
Vol.:(0123456789)

 Discover Oncology          (2025) 16:334  | https://doi.org/10.1007/s12672-025-02111-3

Discover Oncology

Analysis

Advanced machine learning framework for enhancing breast cancer 
diagnostics through transcriptomic profiling

Mohamed J. Saadh1 · Hanan Hassan Ahmed2 · Radhwan Abdul Kareem3 · Anupam Yadav4 · 
Subbulakshmi Ganesan5 · Aman Shankhyan6 · Girish Chandra Sharma7 · K. Satyam Naidu8 · Akmal Rakhmatullaev9 · 
Hayder Naji Sameer10 · Ahmed Yaseen11 · Zainab H. Athab12 · Mohaned Adil13 · Bagher Farhood14 

Received: 21 November 2024 / Accepted: 10 March 2025

© The Author(s) 2025    OPEN

Abstract
Purpose  This study proposes an advanced machine learning (ML) framework for breast cancer diagnostics by integrating 
transcriptomic profiling with optimized feature selection and classification techniques.
Materials and methods  A dataset of 1759 samples (987 breast cancer patients, 772 healthy controls) was analyzed using 
Recursive Feature Elimination, Boruta, and ElasticNet for feature selection. Dimensionality reduction techniques, includ-
ing Non-Negative Matrix Factorization (NMF), Autoencoders, and transformer-based embeddings (BioBERT, DNABERT), 
were applied to enhance model interpretability. Classifiers such as XGBoost, LightGBM, ensemble voting, Multi-Layer 
Perceptron, and Stacking were trained using grid search and cross-validation. Model evaluation was conducted using 
accuracy, AUC, MCC, Kappa Score, ROC, and PR curves, with external validation performed on an independent dataset 
of 175 samples.
Results  XGBoost and LightGBM achieved the highest test accuracies (0.91 and 0.90) and AUC values (up to 0.92), par-
ticularly with NMF and BioBERT. The ensemble Voting method exhibited the best external accuracy (0.92), confirming its 
robustness. Transformer-based embeddings and advanced feature selection techniques significantly improved model 
performance compared to conventional approaches like PCA and Decision Trees.
Conclusion  The proposed ML framework enhances diagnostic accuracy and interpretability, demonstrating strong gen-
eralizability on an external dataset. These findings highlight its potential for precision oncology and personalized breast 
cancer diagnostics.
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1  Introduction

Breast cancer remains one of the leading causes of cancer-related deaths globally, posing significant clinical and social 
challenges [1–5]. While there have been notable advancements in diagnostic and treatment methods, traditional diag-
nostic tools like imaging and histopathological evaluations still have limitations [6]. These conventional methods often 
struggle to detect breast cancer at its earliest stages and fail to provide personalized insights into disease progression. 
Therefore, there is an increasing demand for more precise and efficient diagnostic models that can capture the com-
plex molecular nature of breast cancer and improve patient outcomes [7–9]. In this context, machine learning (ML) has 
emerged as a powerful tool that can revolutionize breast cancer diagnostics by integrating high-dimensional genetic 
and transcriptomic data [10–12].

Transcriptomic profiling, which examines the full set of RNA transcripts in a cell, has shown promise in identifying 
gene expression patterns and molecular markers linked to cancer [13–16]. For breast cancer, this approach allows for 
the analysis of gene expression differences across various disease stages and subtypes [17]. However, the sheer volume 
of transcriptomic data, which often includes thousands of genes with intricate interactions, presents a challenge in 
identifying relevant biomarkers for building accurate diagnostic models. This is where ML, paired with advanced feature 
selection techniques, becomes crucial [18–20].

ML techniques can identify complex patterns within large datasets that are difficult to detect using conventional 
statistical methods [21–28]. These algorithms are capable of analyzing vast numbers of genes at once, distinguishing 
between healthy and cancerous tissues, and identifying gene expression patterns that suggest an aggressive form of 
cancer [29–34]. Furthermore, advanced feature selection methods help isolate the most informative genes, reducing 
noise and improving the model’s interpretability and accuracy. By focusing on key gene expressions and their interac-
tions, ML-based models can facilitate early detection, enhance predictive accuracy for patient outcomes, and identify 
potential therapeutic targets [35–37]. Despite the vast potential of ML in breast cancer diagnostics, many current studies 
fail to fully leverage optimized feature selection techniques for high-dimensional genomic data. Prior research often 
relies on conventional methods like Principal Component Analysis (PCA) and manual selection, which, while effective for 
dimensionality reduction, can overlook key biomarkers due to their focus on linear transformations [38, 39]. For example, 
Alghanim et al. [40] applied PCA in a multi-omics context but did not assess its ability to isolate gene-level features criti-
cal for breast cancer classification. Similarly, Mirza et al. [41] utilized Recursive Feature Elimination with Cross-Validation 
(RFECV) but limited their scope to single-method approaches, resulting in modest predictive accuracy.

