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ABSTRACT

Breast cancer is molecularly heterogeneous and accurate classification of breast cancer subtypes is
important to understand the characteristics of the tumor and to facilitate precision medicine. The
objective of this study was to determine stable molecular markers, create compact gene-expression
signatures and test them for breast cancer subtype classification. A secondary-data analysis was
performed using the METABRIC molecular data set (1,898 BC cases and 489 gene-expression
features) in a retrospective fashion. Molecular differences were evaluated by the Kruskal-Wallis test
and stability guided biomarker identification was performed by 50 iterations of stratified re-sample and
re-ranking of features. Multinomial logistic regression with stratified five-fold cross validation was
used to compare compact signatures with 5, 10, 15 and 20 genes. There were significant differences in
gene-expression between molecular subtypes. Multiple biomarkers, such as GATA3, EGFR, AURKA,
CCNE1 and CHEKI1, showed selection to be consistent over resampling iterations. The 20-gene
signature got a classification accuracy of 73.18%, a balanced accuracy of 66.13% and a macro-F1
score of 0.6760. The full panel of 489 genes obtained a slightly higher macro-F1 score of 0.7055.
Recall across molecular subtypes was variable, and lowest for Normal-like tumors. These results show
that there are compact molecular signatures that can be useful in subtype classification and can
significantly decrease the feature complexity. Independent validation, further stability assessment, and
biological verification, however, is needed to determine the reproducibility of the biomarkers and their
potential applicability to breast cancer molecular classification.

Keywords: Breast Cancer; Molecular Biomarkers; Gene Expression; Stability-Guided Feature
Selection; Molecular Subtype Classification.
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1. Introduction

Breast cancer is a highly diverse disease with significant intra-tumoral variations in molecular properties,
behavior, clinical outcome and response to therapy. Molecular classification has shed light on this
heterogeneity, with the identification of molecular subtypes: Luminal A, Luminal B, HER2-enriched, Basal-
like and other molecular groups. These subtypes have distinct patterns of gene expression, cellular signaling
pathways and clinical course of the disease, thus highlighting the critical role of precise molecular
characterization in the clinic. The identification of molecular subtypes is an integral part of breast cancer
studies as it is used in disease stratification and a better understanding of tumour biology (Orrantia-Borunda
et al., 2022). Pathological classification has also evolved, with further advances giving greater recognition
to the biologically meaningful characteristics of tumors; however, these differences between conventional
pathological categories and molecular classifications need to be considered (Rakha et al., 2023). Molecular
classification can also help in precision medicine by aiding in the identification of biologically relevant
therapeutic targets (Carvalho et al., 2025).

The knowledge of molecular biomarkers in breast cancer is essential to differentiate cancer types and to
understand their biological nature. Gene-expression profiles can give information about molecular
differences that are not completely captured by traditional clinical and histopathological measurements.
Established and emerging biomarkers are increasingly used to improve breast cancer classification and
diagnostic interpretation (Befiacka et al., 2022). Despite the substantial variation within the hormone
receptor-positive and HER2-negative breast cancer, there is a need for refined classification approaches as
demonstrated by molecular studies (Jin et al., 2023). In a similar fashion, molecular analysis of the HER2-
positive tumours has defined different biological characteristics, which can be exploited to provide more
tailored treatments (Li et al., 2024). Triple-negative breast cancer is also highly molecularly heterogeneous,
including distinct genetic biomarkers and biological mechanisms linking to its classification (Lu et al.,
2023). The prognostic significance of molecular classification has been reinforced by recent evidence in
triple-negative breast cancer (TNBC), a type of breast cancer. Recent evidence also highlighted the
importance of molecular classification in triple-negative breast cancer (TNBC).

Nevertheless, accurate classification of breast cancer subtypes remains difficult, due to the high number of
potentially informative features of the molecular measurements. Molecular subtyping methods need to
reflect differences in tumor biology and should be consistent and easy to interpret between patient cohorts.
Magnetic resonance imaging (MRI) phenotype studies have shown links between MRI phenotypes and
molecular subtype categories, which suggests that there is biological heterogeneity that can be assessed by
different diagnostic measures (Ab Mumin et al., 2022). Likewise, multimodal ultrasound features have been
observed to be correlated with breast cancer molecular subtyping (Zhu et al., 2023). Thus, molecular
classification systems have grown beyond the traditional diagnostic markers to more holistic systems
incorporating biological and computational data (Roy et al., 2023). However, there are still issues with
classification reliability, biological interpretation and practical implementation of molecular subtype
identification (Zhang, 2023).

