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Introduction

Breast Cancer Subtypes

• Machine learning methods to 
identify the most promising 
genes from large datasets

• Lab testing using new 3D 
culture model to identify drug 
efficacy

SolutionsUnmet Needs

• Methods to efficiently identify 
target genes

• Modeling to identify drugs that 
can target the  identified genes 

• Careful selection of targets to 
test in clinical trials

Problems

• Cancer is detected at a late stage 
resulting in low survival rates

• Drug resistance / Relapse
• Large datasets but lack of new 

therapeutic targets
• Testing in clinical trials is expensive

Leading Causes of Death Globally (2019)

Oncology Clinical Trials Investment Every Year: $10.8 billion
Overall Success Rate of Clinical Trials: Only 3.4%

Reasons 
for Failure 
of Clinical 

Trials 
(2021)

(UICC.org, Wong  et al 2019, Market 
Analysis Report  2020-2027)
Harrison, RK,  Nature Reviews, 2016

Motivation: Improve diagnosis for cancer subtypes, treatment options, and disease management 
for the cancer patients

Engineering Goals: 1) Establish a Machine Learning Model with > 85% accuracy to identify  

                                   specific targets and treatment options for the drug resistance

                                   2) Develop an accurate  lab testing model to test the efficacy of targets

Hypothesis: Identification of biomarkers of drug resistance may lead to new targetable pathways 
for the treatment and can improve treatment strategies for patients

genes
Data Curation

New genes /Pathway
Identification and 
Validation

Machine learning 
Approaches

Improved treatment/ 
disease management  

Targets screening 
in LAB

ML tool for Rapid Discovery

Images Adapted from coriell.org, 
towarddatascience.org,blog.dana-farber.org 
and cbinsights.com and Biorender

Breast Cancer

• Active Multi-arm 
Clinical Trial 
(NCT01042379)

• 988 Breast Cancer 
patients

• RNA-Seq >16000 genes

Breast Cancer Dataset

• Label Encoding and 
Normalization

• SMOTE Over-
sampling to 
balance classes

• Top 400 genes 
selected using 
ExtraTreesClassifier

Data Processing Model Design

• Feed Forward Neural 
Network predicting 
Drug Response for 
each drug

• Hyperparameter 
Tuning using Bayesian 
Optimization

• Dropout to control 
overfitting

Bayesian Optimization Formula

Gene Prioritization

• Top 200 Genes 
selected from each 
drug model using 
SHAP

• Top 30 genes selected 
for each drug using 
Differential 
Expression

Shapely Value Formula

• Used prioritized genes to 
identify significantly 
enriched pathways

• Establish a python pipeline 
to find pathways similar 
and unique to treatment 
response

Pathway Identification Genetic Dependencies

• Used Dependency Map for 
each differentially 
expressed gene for drug 
resistance

• CRISPR Database

Therapeutic Dependencies

• Used Genomics of Drug 
Sensitivity databases

• Correlation between 
various drugs and gene 
expression of differentially 
expressed genes

Vazquez et al. 
2021

Gene Dependency 

Drug Response
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I have been engaged in cancer research for the past 4 years, learning both computational and wet lab sides. My goal is to 
help make this world cancer free. I am motivated to share my research with scientific communities and recently published 

in Sensors and as a preprint in bioRxiv (ISEF-2022), presented at AACR 2022 and ASBMB 2023  

Published Abstracts

More Modeling:
 Integrate mutation 
& drug response 
data to identify new 
targets

Cancer Lab Validation
    3D cultures 

New Therapy
for Patients

ML Approach

Proposed Functional Targets. Testing Workflow

• Accomplished  Engineering Goal: My machine learning (ML) approach can 
predict treatment response with up to 92% accuracy

• AHA Moment: Identifying unique gene signatures for each treatment for breast 
cancer patients

• Favorite Moment: Seeing 3D models working and validating new targets in both 
2D culture /3D spheroids

• Significant Finding: Identified pathways and targets that can serve as 
biomarkers for treatments for personalized therapy including IGF1R, ESR1, 
ERBB3, MSIT1, and POLR2L

Live cells' Intensity Change Over Time Live  cells’ Intensity  at One Week  Live  cells’ Intensity  at Two Weeks  

Figure 9: Live Cell Image Analysis of 3D Spheroids Identified 
Effective Triple Drug Combinations Validated ML-based Findings
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(A) The live cell imaging of 3D spheroids was performed for 60 hrs at week 1 and week 2 using Spinning Disc Confocal 
Microscope with 4 hrs time-lapse and 20 Z-slices. Images were processed using Imaris Software. (B) 10x Images of 
individual Spheroids. (C) The mean intensity of live cells (Hoesch staining, blue Channel) is shown at week one by fold 
change over 60 hrs (right panel), absolute mean intensities are shown at weeks one and two (middle and right panels). 
The data show that triple combinations of IGF1R  and HER2 inhibitors with chemotherapy (paclitaxel)  were most 
effective in reducing cancer cell growth.  The experiment was performed twice (Three replicates). 
p values * < 0.05, ** <0.01 using multiple paired T test.