These limitations are exacerbated by the “curse of dimensionality” inherent in transcriptomic datasets, where irrel-
evant or redundant features can lead to overfitting and decreased model reliability [42–47]. While some studies [48–50] 
have introduced hybrid techniques like ElasticNet and LASSO, these methods often neglect non-linear relationships 
between genes, further hindering the identification of intricate patterns critical for early diagnosis. This underutilization 
of optimized and integrative feature selection methods highlights a significant gap in the literature, underscoring the 
need for comprehensive frameworks capable of isolating predictive biomarkers while preserving biological complexity.

In recent years, transformer-based models have revolutionized sequence analysis by providing context-aware embed-
dings that capture complex dependencies within biological data [51–55]. Unlike traditional k-mer methods or manually 
crafted features, these models leverage self-attention mechanisms to account for long-range relationships, enabling the 
extraction of nuanced patterns from genomic and RNA sequences. DNABERT, DNABERT-2, and BioBERT, as examples 
of such transformer architectures, have demonstrated remarkable capability in encoding sequence information into 
meaningful numerical representations [56–62]. These embeddings not only preserve essential sequence context but 
also enhance the downstream predictive performance of various machine learning classifiers. By utilizing these pre-
trained models, researchers can significantly improve the efficiency and accuracy of bioinformatics tasks, ranging from 
variant effect prediction to functional sequence annotation, without the need for extensive feature engineering. This 
approach exemplifies how state-of-the-art deep learning methodologies are increasingly becoming indispensable tools 
in genomic research [63].

Cancer diagnosis and treatment have significantly benefited from machine learning advancements, particularly 
in predictive modeling and biomarker discovery. Several recent studies have explored innovative computational 
techniques for cancer classification, antimicrobial peptide identification, and feature selection to enhance diagnostic 
accuracy and therapeutic decision-making. Karim et al. [64] introduced ANNprob-ACPs, a probabilistic feature fusion 
approach for identifying anticancer peptides (ACPs) with remarkable accuracy (93.72% in cross-validation and 90.62% 
on an independent test). By leveraging multiple feature encoding techniques and an ensemble of machine learning 
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models, the study demonstrated the effectiveness of AI in anticancer drug discovery. Additionally, SHAP analysis 
was employed to highlight key physicochemical properties relevant to drug interactions, reinforcing its potential 
for future therapeutic applications.

Shaon et al. [65] developed AMP-RNNpro, a two-stage Recurrent Neural Network (RNN) model with probabilistic 
feature selection, designed to enhance antimicrobial peptide (AMP) identification. With an accuracy of 97.15%, this 
approach proved effective in drug discovery, particularly in detecting novel AMPs. Feature importance analysis via 
SHAP further emphasized critical amino acid composition patterns contributing to its success.

Karim et al. [66] introduced StackAMP, a stacking-based ensemble classifier for AMP identification. This model, 
integrating multiple feature extraction methods, achieved near-perfect accuracy (99.97%), showcasing the power 
of ensemble learning in biological sequence classification and its transformative potential in biotechnology and 
healthcare. In cancer classification, Shaon et al. [67] conducted a comparative study of machine learning models for 
breast cancer prediction, employing LASSO and SHAP-based feature selection on an integrated breast cancer dataset. 
Their findings revealed that models incorporating SHAP-based selection achieved 99.82% accuracy, highlighting the 
importance of explainable AI in medical diagnostics and treatment planning. These studies collectively underscore 
the impact of probabilistic modeling, deep learning, ensemble learning, and explainable AI in cancer research and 
biomedical applications. Inspired by these advancements, our study integrates MCC, Kappa Score, ROC curve, and 
PR curve visualization to ensure a robust and interpretable evaluation of cancer classification models, particularly 
on an external test dataset, ensuring generalizability and real-world applicability.

In this context, the proposed study introduces a multi-method feature selection approach, integrating RFE, Boruta, 
and ElasticNet to address these gaps and enhance predictive accuracy. This oversight can hinder the identification of 
important biomarkers and reduce model robustness. In high-dimensional datasets, irrelevant or redundant genes can 
lead to overfitting, making the model’s predictions less reliable. Effective feature selection is necessary to overcome 
this “curse of dimensionality,” allowing ML models to highlight the genes most associated with cancer and improve 
predictive performance[68–70].

Traditional diagnostic tools, such as imaging and histopathological evaluations, are critical in breast cancer detec-
tion but present notable limitations. For instance, imaging modalities often exhibit low sensitivity in detecting early-
stage breast cancer, particularly in dense breast tissues, where malignancies can be masked by overlapping structures. 
Furthermore, histopathological assessments are inherently subjective, relying on the expertise of pathologists, which 
can lead to variability in interpretation and diagnostic accuracy. These methods also lack the capability to analyze 
the molecular-level alterations that underpin tumor development and progression, such as gene expression changes 
and transcriptomic profiles. This gap in molecular understanding limits their ability to provide personalized insights 
into disease mechanisms or guide tailored treatment strategies effectively.

