39

ARN509 Pixantrone 140.06 21.38

ARN509 Pilaralisib 140 20.99

Gossypol ARN509 139.59 21.17

ARN509 Propranolol 138.98 21.56



PROC-DOT: Conclusions and Future Work

Norm of predicted log(FC)
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1. Validated 

2. Interpretable 

3. Predicts 
combinations

Limitation:
Validation with 
lab experiments

Extensions:

Account for 
dosage scaling 
of drugs

Impact:

1. Reduces cost 
for testing in 
labs

2. Reduces time 
to market

Key 
Contributions

PROC-DOT predicts effect of drug 
combinations from individual drug data
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