INTRODUCTION

Breast Cancer is a disease where abnormal breast cells grow
uncontrollably and can spread to other parts of the body

* By 2040, cases are predicted to exceed 3M a year (40%
increase) (2)
* Annual deaths are expected to rise by 50% (2)

Breast Cancer is a heterogenous disease
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Each tumor has a unique gene expression pattern across
thousands of genes, enabling classification into molecular
subtypes

Tumor Sample  RMA Extraction

OBJECTIVES

Can a minimal gene expression signature be developed that
accurately classifies breast cancer subtypes and remains stable
across independent cohorts and sequencing technologies?

Reproducibility: Do gene expression-based subtype classifiers
maintain consistent performance across independent datasets?

Cross Platform Stability: Are subtype associated gene patterns
preserved between RNA-seq and microarray technologies?

Signature Size vs. Performance: How small can a gene
signature become while still maintaining strong classification
accuracy?

Biological Relevance: Do the most stable subtype associated
genes reflect known biological pathways in breast cancer?
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METHODOLOGY

18,000+ Genes —> 761 Stable Genes =—)> 34-Gene Minimal Signature

Stage One: Statistical Consensus Gene Pool

TCGA (RNA-seq) GSE81538 (Microarray)
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Statistical Criteria

Top K (100-2000) Ranked
Genes From GSE81538

Intersection of Ranked

Genes

761 Stable Consensus Genes
(Intersection at K = 1200)

Stage Three: Model-Based Gene Reduction

Rank Genes Using Trained Models
LR (1), LR{2}), RF, SWM

Top-K Sweep (K =10-200)
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Cross Cohort Intersection of Ranked Genes
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Candidate Signatures
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F1 Sweep = Select Minimal Signature

Final 34-Gene Sighature

18,000+ Genes Differential 761 Cross Machine
. Expression Dataset Stable Learning
Full Transcriptome F::tering . Feature Ranking

Cross-Platform Generalization of
the 761-Gene Stable Pool

Cross-Cohort Performance vs. Signature Size
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Cross-cohort Macro-F1 : 0.80-0.85
Within-cohort Macro-F1 : 0.93

Demonstrates platform consistent
subtype classification

761 cross-platform stable genes
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* Cross-cohort performance increases from 23 » 34
genes

» Performance stabilizes beyond 34 genes

+ |Indicates diminishing returns with larger signatures

Stage Two: Model Training with 761 Genes

GSE81538 (Train on 761 Genes)

TCGA (Train on 761 Genes)

* 80/20 Train/Test Split
e Rank Transform (Train Only)

| |
Train 4 Models (per Cohort)

Logistic Regression (L1), Logistic Regression (L2), SVM, Random Forest

* 80/20 Train/Test Split
e Rank Transform (Train Only)

Cross-Cohort-Validation

TCGA Trained Models »+ Test on GSE81538
GSEB81538 Trained Models -+ Test on TCGA

Validation Strategy (Method Integrity)

Data Integrity Controls

* Train/Test Split before Preprocessing
= Rank Transform fit on Training only

* Test Data never used for Tuning

* |ndependent Cross Cohort Testing

e Pnal Evaluation

= Train + Validate Within Cohort
* Cross Cohort Validation
* Confirm Stable F1 (34 Genes)

Performance Cumparison: 761 Genes vs. 34 Genes

FAlsc oMl AL OANES Evaluation Setting 761 Genes 34 Genes 4 (34 -761)
Within TCGA 0.93 0.9 -0.03
é Within GSE81538 0.93 0.81 -0.12
|
I i 0.795 0.816 0.021
0.72 0.761 0.041

TCGA + B1538 (Cross)

Dimensionality reduction by 95.5% (761 =+ 34 genes) while
maintaining high performance

Cross Cohort Macro-F1 improves across independent datasets

The minimal signature enhances generalizability while limiting
gverfitting.

CONCLUSIONS

PCA Visualization of Tumor Samples Using 34 Genes Luminal Marker Expression by Subtype
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* 34 Gene Signature clusters tumors by subtype
* Luminal Markers show expected subtype specific expression
* Validation of independent METABRIC dataset supports generalizabilify

CLINICAL IMPACT

* Minimal 34-gene signature could enable simpler, more affordable
molecular diagnostics.
* Cross-dataset performance supports potential clinical applicability.

FUTURE WORK

* Validated in additional independent cohorts and annotated samples
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