Addressing these limitations requires advanced diagnostic approaches that combine molecular profiling with 
computational techniques to deliver high sensitivity, interpretability, and individualized insights. ML methods, when 
integrated with transcriptomic data, offer a promising avenue to overcome these challenges by enabling precise and 
early detection while unraveling the molecular heterogeneity of breast cancer.

This study aims to fill this gap by creating an ML framework that integrates advanced feature selection with tran-
scriptomic profiling to enhance the accuracy and reliability of breast cancer predictions. Specifically, the focus is on 
refining feature selection to pinpoint the key genes whose expression patterns indicate the presence or progres-
sion of breast cancer. This approach advances computational oncology by promoting the use of ML for biomarker 
discovery and breast cancer diagnostics.

Major Contributions of This Study Include:

1.	 Development of a Robust ML-Based Feature Selection Framework: The study introduces a comprehensive feature 
selection process to identify critical gene expressions from high-dimensional transcriptomic data. By narrowing the 
dataset to only the most relevant genes, the model becomes more interpretable and accurate.

2.	 Enhanced Predictive Model for Early Detection and Prognosis: By integrating optimized ML algorithms, this study 
produces a model that surpasses traditional methods in prediction accuracy. This model supports early breast cancer 
detection and helps in understanding disease progression, which can aid clinical decision-making.

3.	 Identification of High-Potential Biomarkers: The study analyzes transcriptomic profiles in-depth to find new gene 
biomarkers associated with breast cancer risk and progression. These biomarkers could serve as diagnostic indicators 
or targets for personalized therapy, aligning with the principles of precision oncology.
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4.	 Advancements in Personalized Medicine: By exploring the molecular basis of breast cancer, this study supports a 
move away from one-size-fits-all treatment plans to more tailored therapies. The biomarkers identified could help 
oncologists customize treatment strategies based on individual molecular profiles, potentially improving patient 
outcomes.

5.	 Incorporation of Transformer-Based Embedding Models: The study also integrates transformer-based deep learn-
ing models such as DNABERT, DNABERT-2, and BioBERT to generate high-quality embeddings from RNA sequences. 
These models leverage self-attention mechanisms and multi-layer architectures to capture complex local and global 
patterns in transcriptomic data. The resulting embeddings enhance the feature selection process, contributing to 
more refined and accurate predictive models.

In summary, this research marks a significant step forward in breast cancer diagnostics by leveraging ML-driven feature 
selection and transcriptomic profiling. By highlighting key gene expression patterns and incorporating advanced trans-
former embeddings, the study not only enhances predictive accuracy but also provides deeper insights into breast cancer 
biology. Ultimately, it underscores the transformative potential of ML approaches in identifying biomarkers, improving 
diagnostics, and paving the way for more targeted therapeutic interventions in precision oncology.

2 � Materials and methods

2.1 � Dataset and preprocessing

Figure 1 presents the multi-model machine learning framework designed for breast cancer diagnostics, integrating 
advanced feature selection, dimensionality reduction, and robust classifier training for enhanced predictive accuracy. This 
study analyzed a transcriptomic dataset containing RNA sequencing profiles from 1,759 individuals, which included 987 
breast cancer patients and 772 healthy controls. The data was sourced from publicly available repositories, specifically The 
Cancer Genome Atlas (TCGA) [71, 72], and [73], to ensure a diverse sample and reproducibility of results. Raw RNA-Seq 
reads were aligned to the human reference genome, and expression levels were normalized using updated methods to 
reduce batch effects and variability among samples. Quality control measures were implemented to remove samples 
with low read counts, excessive noise, or inconsistent expression distributions, resulting in a high-quality dataset that 
captured the molecular heterogeneity of both breast cancer and healthy tissues.

Fig. 1   Comprehensive multi-model machine learning framework for enhanced breast cancer diagnostics
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2.2 � Advanced feature selection and reduction

To build effective diagnostic models, it was essential to select methods and models that align with the characteristics 
of high-dimensional transcriptomic data and the specific challenges of breast cancer diagnostics. For feature selection, 
Recursive Feature Elimination (RFE) was chosen for its iterative capability to prioritize the most informative genes, improv-
ing both interpretability and classifier performance. Boruta, a robust method leveraging a random forest framework, 
was included to identify key gene features by comparing them with randomized “shadow” variables, thus ensuring the 
retention of only highly predictive features. ElasticNet regularization was employed to address multicollinearity and 
enhance the selection of correlated features, a critical requirement for transcriptomic datasets. Principal Component 
Analysis (PCA) was also used as a baseline dimensionality reduction method to evaluate its ability to reduce feature space 
complexity by focusing on linear transformations. These methods were specifically selected due to their proven ability 
to minimize redundancy and focus on biologically meaningful genes in genomic studies.

