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ABSTRACT

Breast Cancer (BRCA) is a complex and heterogeneous disease. This heterogeneity has been shown to
affect gene expression patterns and molecular activity of different subtypes in different ways. BRCA
subtype identification is of critical importance in the context of prognosis and treatment decisions for the
disease. Advances in transcriptomic profiling and Machine Learning (ML) models have enabled the
classification of BRCA subtypes with higher accuracy, yet the majority of classification models lack
interpretability, thereby limiting their clinical applicability. In this study, an interpretable ML framework
for classifying BRCA subtypes is proposed using high-dimensional RNA-sequencing data. The framework
was evaluated using a publicly available TCGA transcriptomic dataset, by applying dimensionality
reduction techniques and optimizing ML models through grid search tuning. Shapley Additive
Explanations (SHAP) values are used to find important transcriptomic markers that facilitate the
classification of subtypes. This approach provides insights into the gene sets associated with the molecular
mechanisms of each subtype. The experimental results demonstrate that the proposed method exhibits
superior performance in terms of accuracy, precision, F1-score, and interpretability when compared to
existing works. Finally, the gene set enrichment analysis highlights key pathways associated with BRCA

and its subtypes.
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I.  INTRODUCTION

Breast Cancer (BRCA), a heterogeneous disease, is the
most prevalent cancer among women in 157 out of 185
countries and the second leading cause of cancer-related deaths
among women worldwide according to World Health
Organization (WHO). It poses a significant global health
burden. BRCAs are traditionally diagnosed using Machine
Learning (ML) methods and histological data [1, 2]. However,
with the advent of high-throughput RNA-sequencing
technology, the diagnosis and prognosis of BRCA, along with
molecular subtyping, have significantly improved. This leads to
better personalized treatment for patients. An accurate,
interpretable ML classifier is essential for identifying the key
genes responsible for BRCA subtype regulation. This remains a
challenge due to the complex, high-dimensional nature of the
transcriptomic data.

ML has revolutionized cancer research by enabling the
analysis of high-dimensional genomic datasets to reveal
patterns that drive cancer development, progression, and

response to treatment. Gene expression data, generated via
RNA-sequencing, capture the activity of thousands of genes,
offering a molecular snapshot of tumor biology. However, the
complexity, noise, and dimensionality of these datasets pose
significant challenges that ML models are uniquely equipped to
address.

PAMSO0 [3] is a 50-protein coding gene (mRNA) signature
that classifies BRCA into five molecular intrinsic subtypes:
basal-like, HER2-enriched, luminal A, luminal B, and normal-
like. PAMSO0 utilizes protein-coding gene expression data
(mRNA) generated by old-fashioned microarray technology.
Interestingly, at the cellular level, mRNA constitutes only one-
third of the total transcriptomic volume. MicroRNA (miRNA),
long noncoding RNA (IncRNA), and many other types of RNA
play crucial roles in regular and irregular (cancerous) cellular
activities. Hence, analyzing only mRNA (single omics data)
does not perceive the full spectrum of the cellular functionality
at different levels of a disease state, which may prevent
comprehensive insight into the biological processes of BRCA
subtypes. Several studies have reported this issue with the

www.etasr.com

Chowdhury & Kamal: An Efficient and Interpretable Machine Learning Model for Classifying Breast ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 4, 2025, 24196-24203 24197

PAMS50 method [4, 5]. Researchers are now using RNA-
sequencing full transcriptomic data, which is more accurate and
provides more insight about intrinsic cellular activities. In
addition, DNA-specific information, such as DNA methylation
(DNAm), Copy Number Alteration (CNA), and Copy Number
Variation (CNV) also affects the expression level of genes.
These DNA-specific data have also helped many researchers to
understand disease-derived changes in cellular activities.