Computational identification of biomarkers can help to solve these problems, and to select informative
molecular features from complex gene-expression profiles. But biomarkers chosen from one analytical
sample are not necessarily stable across varying study population or when the model training conditions
change. To compensate for this, stability-guided feature selection has been developed to assess how often
features are selected in the same training populations resampled many times. Computational methods have
also been proven to be beneficial to explainable artificial intelligence approaches in identifying molecular
biomarkers associated with breast cancer subtype classification (Rajpal et al., 2023). Moreover, molecular
subtyping studies have underscored the need for reliable molecular signatures to delineate the biologically
distinct nature of TNBC (Weng et al., 2024).

Compact biomarker signatures may lead to better model interpretability and decrease the number of
molecular measurements needed for classification. A methodological challenge, however, is to strike a
balance between the stability of the biomarkers, size of the signature and predictive performance. Hence, in
the present study, breast cancer molecular data from secondary METABRIC source has been used to find
stable gene-expression biomarkers, construct compact molecular signatures, and assess their efficacy in
identifying breast cancer subtyping.

Study Objectives
® To identify stable molecular biomarkers associated with breast cancer subtypes using repeated feature
selection and stability assessment of gene-expression profiles.
® To develop compact molecular biomarker signatures and evaluate their performance in classifying
https://clsrjournal.com/index.php/clsr/index
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different breast cancer molecular subtypes.
® To assess the relationship between biomarker selection stability, signature size, and classification
performance to identify a reproducible and informative molecular biomarker panel.

2. Materials and Methods

2.1. Study Design and Data Source

The research type in this study was retrospective and quantitative, which involved secondary molecular data
obtained from the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) via
Zenodo (Alharbi, 2021). The data contained gene-expression data, mutation profiles, clinical data, and
molecular subtype classifications. A computational framework has been introduced to select stable
molecular biomarkers, design gene-expression signatures of small size and validate their performance for
breast cancer subtype classification.

2.2. Study Population and Molecular Variables

The study comprised 1,904 breast cancer records with 692 variables, 489 of which were gene-expression
variables, 173 were mutation variables, and 30 were clinical and classification variables. Molecular subtype
(pam50 + claudin-low_subtype) was the main outcome. Luminal A, Luminal B, HER2-enriched, Basal-
like, claudin-low, Normal-like and NC were the categories. Of the 1954 records, 6 NC records were
excluded because they were not classified into a subtype. Gene-expression measurements were used as the
main predictors and clinical and mutation variables were used for descriptive analysis.

2.3. Data Preprocessing and Quality Assessment

The data preprocessing included the evaluation of missing values, duplicate records, the completeness of
variables and the distribution of molecular features. Meaningless expression measurements were excluded,
and median imputation was used for handling missing expression measurements. Z-score transformation
was used to standardize the values of gene-expression. To avoid leakage of information, the estimated pre-
processing parameters were used on training data and applied to validation data. The class imbalance was
considered by examining the distribution of sub types before classification.

2.4. Stability-Guided Molecular Biomarker Selection

Repeated stratified resampling of L1-regularized multinomial logistic regression was employed in designing
stability-guided feature selection. This process of feature selection was repeated 100 times with the re-
sampled data set and the frequency of selection of each gene was determined. Biomarkers were sorted based
on the consistency of their selection and a threshold of 70% was proposed to identify the highly
reproducible ones. To avoid bias in the estimates of classification results, only training partitions were
considered for feature selection.

2.5. Development of Compact Molecular Biomarker Signatures

Compact molecular signatures of 5, 10, 15 and 20 highly ranked genes were proposed for comparative
evaluation. The signature for each was built based on the identified biomarkers ranked by their stability and
obtained from training samples. The classification performance was analysed with the different signature
sizes to assess to what extent smaller gene panels would be able to discriminate the subtypes. To maintain
interpretability and decrease the molecular complexity, the smallest signature with competitive predictive
performance was prioritized.

2.6. Breast Cancer Subtype Classification and Model Validation

The Multinomial logistic regression was chosen as the main classification model to be compared with
Random Forest. Stratified nested fivefold cross validation was suggested to assess classification
performance without compromising for overfitting. Model tuning and feature selection were done in inner
folds, and outer folds were used for independent performance estimates. To measure the overall and
subtype-specific classification performance, accuracy, balanced accuracy, macro-averaged precision, recall,
F1-score and confusion matrices were chosen.