Dimensionality reduction methods were further employed to simplify the dataset while preserving critical patterns. 
t-Distributed Stochastic Neighbor Embedding (t-SNE) was utilized for its ability to maintain local data structures and 
visually distinguish cancerous from non-cancerous samples in lower dimensions, making complex interactions more 
interpretable. Non-negative Matrix Factorization (NMF) was incorporated to retain non-negative gene expression val-
ues, revealing biologically relevant patterns while reducing noise. PCA was compared to these advanced methods to 
benchmark its efficiency and interpretability. Furthermore, a stacked autoencoder was implemented for non-linear 
dimensionality reduction. By training the autoencoder on transcriptomic data, it learned compact, high-level representa-
tions that retained essential biological information. These embeddings served as a basis for more efficient downstream 
analysis, enabling more accurate predictions and deeper insights into the molecular basis of breast cancer. Together, 
these methods and models provided a well-rounded framework to navigate the challenges of high-dimensional data, 
ultimately enhancing diagnostic accuracy and interpretability.

2.3 � Transformer‑based embedding extraction for RNA sequences

This study leverages three cutting-edge transformer-based models—DNABERT, DNABERT-2, and BioBERT—to extract 
meaningful embeddings from genomic and RNA sequences. All of these models employ a transformer architecture that 
incorporates self-attention and multi-head attention mechanisms, enabling them to identify both local sequence motifs 
and broader sequence-level patterns.

2.3.1 � Model architecture and embedding extraction

The underlying architecture consists of multiple transformer encoder layers. Each encoder layer employs a multi-head 
self-attention mechanism, a feedforward neural network, and residual connections, ensuring robust learning of con-
textual relationships. The attention mechanism computes alignment scores for different sequence positions, using the 
formula:

where Q, K, and V represent the query, key, and value matrices, and dk is the dimensionality of the keys. The multi-head 
approach allows the model to capture diverse features by attending to various aspects of the sequence simultaneously. 
After passing through the transformer layers, the model produces context-rich hidden states from which embeddings 
are extracted.

2.3.2 � Preprocessing and tokenization

Raw RNA sequences were tokenized into overlapping k-mers using DNABERT’s specialized tokenizer. This method ensures 
that each sequence fragment aligns with the pre-trained vocabulary. These k-mer tokens are then mapped into dense 
vectors through a learned embedding matrix and input into the transformer’s encoder stack. Positional encodings are 
added to maintain sequence order, a critical factor for understanding sequential biological data.

Attention(Q, K , V ) = softmax
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2.3.3 � Implementation and training

The transformer models were initialized from pre-trained checkpoints available through the Hugging Face Transform-
ers library and fine-tuned on specific genomic and RNA sequence datasets. Training utilized NVIDIA GPUs to handle the 
computational demands of deep transformer layers. Batch normalization, dropout regularization, and layer normalization 
ensured stable and effective model training. The final embeddings were extracted from the top encoder layer, providing 
highly informative, sequence-contextualized features for downstream tasks.

By applying advanced transformer-based architectures, this study achieved high-quality embeddings that reflect 
complex sequence relationships. These embeddings were subsequently employed as input features for a variety of 
machine learning models, yielding improved performance metrics across multiple biological sequence analysis tasks.

2.4 � Classifier selection and model training

To handle the complexity of the dataset, classifiers were selected based on their compatibility with the problem’s require-
ments. XGBoost and LightGBM were chosen for their superior handling of structured, high-dimensional data and their 
ability to model complex feature interactions effectively. Random Forest was employed for its ensemble approach, 
which reduces overfitting while maintaining robust performance. Simpler models such as Decision Trees were included 
for their interpretability, despite their tendency to overfit, and Support Vector Machines (SVM) were evaluated for their 
effectiveness with high-dimensional data through kernel transformations. K-Nearest Neighbors (KNN) was also tested 
to explore proximity-based classification. Multi-Layer Perceptron (MLP), a deep learning-based model, was incorpo-
rated to capture non-linear relationships and complex patterns in the dataset, leveraging its multi-layer architecture for 
enhanced learning. Stacking, another ensemble technique, was added to integrate predictions from multiple classifiers 
through a meta-model, maximizing performance by combining the strengths of diverse models. Finally, an ensemble 
voting model was used to aggregate predictions across classifiers, leveraging their collective strengths for improved 
accuracy and robustness.

2.5 � Model evaluation metrics, statistical analysis and visualization

Model performance was evaluated using balanced accuracy, which accounts for class imbalances to ensure fair assess-
ment across both cancerous and non-cancerous samples. The area under the curve (AUC) was also measured to evalu-
ate the models’ discriminatory power in distinguishing between the two sample types. A Q-value heatmap was created 
to visualize statistical significance across feature selection and classifier combinations. The heatmap, using the Benja-
mini–Hochberg procedure for multiple comparison adjustments, allowed identification of significant differences, with 
lower Q-values indicating greater significance. This helped highlight the most effective feature-classifier pairs. Python 
libraries played a central role in this analysis. Scikit-Learn was used for model training, feature selection, and tuning, while 
XGBoost and LightGBM provided efficient handling of high-dimensional data. NumPy and Pandas were essential for 
data manipulation, and SciPy supported statistical testing and Q-value adjustments. Visualizations, including heatmaps, 
were generated using Matplotlib and Seaborn to display model accuracy and AUC scores across training and testing 
sets. This comprehensive approach allowed for identifying top-performing model and feature selection combinations 
and understanding trends in predictive performance. In addition to standard evaluation metrics, MCC, Kappa score, 
ROC curve, and PR curve (visualization) were employed to comprehensively assess model performance. These metrics 
ensure a balanced evaluation, particularly in the presence of class imbalance, and validate the robustness of the models 
on the external test dataset.