Some studies have used single omics data to identify and
diagnose BRCA subtypes. Authors in [6] implemented a
DNAm-based neural network approach and reported an
average accuracy of 84.20%. They used semi-supervised
learning on two datasets: labeled TCGA and unlabeled GEO.
Authors in [7] proposed a modification of PAMS0, naming it
MPAMS50. The proposed method classifies many samples into
different subtypes compared to PMAS5O0. For a combination of
19 datasets, the MPAMS50 and PAMS50 methods exhibited
79.20% similarity in classification. Authors in [8] proposed an
mRNA-based deep learning model, called Cascade Flexible
Neural Forest (CFNForest) and achieved an average accuracy
of 94.40%. Though they achieved a very high accuracy, they
only considered four subtypes of BRCA. In [9], a regularized
Logistic Regression (LR) model was proposed using mRNA.
The authors trained their model using four datasets (TCGA,
GSES81538, GSE96058, and PanCA) and achieved an average
accuracy of 90%.

Some studies also use a combination of two-omics data.
Authors in [10] proposed a correlation analysis-based Deep
Neural Network (DNN) classification model that uses mRNA
expression and DNA methylation data. They achieved an
average accuracy of 90.60% and an Fl-score of 92.20%. In
[11], a DNN model was developed to be trained using CNA
and mRNA expression data. This study achieved 79.20%
accuracy with the full set of features and 76.6% with the top
500 contributing features selected from the trained model.
Authors in [12] developed a 2-norm Support Vector Machine
(SVM) model and trained it with mRNA and IncRNA data
downloaded from TCGA. They trained the model in three
different scenarios: using mRNA alone, using IncRNA alone,
and using mRNA and IncRNA combined. Their experiments
achieved average accuracies of 87.6%, 87.8%, and 88.5%,
respectively.

Some researchers combine three-omics data for BRCA
subtype classification. Authors in [13] implemented a number
of ML models by integrating mRNA, CNV, and DNAm data
from the TCGA repository. Their experiments showed that
SVM performed best in terms of accuracy. They also used
Shapley Additive Explanations (SHAP) to interpret the model
to identify key features related to classification tasks. Different
deep learning models were proposed in [14-16] using mRNA,
miRNA, and DNA methylation data downloaded from TCGA,
achieving accuracies of 89.1%, 82.9%, and 84.6%,
respectively. Authors in [17] proposed a deep learning model
using mRNA, CNV, and DNA methylation data to classify
BRCA subtypes with 78.2% accuracy.

The existing work demonstrated an accuracy of
approximately 90% for the classification of BRCA subtypes.
The objective of this study is to develop a robust integrative

framework to increase the accuracy of BRCA subtype
classification using multi-omics gene expression data.
Furthermore, the objective is to establish a balance between
classification accuracy and biological understanding in the
context of BRCA subtyping. By leveraging the interpretability
of ML models, this study demonstrates that the proposed
classification model improves upon the accuracy of existing
methods while offering clear, clinically useful explanations of
the reasons behind its predictions. The selected biomarkers are
systematically verified against known published literature and
pathway analysis, supporting their involvement in subtype-
specific oncogenesis. The integration of strict computational
methods and systematic understanding contributes to the
utilization of genomic information in clinical decision support
systems, which could facilitate the improvement of BRCA
diagnosis and treatment precision.

II. MATERIAL AND METHODS

A. Dataset Preparation and Preprocessing

The RNA-sequencing transcriptome data (FPKM
normalized) for BRCA were obtained from the publicly
available TCGA [18] repository using the TCGAbiolinks [19]
package in R [20]. Samples for which the sample type was not
"Primary Tumor" were removed, leaving a total of 1,099 tumor
samples with 60,660 features. Features with very low
expression value (average value < 0.04) were removed. This
step reduces the feature count to 34,394. Given the sparsity of
the expression values in the prepared dataset, the log,
transformation was applied to render them in a more linear
form. To prevent the occurrence of NaN errors during the
process of log transformation, numeric 1 was added to each
value before applying the log. Based on the PAM50 metadata
value of the samples, the intrinsic subtype was assigned to each
sample. The summary of the prepared dataset is presented in
Table I.

