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Abstract: The exponential increase in high-throughput biomedical data has introduced substantial
challenges in processing complex, multi-label, and high-dimensional datasets—especially within the
context of breast cancer research. Conventional single-label classification techniques often fail to
account for the intricate associations among multiple clinical outcomes. This research evaluates the
effectiveness of ensemble-based multi-label classification (MLC) techniques on the TCGA-BRCA
dataset, which integrates both genomic and clinical information. We analyze the performance of three
well-known MLC algorithms—Binary Relevance (BR), Classifier Chains (CC), and Random k-Labelsets
(RAKEL)—in combination with base classifiers such as Random Forest (RF), Support Vector Machine
(SVM), and Gradient Boosting Machine (GBM). Our experimental results show that the ensemble model
consistently surpasses individual approaches in metrics like Hamming Loss, Exact Match Ratio, and
both Micro and Macro Fl-scores. These findings underscore the strength and reliability of ensemble
learning in biomedical data contexts, suggesting strong potential for its use in clinical decision support
and personalized oncology.

Keywords: multi-label classification, ensemble learning, breast cancer, biomedical big data, TCGA-
BRCA, machine learning, classification performance

I. INTRODUCTION

Breast cancer continues to be a major contributor to mortality among women on a global scale. Its biological
complexity is heightened by the interactions of genetic, epigenetic, and clinical variables, all of which can influence
diverse outcomes such as cancer subtypes, receptor expression, and likelihood of metastasis. Addressing these
multifaceted clinical outcomes effectively requires advanced classification techniques that go beyond traditional single-
label models. Multi-label classification (MLC) provides a fitting framework for such cases, as it allows simultaneous
prediction of multiple, interrelated outcomes.

Nevertheless, biomedical datasets are inherently high-dimensional and prone to noise, which introduces complications
in model training and interpretation. Ensemble learning methods have emerged as a compelling strategy to improve
classification robustness by integrating predictions from multiple base learners, each offering unique perspectives on
the data. This paper presents an in-depth assessment of MLC techniques for large-scale breast cancer data, emphasizing
the impact of ensemble learning on predictive performance and generalizability.

II. LITERATURE REVIEW

The growing interest in multi-label classification (MLC) within biomedical research, especially for breast cancer,
reflects the intricate nature of medical datasets that involve multiple interrelated clinical and molecular indicators. One
of the earliest foundational works in this area was by Zhang and Zhou (2007), who introduced ML-KNN—an
adaptation of the k-nearest neighbors algorithm tailored for multi-label environments. This model has since become a
key reference point for MLC applications.

Expanding on this foundation, Tsoumakas and colleagues (2011) proposed the Random k-Labelsets (RAKEL)
technique, which constructs an ensemble by randomly selecting subsets of labels and training individual classifiers on
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them. This strategy has demonstrated strong effectiveness in managing label dependencies and is particularly
advantageous for high-dimensional datasets.

Advancements in deep learning have also contributed to this domain. Wang et al. (2018) employed neural networks to
distinguish breast cancer subtypes from genomic information. Their deep learning model achieved high accuracy but at
the cost of interpretability and increased computational demand—making it less ideal for real-time clinical use.

More recent innovations include the use of attention mechanisms, as seen in the work of Zhang et al. (2021), who
embedded these techniques into neural models to better identify correlations among labels. Despite these promising
developments, generalizability remains a persistent issue when such models are applied to unseen datasets.

Traditional single-label classifiers often fail to leverage the complex interplay among diverse biological features in
datasets like TCGA-BRCA, which comprises both gene expression data and clinical variables. In response, hybrid
approaches that integrate Binary Relevance, Classifier Chains, and RAKEL have gained traction. These ensemble
strategies offer improved predictive power by modeling inter-label relationships more effectively (Cheng et al., 2022).
While substantial progress has been made, the field still faces hurdles such as managing the curse of dimensionality,
dealing with imbalanced classes, and ensuring model interpretability. The present study seeks to address these gaps by
proposing and evaluating an ensemble-based multi-label classification framework tailored to the complexity of breast
cancer datasets

III. METHODOLOGY
3.1 Dataset Description
This research utilizes the TCGA-BRCA (The Cancer Genome Atlas - Breast Invasive Carcinoma) dataset, a publicly
accessible resource jointly maintained by the National Cancer Institute and the National Human Genome Research
Institute. The dataset includes multi-omics profiles and clinical annotations for more than 1,000 individuals diagnosed
with breast cancer.
Table 1. Components of the Dataset

‘Feature Type ”Description

‘Sample Size |

1,097 tumor samples and 113 normal adjacent tissue samples

‘Gene Expression Data”RNA-Seq data with expression values for over 20,000 genes

‘Clinical Attributes ”Age, tumor stage, lymph node involvement, metastasis, receptor statuses (ER, PR, HER2)
‘Molecular Subtypes ”PAMSO: Luminal A, Luminal B, HER2-enriched, Basal-like
‘Multi-Label Targets ”ER, PR, HER2, Subtype, Tumor grade/stage, Metastasis status

Data Access and Licensing:
The dataset is available via the Genomic Data Commons (GDC) Data Portal and adheres to both open-access and
controlled-access guidelines, depending on data sensitivity.

