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Introduction

Triple Negative Breast Cancer (or TNBC) is a
subtype of breast cancer defined by the absence of
estrogen receptors (ER), progesterone receptors

(PR), and HER2 expression.

TNBC accounts for 10-15% of all cancers, and
around 42% of patients diagnosed relapse rapidly

after standard treatment.
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A gene-expression—based classification system that

categorizes breast tumors into intrinsic subtypes
Machine Learning Models: Logistic Regression,
Random Forest, Support Vector, Gradient Boosting,

and Neural Network
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Fig. 1: BRCA subtypes by prognosis and

aggression




Project Goal:

To evaluate multiple machine learning models that integrate
tumor-intrinsic and immune-related features, identify the most
effective model for predicting pCR in triple-negative breast cancer,
and assess feature importance across models.




Methodology

Downloaded publicly available TNBC dataset from cBioPortal with tumor-intrinsic
and immune-related features

Adjusted dataset by scaling numerical variables and encoding categorical variables to
remove dataset imbalance

Trained logistic regression, random forest, support vector, gradient boosting, and
neural network models using same dataset

Compared performance based on ROC AUC and calculated accuracy, precision, recall,
specificity, and F1scores for each model

Used permutation importance to identify influence of each feature on pCR predictions
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FEATURE_COLUMNS = [
"Immune Score",
"Stromal Score
"Tumor Purity",
"Mutation Count",

"CD3 Positive IHC (%)",

"PDL1 Combined Positive Score",
"xCell Immune Score",

"xCell Stroma Score"
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Analysis of different
models

Acowacy = prn Ep T EN Calculate permutation
S importance of each feature
e e Evaluate performance with
Recall = TPZ% ROC AUC and threshold
dependent metrics
Specificity = %
F1=2x ool X oo Analyze model performance
across variables
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—— Random Forest (AUC=0.66)

—— Gradient Boosting (AUC=0.68)
—— Neural Network (AUC=0.30)
— SVC (AUC=0.54)

—— Logistic Regressiorl (AUC=0.74)I
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Precision-Recall Curves - Model Comparison

—— Random Forest (AP=0.61)
—— Gradient Boosting (AP=0.58)
— Neural Network (AP=0.43)
—— SVC (AP=0.52)

—— Logistic Regression}(AP=0.67)

Recall

ROC and Precision—-Recall curves comparing model performance in predicting pCR in triple-negative breast cancer,

demonstrating that logistic regression achieves the strongest overall discrimination and balance between sensitivity and

precision.




Model
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Gradlc?nt 0.73333 1 0.2 1 0.33333
Boosting
Random 0.73333 0.66667 0.4 0.9 0.5
Forest
sve 0.66667 0 0 1 0
Neural 0.53333 0.25 0.2 0.7 Oz
Network

P59 & Precision x Recall

Precision + Recall

Across all models, logistic regression achieved the best overall performance, with the highest F1score

of 0.67, indicating effective identification of pCR cases.

- While gradient boosting reached perfect precision (1.0) and specificity (1.0), its very low recall (0.2)

suggests it failed to identify most true pCR patients, limiting its clinical usefulness




Table 1: Feature Importance Comparison Across Models

Feature

CD3 Positive IHC (%)

Immune Score

Mutation Count

PAM50 Subtype HER2

PAM50 Subtype LumA

PAM50 Subtype LumB

PAM50 Subtype Normal

PAMS50 Subtype Unknown

PDL1 Combined Positive Score

Stromal Score

TNBC Subtype Basal-Like 2

TNBC Subtype Immunomodulatory
TNBC Subtype Luminal Androgen Receptor
TNBC Subtype Mesenchymal

TNBC Subtype Mesenchymal Stem-Like
TNBC Subtype Unknown

TNBC Subtype Unspecified

Treatment Status Pre-Treatment

Tumor Purity

Neural Network

Logistic |Random Forest Gradient Boosting SVC
-0.001 _ 0.077
0.005 0.031 -0.0335
-0.012 -0.099 0
| 0475 0.006 0.018
0 0 0
0 0 0
-0.014 0 0
0.049 0.003 0
0.086 0127 0469
0.012 0.003 -0.034
0.015 0.001 0
-0.053 -0.023 -0.018
0.008 -0.008 0
-0.052 0.007 0
0.103 0.023 0
0.12 0.005 0
-0.013 0.024 0
0 -0.004 -0.023
0.002 0.006 -0.006

0.024 0.001
-0.031 -0.095
-0.064 -0.066

0 0

0 0
- 0.035
0.008 0.032
0.042 0.007
-0.054 0.026
-0.008 -0.034
-0.056 -0.002
-0.086 -0.053
-0.107 -0.104
0.026 -0.005
-0.031 0.043
-0.044 -0.103
-0.081 0.005
-0.058 -0.081

Based on permutation
importance,

PAM50 Subtype HER?2,
CD3 Positive IHC (%),
PDL1 Combined
Positive Score,

and PAM50 Subtype
Normal were the more
significant features in
aiding the prediction of
pCR




Conclusion

We demonstrate that pCR results in TNBC react positively to tumor subtype and
microenvironmental context, with logistic regression providing the best accuracy
and precision in predicting pCR based on the ROC AUC among 5 separate models.
Multiple factors influenced stronger feature contributions relating to the
prediction of pCR (PAM50 Subtype HER2). These factors, paired with our
analytical models, further TNBC pCR research and earlier diagnosis to aid in

prevention and patient care.
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