TABLE L. NUMBER OF SAMPLES PER SUBTYPE AND
FEATURE DISTRIBUTION IN THE DATASET.
BRCA tumor subtypes
Basal HER2 Lum A Lum B Normal Total
197 82 571 209 40 1,099
Feature space
mRNA miRNA IncRNA otherRNA Total
16,967 624 8,291 8,516 34,294

B. Feature Selection

RNA-sequencing gene expression data contain thousands of
features (genes), compared to a very low sample count. A
successful feature selection process reduces dimensionality by
selecting the most informative genes or eliminating irrelevant
or noisy features. This process improves computational
efficiency and enhances the performance of the model, which
can otherwise hinder classification accuracy and generalization.
Additionally, reducing the number of features helps prevent
overfitting, a common issue with ML models working with
high-dimensional data. For this study, a multi-view feature
selection method [21] is used, which was specifically proposed
for transcriptomic data. The sequence of data processing steps
is illustrated in the experiment workflow depicted in Figure 1.
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Raw data collected from TCGA repository
[1211 samples, 60660 features]

Data preprocessing
[1099 samples, 34394 features]

Dimentionality reduction by feature selection
using FSFSP method
[1099 samples, 595 features]

Select models and tune hyperparameters
(LR, SVM, XGBoost, CatBoost, KNN, RF)

Select best performing model for SHAP interpretation
(CatBoost)

SHAP values calculation with cross validation

Set1 Set 2 Set 3 Set4 SetS
Fold 1 Training Test
Fold 2 Training Test Training
Fold 3 Training Test Training
Fold 4 Training Test Training
Fold 5 Test Training
Fold: (Troining set) =% Model, + (Test set), =% (SHAP values),

Final SHAP values = U{:,;d’(SHAP values);

Model interpretation using SHAP values

Pathway analysis

Fig. 1. Detailed workflow of the experiment performed in this study.

C. Classifier Models

Six state-of-the-art ML classification models were selected
and implemented to classify the BRCA subtype samples. These
models are LR [22], SVM [23], Extreme Gradient Boosting
(XGBoost) [24], CatBoost [25], K-Nearest Neighbors (KNN)
[26], and Random Forest (RF) [27].

LR is a supervised ML algorithm that is widely used for
classification tasks. LR has proven effective in classifying
biological data. SVM identifies the optimal boundary that
distinguishes different classes of samples within the data. Thus,
it maximizes the distance between classes. Because of this,
SVM is ideal for solving complicated classification problems.
SVM is a very efficient model that constructs many small
decision trees, each of which is incrementally refined through
previous errors. This makes SVM fast and accurate with large
amounts of data. CatBoost is another boosting algorithm that
excels at handling different types of data. CatBoost is easy to
use and requires less tuning. KNN classifies data by examining
the closest examples. It compares new data to nearby classes
and selects the most common class. RF builds on the strategy

of creating many decision trees and combining their results. It
takes a vote from all the sub-trees to make the final decision.
This makes RF models more stable and less likely to make
mistakes.

D. Hyperparameters

Hyperparameter tuning is a crucial step in adapting an ML
model to a specific task. The random search approach was
applied to fine-tune the hyperparameters and enhance model
performance for dataset classification. Table II presents the
hyperparameter values obtained for the utilized models used in
this study.

E. Models Performance Evaluation Metrics

The classification results of the models are evaluated using
the confusion matrix and a number of other statistical measures
derived from the confusion matrix, including accuracy,
precision recall, and Fl-score. The following equations are
employed to calculate the metrics:

TN+TP

Accuracy = o Nerr M
Precision = —— 2)
TP+FP
Recall = —= 3)
TP+FN

2*Precision*Recall
F1 —score = ————— “)
Precision+Recall
where TP signifies true positive, TN signifies true negative, FP

signifies false positive, and FN signifies false negative.

F. Model Interpretation using Shapley Additive Explanations

SHAP [28] is an Explainable AI (XAI) methodology based
on game theory that offers interpretations of ML models to
elucidate the decision-making process. The SHAP value
explanation method incorporates a number of intriguing
properties, including local accuracy, handling of missing data,
and consistency. This approach involves decomposing the
prediction into a linear collection of feature contributions, as
outlined in (5).