2.7. Statistical Analysis and Ethical Considerations

Data for categorical variables were reported as frequencies and percentages, and continuous variables were
reported as means =+ standard deviation or median with interquartile range. Differences in gene-expression
across molecular subtypes were evaluated by Kruskal-Wallis test (with Benjamini-Hochberg correction for
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multiple testing). Where applicable, a p value of <0.05 was considered statistically significant. The
biomarker selection frequencies and classification performances were compiled based on the repeated
validation. Secondary data and publicly available data were used and the data was de-identified and not
directly involving the patients. Ethical concerns were taken care of as per institutional needs in case of
secondary data research.

3. Results

3.1. Characteristics of the Study Population and Molecular Data

The original data comprised 1904 patient records of breast cancer patients and 692 variables, including 489
gene-expression variables. After discarding six cases that were reported as NC, 1898 cases were available
for molecular subtyping. Most subtypes were luminal A (35.77%), luminal B (24.29%) and HER2-enriched
(11.59%). Basal-like and claudin-low types were each 10.48% while Normal-like was 7.38% of the
population analysed. No data were missing from the gene-expression matrix from the number of retained
data. The distribution of the molecular subtypes is shown in Table 1 and Figure 1.

Table 1. Distribution of Breast Cancer Molecular Subtypes in the Study Population

Molecular subtype | Frequency (n) | Percentage (%)
Luminal A 679 35.77

Luminal B 461 24.29
HER2-enriched 220 11.59

Basal-like 199 10.48
Claudin-low 199 10.48
Normal-like 140 7.38

Total 1,898 100.00
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w
=]
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LumA LumB Her2 Basal claudin-low Normal
Molecular subtype

Figure 1. Distribution of Breast Cancer Molecular Subtypes

3.2. Molecular Expression Patterns Across Breast Cancer Subtypes
Comparisons of gene expression revealed significant differences between the breast cancer subtypes.
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Several candidate biomarkers (GATA3, EGFR, MAPT, AURKA and CCNEI1) showed highly significant
differences (P<0.001) by Kruskal-Wallis analysis. GATA3 had the most significant evidence for expression
differences associated with subtype, followed by EGFR and MAPT. After Benjamini—-Hochberg correction,
all the genes mentioned in Table 2 were still statistically significant. The molecular heterogeneity across the
six classification groups is shown as subtype-specific standardized expression patterns of selected candidate
biomarkers in Figure 2.

Table 2. Statistical Comparison of Candidate Molecular Biomarkers Across Breast Cancer Subtypes

Gene Kruskal-Wallis H | Adjusted p-value
GATA3 | 979.77 7.04 x 107207
EGFR 895.97 4.84 x 10718
MAPT 839.58 5.15 x 107177
AURKA | 803.83 2.10 x 1071
CCNEl | 783.89 3.46 x 10716
CHEK1 | 737.35 3.35x 1078
IGFIR 726.23 7.30 x 107152
CDC25A | 725.41 9.61 x 10715
CDK1 711.15 1.04 x 107
E2F2 688.01 9.40 x 107145
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Figure 2. Molecular Expression Patterns Across Breast Cancer Subtypes

3.3. Stability-Guided Identification of Molecular Biomarkers

Candidate molecular biomarkers were evaluated with respect to their consistency by performing 50
stratified rounds of feature selection over 50 training samples. Genes were selected based on the univariate
F-statistic and the top 20 genes were kept for each iteration. GATA3, EGFR, AURKA, CCNE1, CHEK1
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and IGFIR were identified as completely selection consistent genes. These findings suggest that certain
expression features were always well discriminatory with molecular subtype categories across the
resampled observations. Table 3 gives the representative high stability biomarkers and Figure 3 shows the
selection frequencies of the top 20 genes.