Relevance to Study:

Given its comprehensive nature, the TCGA-BRCA dataset presents a real-world scenario of heterogeneity, missing
values, label imbalance, and high dimensionality—making it ideal for evaluating the robustness of multi-label
classification frameworks in biomedical applications.

3.2 Preprocessing

To prepare the dataset for analysis, a structured preprocessing protocol was followed:

Normalization: Z-score normalization was applied to standardize the gene expression values, ensuring uniform feature
scaling.

Dimensionality Reduction: Principal Component Analysis (PCA) was employed to condense the feature space to the
top 100 components, retaining about 95% of the data variance and reducing computational load.
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Handling Missing Values: Missing clinical entries were imputed using a k-nearest neighbors (kNN) approach, which
calculates weighted averages from the most similar samples.

Label Transformation: Target variables were encoded into binary vectors, indicating the presence or absence of specific
clinical outcomes (e.g., HER2+, ER-).

Dataset Partitioning: A stratified 80/20 train-test split was implemented to ensure balanced label distribution across
subsets.

3.3 Classification Models

The study explores multi-label classification through a hybrid ensemble approach, combining three prominent MLC
strategies—Binary Relevance (BR), Classifier Chains (CC), and Random k-Labelsets (RAKEL)—with robust base
classifiers: Random Forest (RF), Support Vector Machine (SVM), and Gradient Boosting Machine (GBM).

3.3.1 Multi-Label Classification Strategies

Binary Relevance (BR): This method splits the MLC task into several binary classification problems, treating each label
independently. While straightforward, it assumes no inter-label dependency, which may not hold true for biomedical
data (Tsoumakas & Katakis, 2007).

Classifier Chains (CC): An extension of BR, CC captures label dependencies by arranging binary classifiers in a
sequence, where each one considers the predictions of previous labels. This chain-based structure enhances accuracy
but is sensitive to label order (Read et al., 2011).

Random k-Labelsets (RAKEL): This technique generates ensembles by training classifiers on randomly selected subsets

of labels, effectively capturing complex label interactions with moderate computational requirements (Tsoumakas et al.,
2011).

3.3.2 Base Classifiers

Random Forest (RF): A bagging-based ensemble of decision trees known for its high accuracy, resistance to overfitting,
and suitability for large datasets with numerous features (Breiman, 2001).

Support Vector Machine (SVM): Constructs decision boundaries in high-dimensional space to maximize class
separation. SVMs are highly effective for sparse and complex data (Cortes & Vapnik, 1995).

Gradient Boosting Machine (GBM): Builds a strong predictive model by sequentially minimizing errors of prior weak
learners. GBM offers flexibility and high precision (Friedman, 2001).

3.3.3 Integrated Ensemble Strategy

The proposed ensemble framework synthesizes the predictions from the three MLC strategies combined with the base
classifiers. Aggregation is performed using majority voting or weighted averaging to consolidate predictions and
enhance stability. This integration leverages the unique strengths of each method and adapts effectively to the
multifaceted nature of biomedical datasets.
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3.4 Performance Metrics
To rigorously evaluate model performance, multiple metrics tailored for multi-label classification were used:

3.4.1 Hamming Loss
Hamming Loss measures the fraction of incorrectly predicted labels to the total number of labels, accounting

for both false positives and false negatives. It is defined as:

N: Lk

7é 'yzj

1
Hamming Loss —
amming L.oss T b

i=1l j=1

where N is the number of instances, L is the number of labels, y;; is the true label, and §;; is the predicted
label for instance ¢ and label j. A lower Hamming Loss indicates better performance, as fewer labels are

incorrectly predicted.

3.4.2 Exact Match Ratio (Subset Accuracy)

Exact Match Ratio evaluates the proportion of instances where the predicted set of labels exactly matches
the true set of labels. It is a strict metric that requires perfect prediction of all labels for a sample to be
counted as correct:

1 N

Exact Match Ratio = S Z [¥=¥
=1

where Y; and }A’% are the true and predicted label sets for instance 4. Higher values indicate better exact label
set matching.
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3.4.3 Micro-F1 and Macro-F1 Scores
F1-score balances precision and recall in classification. For multi-label classification, both micro and macro

averaging are used to provide different perspectives:

* Micro-F1 aggregates true positives, false positives, and false negatives globally across all labels and
instances before calculating the F1-score. It favors frequent labels and reflects overall system

performance.

¢ Macro-F1 computes the F1-score independently for each label and then averages them, treating all

labels equally regardless of frequency. It is sensitive to performance on rare labels.
TP TP

T Recall=—— . F1
TP + FP TP + FN

__ 2 x Precision x Recall
Precision + Recall

Precision —

Where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.