9(2') = 0o+ X090z 5)

where g denotes the explanation formula, F is the number of
features, z’ is a vector that indicates the presence or absence of
a feature, and @; is the SHAP value of feature i, which can be
estimated using (6). This requires the evaluation of all possible
subsets of features, both with and without the i-th feature. The
val(+) function returns the prediction of each subset.

0 = Bser D= [val(S U {i}) = val($)] (6)

To effectively measure the performance of the model used
in this cross-validated experiment, SHAP values were
calculated for each fold. Subsequently, the SHAP values were
aggregated through a union operation to have SHAP values for
every sample of the dataset. The calculation process of SHAP
values is outlined in (7) and illustrated in the workflow of the
experiment (Figure 1).

Final SHAP values = UJ2\" (SHAP values); (7)
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TABLE II.

OPTIMIZED HYPERPARAMETERS FOR TRAINING THE MODELS

Models

Parameter name CatBoost LR

boosting type

KNN RF XGBoost

'plain’ -
bootstrap -

- false - -

criterion - -

- ‘entropy’ - -

C - 20

depth

kernel - -

'linear’ -

12_leaf reg 3 -

learning_rate

- - - 0.1

max_depth - -

max_features - -

min_samples_leaf - -

min_samples_split - -

n_estimators - -

n_neighbors -

7 B B B

penalty - 2'

solver - 'Ibfgs'

depth - -

- - le-5 -

III. RESULTS AND DISCUSSION

A. Dimensionality Reduction

The applied feature selection method significantly reduces
the dimensionality of the dataset, selecting only 595
informative and valuable features from a large set of 34,394.
Among the selected features, there are 495 mRNA, 1 miRNA,
98 IncRNA, and 21 otherRNA.

B. Classification Results

In a 5-fold cross-validation experiment using the selected
features, the CatBoost model outperformed the other five ML
models. The evaluation metrics for each model are calculated
as an average of the respective metrics of the folds.

Table III presents the precision, recall, and F1-score of the
ML models. It is evident that the CatBoost model significantly
outperforms the other models. The Fl-score is a favorable
metric for evaluating classification models on imbalanced
datasets because it balances precision and recall, offering a
more robust measure of performance than accuracy alone.

TABLE III. COMPARISON OF PERFORMANCE MEASURES
OF VARIOUS ML MODELS
Model-wise overall classification performance
(%)
Models Precision Recall F1-score

LR 91.23 90.99 90.97
SVM 91.26 90.90 90.87
XGBoost 90.99 9145 90.87
CatBoost 92.55 92.54 92.33
KNN 89.00 88.81 88.25
RF 91.04 90.99 90.25

The class-wise performance of the CatBoost model is
illustrated in Table IV. The performance of the normal-like
subtype is lower than that of the other subtypes. This study
identifies two reasons for this outcome. First, the normal-like
subtype has fewer samples in the dataset than other subtypes,
with only 40 samples, as shown in Table I. Second, the model's
confusion matrix, shown in Figure 2, confirms that the normal-

like subtype is mostly misclassified as the luminal-A subtype.
This phenomenon has been reported previously in [29].

TABLEIV. EVALUATION METRICS FOR EACH CLASS FOR
THE BEST PERFORMING MODEL.
Subtype classification performance by CatBoost
(%)

Subtypes Precision Recall F1-score
Basal 98.48 98.48 98.48
HER2 93.24 84.15 88.46
Luminal A 92.89 96.15 94.49
Luminal B 86.60 86.60 86.60
Normal-like 85.71 60.00 70.59

Confusion Matrix for BRCA subtypes

80
Basal i 0
Her-2 11 0
§ 60
4]
v .
@ LuminalAd{ O 0 1
o
&
= _ 40
LuminalBq{ O 0 0
Normal-like 4 5 5 30 0 L 50
N
> qqf \?' L
Q;a" & @ R 'o\'\\
S & &
v N & =

Predicted Cases (%)

Fig. 2. Confusion matrix for CatBoost model results.