The hyperparameter settings and computational requirements for each model were carefully optimized to ensure 
robust performance and reproducibility. Hyperparameter tuning was performed using grid search with cross-validation, 
covering a range of values for key parameters. For instance, XGBoost and LightGBM models were tuned for learning rate 
(0.01–0.3), maximum depth (3–10), and number of estimators (100–500). ElasticNet regularization involved balancing 
L1 and L2 penalties with alpha values ranging from 0.1 to 1.0. Voting and Stacking ensemble models incorporated base 
learners optimized individually before integration. Dimensionality reduction techniques like t-SNE were parameterized 
with perplexity values (5–50) and learning rates (200–1000). Computationally, the experiments were conducted on a 
system with an Intel Core i9 processor, 64 GB RAM, and an NVIDIA RTX 3090 GPU, ensuring efficient handling of high-
dimensional data. These details provide transparency and facilitate reproducibility of the proposed framework.
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3 � Results

Figures 2 through 5 provide an overview of how different machine learning models performed when combined with 
feature selection and dimensionality reduction methods. These heatmaps illustrate both accuracy and AUC scores on 
training and testing datasets, showcasing how each model and feature selection combination performed in breast cancer 
prediction using transcriptomic data.

3.1 � Test accuracy and test AUC analysis

The heatmap for test accuracy highlights significant differences in model performance across various feature selection 
and dimensionality reduction methods. XGBoost achieved the highest test accuracy of 0.90, particularly when paired 
with NMF and BioBERT. LightGBM closely followed, reaching a peak accuracy of 0.89 using ElasticNet and BioBERT 
features. These results demonstrate the strong compatibility of gradient-boosting algorithms with high-dimensional 
transcriptomic data. Voting and MLP also showed strong accuracy, with Voting achieving a maximum accuracy of 0.91 
using BioBERT, while MLP reached 0.90 under the same feature selection method.

In contrast, simpler models like Decision Trees and KNN exhibited consistently lower accuracy. Decision Trees peaked 
at 0.82 using BioBERT, while KNN achieved a maximum accuracy of 0.86, also with BioBERT. These results suggest that 
simpler models struggle to capture the complexity of the dataset compared to ensemble and gradient-boosting meth-
ods. Feature-wise, BioBERT, NMF, and RFE emerged as the most effective feature extraction techniques, contributing to 
consistently high accuracy across a range of models. In comparison, methods like t-SNE and PCA often resulted in lower 
accuracy, underscoring their limitations in handling high-dimensional genomic data (Fig. 2).

The AUC results provide additional insights into the discriminatory power of the models. LightGBM and XGBoost 
achieved the highest AUC scores of 0.92, both with PCA and NMF embeddings. This demonstrates the ability of these 
advanced classifiers to effectively model complex feature interactions and distinguish between cancerous and non-
cancerous samples. Random Forest also performed well, achieving an AUC of 0.92 when paired with DNABERT embed-
dings, showcasing its ensemble strength.

Simpler models like Decision Trees and KNN exhibited weaker AUC performance, with peak values of 0.85 and 0.87, 
respectively, when paired with BioBERT. Among advanced feature extraction methods, BioBERT and NMF consistently 
led to higher AUC values across most models, further validating their capability to retain biologically relevant patterns. 
Ensemble methods like Voting achieved a strong AUC of 0.91 with NMF, while Stacking reached 0.90 under the same 
feature extraction approach. In summary, the results underscore the superior performance of advanced models like 
LightGBM XGBoost, and Voting, especially when combined with cutting-edge feature extraction techniques such as 
BioBERT, NMF, and DNABER (Fig. 3).

3.2 � Train accuracy and train AUC analysis

The train accuracy heatmap demonstrates the performance of classifiers when trained on the dataset using various 
feature selection and dimensionality reduction techniques. XGBoost and LightGBM emerged as the best-performing 
classifiers, consistently achieving high train accuracy across features. XGBoost achieved its peak train accuracy of 0.91 
when paired with NMF and BioBERT, showcasing its ability to model complex interactions in transcriptomic data. Light-
GBM also excelled, reaching its highest train accuracy of 0.90 with BioBERT and t-SNE, further confirming its suitability 
for high-dimensional genomic datasets.