The total area of spheroids 
was quantified using Zen 
software. The combinations 
of IGF1R or AKT inhibitors 
with chemotherapy 
(paclitaxel)  reduced cancer 
growth.  (A) MDA-MB-231 
cells, the experiment was 
performed twice in 
duplicates. * p value 0.05. (B) 
HCC-1806 cells, experiments 
is performed once.
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Figure 8: 3D Spheroid  Cultured Developed for Inhibitor Screening 
Identified Effective Drug Combinations
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Figure 3: Mechanisms of Drug Resistance in Non-Responder Patients are Distinct for Each Treatment

(A) The top 30 differentially over-expressed genes in non-responders for each treatment were integrated with STRING-DB (top panels) analysis. STRING-DB was used to perform functional enrichment analysis of the genes for 
biological processes using Gene Ontology (GO) for the False Discovery Rate values < 0.05. The color coding represents categories of GO terms. The line thickness represents the strength of the evidence. (B) The dependency 
maps using a Genome-wide CRISPR screen. Gene signatures comprising 30 genes were analyzed using the CRISPR dataset for 50 breast cancer cell lines. Each dot represents each cell line. A negative score means a larger 
dependency. The top 4 genes that are highly expressed and have high dependency are shown.  

Harnessing Machine Learning and 3D Spheroid 

Cultures to Identify Biomarkers for Combating Drug 

Resistance in Breast Cancer
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(A) 3D Spheroid culturing method to identify the new combinations. The breast cancer cells and HUVEC cells 50,000 each were mixed in 1:1 ratio in a 96-well low-adhesion round bottom plates. Spheroids were treated and fed 
twice per week and analyzed by flow cytometry and by imaging analysis.  (B,C) The spheroids were dissociated and analyzed for apoptosis of CD44, CD44/CD24  double positive (surface markers present on cancer cells, and 
CD31+ (HUVEC) cells using Flow cytometry methods. Annexin V and 7ADD are markers to identify early and late apoptotic cells. The data is represented as a bar graph from triplicate experiments. (D) The spheroids were 
analyzed by intracellular flow cytometry method to quantify the effect of treatments on phosphorylated IGF1R and AKT proteins. P values * < 0.05, ** <0.01 using Students’ T-test.

Figure 7: Three-Dimensional (3D) Spheroid Models Identified Effective New Drug Combinations to Overcome Drug Resistance
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Results: Target Validation using 2D and 3D Culture Models

AACR 2022, Cancer Research 83 (7_Supplement), 5908-5908

ASBMB 2023 Journal of Biological Chemistry 299 (3), S24
AACR 2021 Cancer Research 82 (12_Supplement), 6031-6031

Take Aways and Conclusions

Future Directions

Intracellular Phaspho Flow Analysis to show the 
effect on target inhibition(D)

Lab testing using Triple-Negative Cells 
cultured on plastic

Figure 5: Experimental Equimolar Treatment Dependency on Identified Pathways using  Cancer Cell lines
(A) The functional small molecule inhibitor 
screening using breast cancer cell lines. Serial drug 
dilutions were established using 7-point curve with 
maximum drug concentrations (10,000 nM 
equivalent to Log10 = 4 nM) and cells were 
cultured for 72 hrs and analyzed by MTS cell 
viability assay.  (B) Drug dependency for a triple-
negative breast cancer cell line (MDA-MB 231) is 
shown for single and combination treatments. The 
data is represented as percentage viability. EC50 
and Area Under Curve (AUC) was calculated using 
Graphpad.
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Figure 4: IGF1R Pathway is Upregulated and Associated with Poor Survival in Breast Cancer Patients

IGF1R Pathway  Altered (N=264) 

IGF1R Pathway Not Altered (N=820)

Genes: IGF1R, IGFBP2/45, IRS1, IGFL2 

Logrank Test P-Value =0.023
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High in patients with poor survival 

(A) ML identified that IGF1R signaling is 
upregulated in non-responders with HER2 and 
paclitaxel combination, IGF1R pathway can be 
inhibited by many inhibitors including GSK 
compound (structure shown) (B) TCGA data 
analysis showing high expression of IGF1R  
signaling pathway is correlated with poor 
overall survival of breast cancer patients. 
Logrank T-test was used for the survival curve. 
(C) The expression of IGF1R signaling molecule.  
An unpaired T-test was used to compare 
expressions of altered and unaltered arms.
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3D Spheroid Culture Method

3D Images of Spheroids

Image is created in Biorender
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(A) Confusion Matrix for each treatment arm showing 
the distribution of predictions. (B) Tables showing the 
precision and accuracy for ML model for each 
treatment arm. (C) SHAP analysis identified the 
unique signature for each treatment response. The 
200 most deterministic genes with the highest 
Shapely value were used for predicting patient 
response to treatment.
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Figure 1: Machine Learning Model Accuracy Ranges 77-92% 

Results: Machine Learning

(A) The example heatmap represents the top 
30 differentially expressed genes for the 
treatment comparing responders and non-
responders for each cancer subtype. Genes 
that have the highest impact factor (ratio of 
average expression in nonresponding 
patients to the average expression in 
responding patients) and are most significant 
(<0.05 p-value) were selected. (B) Venn 
diagram represents the minimal overlaps 
between gene signatures. 
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Figure 2: Machine Learning  and Differential Expression Analysis  
Identify Unique Genes Associated with Treatment Response
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Figure 6: Experimental Synergy Analysis of Triple Drug Combination using  Cancer Cell lines
Viability of 4T1 cells treated with triple 

combination
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(A) Synergistic inhibition of cell viability by the combination was confirmed by culturing human 
(HCC-1806 and MDA-MB 231) and mouse (4T1) cell lines in the presence of a matrix of combined 
doses of the two drugs with paclitaxel. Synergy was quantified by BLISS model using the 
synergyfinder R package, (B) Drug dependency is shown for single and combination treatments as 
percentage viability (C) Triple treatment with paclitaxel (pac)+ anti-HER2+ anti-IGF1R combination 
demonstrated enhanced efficacy by EC50 and the Area Under the Curve (AUC) compared to every 
single agent alone.  
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