C. Comparative Study

In the literature review, 12 research works [6-17] focusing
on the classification of BRCA subtypes using different omics
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data were analyzed. The results obtained from this study are
compared with those from the other studies and are shown in
Table V. This comparative study confirms the effectiveness
and importance of the proposed workflow for accurately
identifying and diagnosing different BRCA subtypes.

TABLE V. PERFORMANCE COMPARISON OF THE RESULTS
Ref. and dataset Omics data used Acz;;‘)a <y Fl(- ;jt;re
[6] TCGA+GEO DNAm 84.2 83.1

(7119 GEO mRNA 79.2 -
datasets
[8] TCGA mRNA 94.4 -
[9] TCGA+GEO mRNA 90.0 -
[10] TCGA mRNA, DNAm 90.6 92.2
[11] METABRIC CNA, mRNA 79.2 -
[12] TCGA mRNA, IncRNA 87.6 87.8
[13] TCGA mRNA, CNV, DNAm 83.5 83.1
[14] TCGA mRNA, miRNA, DNAm 89.1 88.7
[15] TCGA mRNA, miRNA, DNAm 82.9 -
[16] TCGA mRNA, miRNA, DNAm 84.6 -
[17] TCGA mRNA, CNV, DNAm 78.2 -
mRNA, miRNA, IncRNA,
[Proposed] TCGA otherRNA 92.6 923

responsible for coding the Estrogen Receptor (ER) is known as
ESRI1. This protein plays a crucial role in the development and
progression of BRCA. According to Shapley's interpretation,
ESR1 is among the top 30 genes for overall classification and
among the top 10 genes in all five subtypes of BRCA.

Class: Basal-Like

High
IQGAP3 -._.._,..
XBP1 Snigiemas ..-_’.-._.. -
ESR1 e
FOXCUT . -...._. o om——— g
©
FOXC1 - < —— >
g
AGR3 —> — 5
©
CCDC170 - _.-....___ - 9
CT62 - eeP— - = m -
AC141930.1 ~—-’ P———
AC018697.1 e e -
Low

-08 -06 -04 -02 00 02 04 06 08
SHAP value (impact on model output)

a. In [8], 4 subtypes of BRCA were used in the experiment. The normal-like subtype, which is
difficult to classify, was excluded.

D. GO Pathway Enrichment Analysis

To further validate the 495 protein-coding mRNAs selected
in this study, a gene set enrichment analysis was performed
using the ShinyGo [30] tool for the KEGG [31] pathway
search, setting the FDR cut-off value to 0.05. The top enriched
pathways identified are presented in Table VI in order of
decreasing fold enrichment value. The associated references
suggest that these pathways are highly related to cancer,
BRCA, and different BRCA subtypes.

TOP TEN ENRICHED PATHWAYS IDENTIFIED
BY SHINYGO USING SELECTED MRNAS.

TABLE VL

Pathways
Anaphase-promoting complex binding [32]
Plus-end-directed microtubule motor activity [33]
Histone kinase activity [34]

DNA replication origin binding [35]
Microtubule motor activity [36]
Cyclin-dependent protein serine/ threonine kinase regulator
activity [37]

Microtubule binding [38]
Cytoskeletal motor activity [39]

Tubulin binding [40]

Kinase binding [41]

Slele(w| o ju|sjwv|—~|Z

E. Model Interpretation using Shapley Additive Explanations
Values

SHAP values offer an interpretation of an ML model by
assigning values to the individual features that contribute to the
prediction probability of each class. In this study, the SHAP
values were accumulated for each cross-validation fold using
(7) for all samples in the dataset. Figures 3-7 illustrate the
subtype-specific features listed on the y-axis in descending
order by the mean SHAP value across samples. Figure 8 shows
the top contributing features for overall classification. The gene