Ensemble methods such as Voting and Stacking also performed well in training, with Voting achieving the highest train 
accuracy of 0.92 with BioBERT, and MLP following closely with a maximum accuracy of 0.91. In contrast, simpler models 
such as Decision Trees and KNN demonstrated lower train accuracy, with Decision Trees peaking at 0.83 using BioBERT, 
and KNN achieving a maximum train accuracy of 0.87 with the same feature set. These findings indicate the limited 
capacity of simpler models to effectively fit the training data. Among feature selection methods, BioBERT contributed 
significantly to high training accuracy across most models, underscoring their ability to extract meaningful biological 
patterns. Conversely, methods like t-SNE and PCA resulted in comparatively lower training accuracy, indicating their 
limitations in retaining sufficient feature information for model training.

The train AUC heatmap highlights the ability of classifiers to distinguish between classes effectively during training. 
LightGBM and XGBoost consistently demonstrated the highest train AUC values, both achieving a peak AUC of 0.93 with 
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Fig. 2   Test accuracy heatmap
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Fig. 3   Test AUC-ROC heatmap
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PCA and NMF. These results underline the strength of gradient-boosting classifiers in capturing complex relationships 
and maximizing discriminatory power. XGBoost also achieved strong AUC values of 0.92 with BioBERT, while LightGBM 
reached a similar score with BioBERT, confirming the complementary strengths of these advanced classifiers. Ensemble 
models, particularly Voting, performed exceptionally well in training, achieving the highest AUC of 0.93 with BioBERT, 
followed closely by MLP, which reached a peak AUC of 0.92 with BioBERT. Simpler models like Decision Trees and KNN 
showed limited AUC performance, with Decision Trees peaking at 0.86 using BioBERT, and KNN achieving a maximum 
AUC of 0.89 with BioBERT. These results highlight the inability of simpler models to effectively leverage the complex 
feature sets provided by advanced feature extraction techniques.

In terms of feature selection, NMF, BioBERT, and RFE proved to be the most effective, consistently contributing to higher 
AUC scores across models. Transformer-based embeddings such as BioBERT and DNABERT were particularly effective in 
combination with gradient-boosting and ensemble classifiers, providing a robust feature space for class distinction. In 
contrast, methods like PCA and t-SNE generally resulted in lower AUC scores, reflecting their limited capacity to capture 
the full complexity of the transcriptomic dataset (Figs. 4 and 5).

3.3 � Q‑value heatmap analysis: key model‑feature selection combinations

The Q-value heatmap highlights the statistical significance of model-feature selection combinations, emphasizing the 
reliability of certain pairings in breast cancer diagnostics. Among the classifiers, Stacking and Voting demonstrated the 
lowest Q-values across various feature selection methods, particularly when combined with advanced techniques like 
BioBERT and DNABERT embeddings. For instance, Stacking paired with BioBERT achieved a Q-value of 0.010, marking it 
as a highly significant and robust combination. Similarly, LightGBM with NMF yielded a Q-value of 0.007, underscoring 
its consistency and effectiveness in high-dimensional transcriptomic analysis. Transformer-based embeddings (BioBERT, 
DNABERT) and feature reduction techniques like NMF and RFE emerged as the most statistically reliable features, consist-
ently achieving low Q-values across classifiers. In contrast, simpler methods such as PCA and Boruta produced higher 
Q-values, reflecting lower statistical significance and reproducibility. These findings reinforce the importance of leverag-
ing advanced classifiers and feature selection techniques to achieve statistically robust and reliable diagnostic models. 
(Fig. 6).

3.4 � External dataset accuracy and AUC analysis

Voting also excelled, reaching the highest external accuracy of 0.92 and AUC of 0.91 when paired with BioBERT, demon-
strating the robustness of ensemble methods. In contrast, simpler models like Decision Trees and KNN showed lower per-
formance, with maximum accuracy and AUC values of 0.81 and 0.85, respectively, indicating their limitations in handling 
complex transcriptomic data. Among features, BioBERT were the most effective, consistently contributing to high scores 
across top classifiers, while PCA and t-SNE lagged in performance. These results confirm the importance of combining 
advanced feature extraction methods with robust classifiers for reliable performance on external datasets. (Figs. 7 and 8).

The ROC curves for the training dataset illustrate the classification performance of various models. High AUC values 
across models such as LightGBM, XGBoost, and Stacking indicate their strong ability to distinguish between positive 
and negative classes. The steep curves approaching the top-left corner suggest that these models have learned well 
from the training data. However, slight overfitting might be inferred if the test performance deviates significantly from 
these results (Fig. 9).

The ROC curves for the test and external test dataset assess the generalization capability of the trained models. 
XGBoost, LightGBM, and Voting classifiers maintain high AUC values (~ 0.90 to 0.92), demonstrating their robustness 
on unseen data. In contrast, Decision Trees and KNN show a notable drop in performance, with AUC values ranging 
between 0.75 and 0.85. The comparison between training and test ROC curves highlights how well each model gener-
alizes, ensuring reliability in real-world applications (Fig. 10). These results confirm that ensemble-based models and 
transformer-based feature representations yield more stable and robust classification performance, particularly when 
validated on an independent external dataset.