Table 3. Stability-Based Ranking of Selected Molecular Biomarkers

Gene Selection frequency Stability
(%) category

APHIB 100.0 High
AR 100.0 High

AURKA 100.0 High
BCL2 100.0 High
CCNELl 100.0 High
CDC25A 100.0 High
CDK1 100.0 High
CDK6 100.0 High
CHEK1 100.0 High
E2F2 100.0 High
E2F3 100.0 High
EGFR 100.0 High
ERBB3 100.0 High
GATA3 100.0 High
IGFIR 100.0 High
MAPT 100.0 High
NOTCHI1 100.0 High
TTYHI 100.0 High
CDKN2A 92.0 High
MMP7 68.0 Moderate
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Figure 3. Selection Frequencies of Stable Molecular Biomarkers

3.4. Development and Comparative Evaluation of Compact Biomarker Signatures

The complete 489-gene expression panel was included as a benchmark, and models were tested with gene
signatures comprised of 5, 10, 15, and 20 features. Multinomial logistic regression was applied with five-
fold stratified cross validation, and the features have been ranked separately within each training folds. The
classification performance tended to increase as the number of signatures increased. The 20-gene signature
had an accuracy of 73.18%, a balanced accuracy of 66.13% and a macro F1 score of 0.6760. The total
feature panel had a macro-F1 score of 0.7055. Table 4 and Figure 4 demonstrate that the 20-gene signature
is the most efficient of the compact signatures tested but still achieves good performance.

Table 4. Comparative Classification Performance of Compact Molecular Biomarker Signatures

Number of genes | Accuracy (%) | Balanced accuracy (%) | Macro-F1 score
5 62.01 51.03 0.5125
10 69.55 60.35 0.6178
15 70.92 62.24 0.6362
20 73.18 66.13 0.6760
489 (full panel) 73.45 70.23 0.7055
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Figure 4. Classification Performance Across Different Biomarker Signature Sizes

3.5. Breast Cancer Subtype Classification Using the Optimal Compact Signature

Among the different signature sizes evaluated, the top-performing compact panel was the 20-gene signature.
Subtype specific analysis showed variability in the classification performance. Luminal A had the best F1-
score (0.8025), followed by Luminal B (0.7583), and Basal-like breast cancer (0.7268). The performance of
tumors with HER2-enriched and claudin-low was intermediate, and the recall for Normal-like tumors was
lowest (0.3786). The results of these studies suggest that some molecular biomarkers are better
discriminators of breast cancer subtypes than others, and these are compact. The subtype-specific
classification metrics are summarized in Table 5, and the confusion matrix based on out-of-fold predictions
is shown in Figure 5.

Table 5. Subtype-Specific Classification Performance of the 20-Gene Molecular Signature

Molecular subtype | Precision | Recall | F1-score | Support (n)
Luminal A 0.7602 0.8498 | 0.8025 679
Luminal B 0.7511 0.7657 | 0.7583 461
HER2-enriched 0.6364 0.6364 | 0.6364 220
Basal-like 0.7460 0.7085 | 0.7268 199
Claudin-low 0.6906 0.6281 | 0.6579 199
Normal-like 0.6709 0.3786 | 0.4840 140
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Figure 5. Confusion Matrix of Breast Cancer Molecular Subtype Classification

The analysis is based on 1,898 breast cancer records and 489 gene-expression features for stable molecular
biomarkers to classify the subclasses. Important gene-expression differences between the molecular
subtypes were found, and some of the biomarkers were highly stable. The 20-gene compact signature was
the most efficient panel in terms of the classification performance, reaching 73.18% accuracy and 0.6760
macro-F1 score among all the compact signatures evaluated. Overall, the results indicate the potential for
compact molecular biomarker signatures for breast cancer subtype classification, with varying levels of
classification in different subtypes.

4. Discussion

In the present work, stable molecular markers were explored, and compact gene-expression signatures were
developed for classification of breast cancer subtypes using molecular METABRIC data. 1,898 breast
cancer records were analysed together with 489 features in gene-expression. Several genes showed selection
in all repeated resampling, which suggests that they may be important to discriminate subtypes. The 20 gene
panel showed the best classification performance of all the compact signatures tested with an accuracy of
73.18% and a macro-F1 result of 0.6760. These results indicate that the molecular signatures of reduced
molecules can be useful to distinguish the oustype of breast cancer. Computational studies have shown that
integration of multi-omics data and deep learning can be useful when predicting molecular subtypes (Choi
& Chae, 2023). Multimodal deep learning has also shown promise in finding possible associations between
biological aspects and breast cancer subtypes (Liu et al., 2022). More recent classification schemes have
also underscored the need to further optimize the molecular subtype boundaries to better enable the
biological interpretation (Turova et al., 2025).