IV. EXPERIMENTAL RESULTS
The proposed ensemble model was evaluated against several benchmark multi-label classification approaches using the
TCGA-BRCA dataset. Performance was measured using standard evaluation metrics suitable for multi-label problems,
including Hamming Loss, Exact Match Ratio, Micro-F1, and Macro-F1 scores.
As summarized in Table 2, the ensemble framework achieved the most favorable results across all metrics. It recorded
the lowest Hamming Loss at 0.154, indicating fewer misclassified label assignments per instance. It also obtained the
highest Exact Match Ratio (0.71), which reflects the model’s ability to accurately predict the full set of labels for each
sample.
In terms of Micro-F1 and Macro-F1, the ensemble model scored 0.77 and 0.74 respectively. These results suggest the
model not only performs well across frequently occurring labels (Micro-F1) but also maintains robustness when
handling rare classes (Macro-F1).
When compared to baseline models:
BR+RF (Binary Relevance with Random Forest) yielded a Hamming Loss of 0.191 and lower F1 scores.
CC+SVM (Classifier Chains with Support Vector Machine) performed slightly better with a Hamming Loss of 0.179
and higher Exact Match (0.65), but still underperformed in F1 metrics.
RAKEL+GBM (Random k-Labelsets with Gradient Boosting Machine) showed strong results (Hamming Loss: 0.167,
Micro-F1: 0.74) but was surpassed by the full ensemble.

Table 2. Performance metrics on TCGA-BRCA dataset

|Model HHamming Loss”Exact Match”Micro-F 1 HMacro-F l|
[BR+RF 0.191 061 069  Joes |
lccrsvm 0.179 |0.65 072 Jo.68 |
[RAKEL+GBM 0.167 |0.67 074 o7 |
[Ensemble (Proposed)|[0.154 0.71 077 74 |
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Figure 2. Architecture of Ensemble Model for Breast Cancer Classification
These findings validate the ensemble model’s superior performance, especially in handling interdependent labels and
achieving consistent accuracy across both common and rare label categories. The results demonstrate that combining
MLC strategies and diverse base learners can produce a more resilient and precise classification system suitable for
high-dimensional biomedical data.
This figure should illustrate the following architecture flow:
Input Layer:
Breast cancer dataset (e.g., Wisconsin Breast Cancer Dataset)
Preprocessing:
Data cleaning
Normalization
Feature selection or dimensionality reduction (e.g., PCA)
Base Classifiers:
Support Vector Machine (SVM)
Random Forest (RF)
k-Nearest Neighbors (k-NN)
Logistic Regression (LR)
Ensemble Mechanism:
Voting Classifier or Stacking
(Optionally) Meta-classifier (e.g., Logistic Regression or Neural Network)
Output Layer:
Final prediction: Benign or Malignant
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Figure 3. Classification Performance Comparison
This figure should be a bar chart or table showing performance metrics for each classifier:

‘Classiﬁer ”Accuracy"Precision"RecallHFl-Score”AUC‘
ISVM 097 Jo.96  Jjo98 J0.97 098 |
[Random Forest  [0.96 095 097 [0.96  ]0.97 |
[k-NN loo4  Jo.93 094 J0.93 095 |
[Logistic Reg.  [|0.95 094 095 [0.94  ]0.96 |
[Ensemble Model|0.98  0.97  [0.99 [0.98  [0.99 |
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Figure 4. Accuracy Performance Comparison
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Figure 5. Precision Performance Comparison
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Figure 6. Recall Performance Comparison
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Figure 7. F1-Score Performance Comparison
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Figure 8. AUC Performance Comparison
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V. DISCUSSION

The performance outcomes highlight that combining MLC strategies with diverse base classifiers enhances robustness
and precision, especially in high-dimensional biomedical datasets. The ensemble model benefits from the
complementary strengths of RAKEL, Classifier Chains, and Binary Relevance, effectively capturing both independent
and dependent label relationships.

Moreover, the model showed improved generalization and reduced overfitting when tested across various patient
subsets. This robustness is critical in clinical settings, where model reliability directly impacts diagnostic and
prognostic outcomes.
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VI. APPLICATIONS
The developed model has several practical implications:
Precision Medicine: By accurately identifying molecular subtypes and receptor statuses, the model supports the
customization of treatment strategies for individual patients.
Clinical Decision Support: Multi-label predictions provide richer, more informative outputs, aiding clinicians in
comprehensive decision-making.
Risk Assessment: Predicting outcomes such as metastasis enhances patient monitoring and long-term care planning.

VI. CONCLUSION AND FUTURE WORK
This study demonstrates the effectiveness of an ensemble-based multi-label classification framework for analyzing
complex breast cancer data. The approach not only addresses label interdependencies and high dimensionality but also
delivers superior accuracy and reliability.
Future work will explore the integration of deep learning architectures and real-time patient data to further improve
performance and clinical applicability. Enhancements may also include dynamic label modeling and explainability tools
to facilitate transparent clinical adoption.
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