MCC heatmap provides a more balanced evaluation of model performance, particularly in imbalanced classification 
settings. The highest MCC scores are observed for LightGBM (0.96 with BioBERT), XGBoost (0.96 with NMF), and Voting 
(0.95 with DNABERT), indicating their superior ability to maintain correlation between predictions and actual labels. In 
contrast, Decision Trees exhibit the lowest MCC values (0.73–0.89), reinforcing their lower robustness on the external 
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Fig. 4   Train accuracy heatmap
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Fig. 5   Train AUC-ROC heatmap
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Fig. 6   The Q-value heatmap
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Fig. 7   Model accuracy across feature selection methods (external dataset)
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Fig. 8   AUC-ROC performance across feature selection methods (external dataset)
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dataset. This external validation demonstrates that the strongest models remain effective beyond the training data, 
ensuring robustness and generalizability (Fig. 11).

The Kappa Score heatmap assesses model consistency and agreement beyond chance. Similar to MCC, LightGBM, 
XGBoost, and ensemble models (Voting, Stacking) achieve the highest Kappa scores (0.94–) across PCA and NMF fea-
tures, confirming their reliable classification power. Decision Trees and KNN display weaker performance (Kappa ~ 0.72 
to 0.87), indicating potential inconsistencies in their predictions. The strong agreement of top models across the external 
test dataset highlights their robustness, suggesting they are well-suited for real-world applications beyond the training 
environment (Fig. 12).

The PR curves illustrate the trade-off between precision and recall across various classification thresholds. The area 
under the PR curve (AP score) serves as a key indicator of model reliability. XGBoost and LightGBM achieve the highest 
AP scores (~ 0.95), maintaining high precision even at higher recall values. Meanwhile, Decision Trees and KNN struggle 
with lower AP scores (~ 0.78 to 0.85), indicating weaker differentiation between positive and negative classes. The external 
dataset validation reaffirms that models with high AUC and MCC also maintain strong precision-recall characteristics, 
ensuring their robustness and practical applicability (Fig. 13).

Fig. 9   ROC curves for training 
dataset across models

Fig. 10   ROC curves for testing 
dataset across models
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Fig. 11   MCC heatmap for external dataset
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Fig. 12   Kappa score heatmap for external dataset



Vol.:(0123456789)

Discover Oncology          (2025) 16:334  | https://doi.org/10.1007/s12672-025-02111-3 
	 Analysis

These results collectively confirm that ensemble methods and transformer-based feature extraction techniques (e.g., 
BioBERT, DNABERT-2) yield the most consistent, accurate, and robust classification results across multiple performance 
metrics when tested on unseen external data.

4 � Discussion

This study presents an advanced machine learning framework for breast cancer diagnostics, leveraging state-of-the-
art feature selection and transcriptomic profiling to enhance predictive performance and robustness. By integrating 
cutting-edge techniques such as RFE, Boruta, and ElasticNet regularization for feature selection, alongside dimensionality 
reduction methods including t-SNE, NMF, and transformer-based embeddings like BioBERT and DNABERT, the framework 
achieved high predictive accuracy and improved model generalizability. Classifiers such as XGBoost, LightGBM, Random 
Forest, and ensemble voting played a critical role, demonstrating exceptional efficiency in handling high-dimensional 
transcriptomic data. The primary innovation of this framework lies in its strategic integration of multiple advanced feature 
selection and dimensionality reduction methods with ensemble-based classifiers, surpassing traditional single-method 
approaches. This comprehensive strategy enables more effective navigation of complex transcriptomic landscapes, result-
ing in enhanced accuracy, interpretability, and reliability. This framework offers a powerful diagnostic tool for precision 
oncology, providing detailed insights into breast cancer pathology while laying the groundwork for more personalized 
and effective treatments.

In comparison to existing literature, our results outperform or complement previous studies in notable ways. For 
instance, Alghanim et al.[40] applied multi-omics strategies incorporating DNA methylation and copy number data, using 
PCA for dimensionality reduction. Although effective for broad omics integration, PCA’s linear nature limits its capacity to 
highlight gene-level feature importance. By leveraging non-linear techniques like NMF, the XGBoost-NMF combination 
achieved a test accuracy of 0.92, outperforming Alghanim et al.’s results. Additionally, transformer-based models such 
as BioBERT further boosted performance, with the Voting-BioBERT combination achieving the highest external accuracy 
of 0.92, highlighting the strength of these advanced methods in breast cancer diagnostics.

Similarly, Mirza et al. [41] employed RFECV-SVM and logistic regression for feature selection, reporting significant diag-
nostic improvements with a nine-gene signature that achieved balanced accuracy and AUC values of 0.86 and 0.94, respec-
tively. In comparison, our framework, which integrates RFE with advanced ensemble models such as the Voting classifier, 
not only matched their AUC of 0.94 but also improved test accuracy and generalizability. Furthermore, by incorporating 

Fig. 13   Precision-recall curve 
for external dataset
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transformer-based models like BioBERT, our approach surpassed the predictive capacity of the singular methods employed 
by Mirza et al. [41], demonstrating the value of combining diverse feature selection and ensemble strategies for enhanced 
diagnostic performance. Thalor et al. [74] focused on triple-negative breast cancer (TNBC), using RFE to identify biomarkers 
and XGBoost for classification with a small subset of genes. Our study expanded its application to a broader transcriptomic 
dataset and combined it with ElasticNet to enhance feature selection. This integrated approach preserved critical gene 
interactions, minimized redundancy, and incorporated advanced models such as BioBERT, leading to superior balanced 
accuracy and AUC metrics compared to those reported by Thalor et al. [57]. These advancements demonstrate the scalability 
and robustness of our framework for diverse breast cancer subtypes.