There were several genes that had greatly different expressions between the different breast cancer types:
GATA3, EGFR, MAPT, AURKA, and CCNEI1l. These biomarkers can be indicators of molecular
mechanisms related to cellular differentiation, growth control and growth of tumor cells. The fact that they
are consistently identified indicates that the selected molecular features play a role in discriminating the
biologically heterogeneous breast cancer groups. Studies have shown that Luminal A and B tumors differ
from each other and have biological features of their own (Lafc1 et al., 2023). Molecular heterogeneity has
also been seen through imaging studies, with different characteristics of diffusion among breast cancer
subtypes (Meyer et al., 2022). In addition, subtype-specific immune landscapes in triple negative breast
cancer reveal the complexity of the molecular differences and their potential implications in therapy
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(Syrnioti et al., 2024).

The analytical framework included stability guided biomarker identification. Several genes were found to
have 100% selection frequency in 50 resampling iterations, showing that their discriminatory relevance does
not change under the feature-ranking method selected. But, high selection frequency does not mean that
there is necessarily biological cause or independent population reproducibility. Measurement variability and
consistency under analytical conditions must be taken into consideration for reliable molecular classification.
Artificial intelligence has been shown to help enhance the consistency of breast cancer receptor marker
interpretation, highlighting the need for reliable diagnostic evaluations (Jung et al., 2024). Machine learning
analyses have also pointed to the value of interpretable features in the process of subtype classification (Ma
et al., 2022). Further, the discrepancies in the molecular subtype allocation between biopsy and surgical
specimens highlight the need to evaluate the consistency of molecular typing.

The more genes selected (from 5 genes to 20 genes) the better performance the classification got. The
macro-F1 scores of the 20-gene signature (0.6760) and the full 489-gene panel (0.7055) indicated that
reducing the number of features significantly reduced the predictive performance but was still possible. This
discovery bolsters the possible utility of smaller molecular signatures that could be used in lieu of larger
feature panels. Previous studies have included multimodal deep learning for breast cancer sub-type
classification (Ben Rabah et al., 2025), hybrid CNN and transformer architectures (Brahmareddy & Selvan,
2025), patient graph-based prediction (Furtney et al., 2023), and graph neural networks for molecular
classification (Li & Nabavi, 2024). However, different study populations, molecular measures, definitions
of subtypes and validation methods still limit the possibility of direct comparisons.

Smaller signatures of molecules may be helpful in creating more straightforward and understandable
methods of classification in breast cancer. However, there were differences in the recall for each subtype:
Normal-like tumors exhibited relatively low recall, suggesting that there are some issues with the reliability
of the classification. Alternative computational methods for predicting molecular subtype have been
explored in deep learning investigations of mammographic images, as well as histopathological slides
(Nissar et al., 2024; Tafavvoghi et al., 2025). The study's drawbacks included its retrospective nature, the
small gene-expression panel, the imbalance in the proportion of subtypes and no independent external
validation. Moreover, the use of multiple univariate feature ranking does not necessarily define the
reproducibility of a multivariable biomarker signature. Independent molecular cohorts nested cross
validation and experimental validation are important considerations for future investigations to ensure that
compact molecular biomarker signatures are reliable and may have clinical applications.

5. Conclusion

The present study helped to show the potential of stability guided identification of molecular biomarkers for
breast cancer subtype classification from METABRIC gene-expression data. When they analysed 1,898
breast cancer records and 489 gene-expression features, the researchers found that there are significant
molecular differences between breast cancer subtypes. Multiple genes (GATA3, EGFR, AURKA, CCNE1
and CHEK1) showed high discrimination power and were selected repeatedly in the same resampling
methods. These results indicate that it is important to select molecular characteristics that are stable in
various training sets. Compact molecular biomarker signatures were developed that showed significant
feature reduction without losing effective classification performance. The 20-gene signature had the best
accuracy (73.18%) and macro-F1 score (0.6760) among the compact signatures. The full 489-gene panel
achieved slightly higher performance although the signature was smaller and simpler and might be easier to
work with. There were differences of the classification performance between different molecular subtypes,
with some still proving more difficult to classify accurately. Results justify the use of repeated feature
selection and computational classification methods to find informative molecular signatures. The
retrospective study design, limited gene-expression panel, and lack of external validation, however, confines
the generalizability of the results. Additional analyses should be performed with independent patient cohorts,
in addition to advanced stability analyses, and experimental validation should be incorporated to confirm
the reproducibility and biological value of the selected biomarkers. In conclusion, compact molecular
signatures are a promising way to enhance interpretable classification of breast cancer subtypes.
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