Fig. 3. SHAP violin plot of the Basal-Like BRCA class.
Class: Her2 .
High
ESR1 - —
CCDC170 e e
FOXC1 e
AL356311.1 -~ —— £
©
IGF1R o Pp—— >
[
AURKA -.—- é
ERBB2 - —- 3
AC127521.1 o = mp—
AL121790.2 < fp—
MIEN1 - —-- - —
Low
-02 00 02 04 06 08
SHAP value (impact on model output)
Fig. 4. SHAP violin plot of the Her2 BRCA class.
Class: Luminal A _
High
IQGAP3 — >
ESR1 e e
TBC1D31 - [aly———-
NUF2 T g
©
KIF14 R, --* >
g
DLGAPS cee e e ——- 3
CEPS5 . _—aae g
AC012073.1 —llx T
AGR3 [ ——— ..‘_.--
AURKA —— -
Low
-08 -06 -04 -02 00 02 04
SHAP value (impact on model output)
Fig. 5. SHAP violin plot of the Luminal A BRCA class.
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Class: Luminal B )
High
ESR1 .o —~
IQGAP3 e P— -
FOXC1 - g
©
AC018697.1 - ] = >
g
KRTS ] 0T 3
©
FGFBP1 R s 9
CCDC170 -——— - 0—- e
PPPIR14C - - e ——
KRT17 ---.—.———
Low
-06 -04  -0.2 0.0 0.2 0.4
SHAP value (impact on model output)
Fig. 6. SHAP violin plot of the LuminalB BRCA class.
Class: Normal-Like )
High
KRTS
FGFBP1
ESR1 -
FOXC1 - g
©
GFAP >
e
RERGL ]
2
©
COL17A1 K
AL121790.2
TBC1D31
NUF2
Low
-03 -02 -01 00 01 02 03 04 05
SHAP value (impact on model output)
Fig. 7. SHAP violin plot of the Normal-Like BRCA class.

IV. CONCLUSION

Early detection of Breast Cancer (BRCA) and the
identification of the molecular subtype of BRCA are crucial to
the proper treatment of a patient. Molecular subtypes are
defined by gene expression patterns and cellular functions,
which traditional histopathology cannot fully capture.
However, by utilizing high-throughput RNA-sequencing gene
expression data, Machine Learning (ML) models offer a
valuable means to analyze the molecular state of cancer cells.
Furthermore, Explainable AI (XAI) technology has the
potential to facilitate the identification of influential genes
responsible for the molecular state of a cancerous cell through
the implementation of a robust ML. model. This study explores
the implementation of an interpretable ML model for the
classification of BRCA subtypes utilizing RNA-sequencing
multi-omics data. The model demonstrated an accuracy of
92.54%, surpassing the performance of previous approaches in
identifying the five BRCA subtypes. The model exhibits robust
performance, achieving a precision of 92.55% and an F1-score

DLGAPS

CCDC170

mec1o31 |

IQGAP3

ESR1

AL356311.1
AC012073.1
AC127521.1
FOXC1
PRR11

roars

CEP55

AC018697.1

wor2

FOXA1

AL121790.2
AC141930.1

FGFBP1

cves |

FOXCUT

uncozaso |

CCNB1

cas2.: [

ABCC11

NDC80
Luminal A
Luminal B
Basal-Like
Her2
Normal-Like

ORC6
BLACAT1
MAG

0.0 0.1 0.2 0.3 04 0.5 0.6
mean(|SHAP value|) (average impact on model output magnitude)

Fig. 8. SHAP summary plot representing the top 30 genes that contribute to
BRCA subtype classification globally.

of 92.33%, signifying substantial advancements over existing
studies. These findings contribute to the early and precise
detection of BRCA subtypes while also identifying critical
genes associated with the disease, advancing precision
oncology. Ultimately, this may positively influence patient
survival rates and improve overall quality of their life.

DATASET AVAILABILITY

The prepared dataset utilized in this study and the necessary
codes to reproduce it were published and made publicly
available by the authors in the Harvard Dataverse [42].
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