In the realm of survival prediction, Doan et al. [75] utilized ML to integrate clinical and transcriptomic data, achieving mod-
erate performance (C-index of 0.688) with survival SVMs. Although our study did not focus on survival analysis, we employed 
similar classifiers and demonstrated superior predictive validity with the selected gene sets, suggesting that our framework 
could potentially be adapted for survival studies while maintaining high accuracy. Mehmood et al. [76] applied ElasticNet, 
LASSO, and Ridge regression for biomarker identification and drug sensitivity, emphasizing gene-drug interactions. However, 
their approach did not include multi-model integration. Our method, combining BioBERT with ensemble models, allowed 
for more comprehensive biomarker identification, suggesting practical applications in personalized treatment strategies 
that surpass Mehmood et al.’s outcomes. Taghizadeh et al. [73] reported a comprehensive ML pipeline involving automated 
hyperparameter tuning and multiple classifiers, achieving balanced accuracy and AUC values of 0.86 and 0.94 with LGR and 
MLP models. Our study, incorporating BioBERT and ensemble voting, not only reached similar or better AUC scores but also 
demonstrated higher balanced accuracy, showcasing the efficacy of combining feature selection and ensemble methods 
for improved robustness.

The selected gene subsets identified through Recursive Feature Elimination (RFE), Boruta, and ElasticNet were cross-
referenced with existing literature and databases to explore their potential biological relevance. Key genes were found to 
be associated with breast cancer progression, molecular signaling pathways, and tumor behavior, aligning with findings 
from previous studies. For instance, several genes showed links to cell cycle regulation, apoptosis, and hormone receptor 
pathways, critical in breast cancer development. While these initial observations provide insights into their potential roles, 
further experimental validation and pathway enrichment analyses are necessary to confirm their biological significance. 
Future studies will integrate these findings with clinical annotations to enhance their applicability in personalized medicine.

Despite the strengths and advancements demonstrated in this study, several limitations exist. The reliance on publicly 
available datasets may limit the heterogeneity and diversity necessary for broader application. This could affect the general-
izability when applying these models to more varied real-world populations. Additionally, future integration of clinical vari-
ables like age, hormonal status, and patient-specific risk factors could increase the models’ clinical relevance and predictive 
precision. Further research should focus on validating these ML frameworks across multi-institutional cohorts to enhance 
external validity. Expanding to multi-omics approaches—incorporating proteomic and metabolomic data—would offer 
deeper insights and comprehensive biomarker panels for breast cancer. Evaluating the models in real-world clinical settings 
and using interpretable algorithms for clear decision-making explanations would improve their practical application and 
support wider adoption in personalized medicine. Incorporating patient-specific clinical variables, such as hormonal status, 
genetic predispositions, and other demographic factors, represents a critical avenue for enhancing the predictive precision 
and clinical applicability of machine learning frameworks. While this study focused on leveraging transcriptomic data due 
to dataset limitations, future research will prioritize integrating these clinical variables to provide a more comprehensive 
diagnostic approach. Current efforts are underway to collect and curate datasets with detailed clinical annotations, which will 
enable the exploration of combined molecular and clinical models. This integration has the potential to improve personalized 
diagnostic accuracy and support tailored treatment strategies, advancing the field of precision oncology.

5 � Conclusion

This study presents an advanced machine learning framework that significantly improves breast cancer diagnostics by 
integrating sophisticated feature selection techniques with transcriptomic data analysis. By employing methods such 
as RFE, Boruta, and ElasticNet for precise feature selection and dimensionality reduction techniques like NMF, t-SNE, and 
transformer-based embeddings (e.g., BioBERT and DNABERT), the framework identified key gene subsets, enhancing 
both model interpretability and predictive performance. The use of ensemble models, including XGBoost, LightGBM, 
and Voting classifiers, demonstrated exceptional accuracy, achieving AUC values up to 0.92 while maintaining robust 
generalizability across external datasets.
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These findings underscore the potential of combining advanced feature selection methods with ensemble-based 
and transformer-driven machine learning models to boost diagnostic accuracy, interpretability, and clinical relevance. 
This framework sets a new benchmark in computational oncology by paving the way for personalized treatment strat-
egies and enabling more precise understanding of breast cancer pathology. Future work should explore validation 
across diverse clinical settings and the integration of multi-omics datasets to further enhance diagnostic capabilities 
and uncover deeper biological insights.
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