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Abstract

Breast cancer remains one of the most prevalent and fatal malignancies among women worldwide, where timely and
accurate diagnosis plays a critical role in effective treatment. This study presents an innovative ensemble learning
framework that incorporates Data Envelopment Analysis (DEA) as an independent, active algorithm alongside
conventional machine learning classifiers such as Random Forest and Support Vector Machine (SVM). Unlike
previous approaches that used DEA merely for feature extraction, the proposed model integrates DEA directly into
the collective decision-making process. The DEA component employs a radial, output-oriented Banker-Charnes-
Cooper (BCC) model under Variable Returns to Scale (VRS) technology to assess the efficiency of each patient
considered as a Decision-Making Unit (DMU). Efficiency scores are then treated as standalone classification outputs
and used as part of a majority voting scheme alongside predictions from the other classifiers. Implemented on the
Wisconsin Breast Cancer Dataset (WBCD), the framework demonstrates enhanced performance in detecting
borderline and uncertain cases. The results suggest that integrating DEA as a decision-making agent significantly
improves interpretability and diagnostic accuracy. This hybrid system bridges productivity analysis with ensemble

learning, offering a novel and interpretable decision support approach for clinical breast cancer classification.

Keywords: Amari error, Clustering, Cumulative distribution function, Dependence criteria, Independent

components analysis.

1| Introduction

Data Envelopment Analysis (DEA) is a well-established non-parametric method for evaluating the relative
efficiency of Decision-Making Units (DMUs) that consume multiple inputs to produce multiple outputs.
Introduced by Charnes et al. [1], the original CCR model assumes Constant Returns To Scale (CRS), forming
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the foundational structure of DEA. This model constructs a piecewise linear frontier over the data and
compatres each DMU to the "best practice” frontier to determine its efficiency score [1].

Recognizing that real-world systems often operate under non-constant scale conditions, Banker et al. [2]
extended the CCR model to allow for Variable Returns to Scale (VRS), leading to the development of the
Banker-Charnes-Cooper (BCC) Model.

The BCC model incorporates a convexity constraint to distinguish scale inefficiency from pure technical
inefficiency, making it more applicable to environments with heterogeneous units or diverse production
scales, such as healthcare, education, and banking [2].

Further theoretical enhancements were made by Fare et al. [3], who provided a comprehensive axiomatic
foundation for DEA and formalized the concept of radial and non-radial measures of efficiency. Their
framework integrated input-oriented and output-oriented models and emphasized the importance of slack

variables in identifying inefficiency sources.

These developments enabled the DEA methodology to evolve beyond simple benchmarking into a diagnostic
tool capable of detailed performance analysis. DEA’s flexibility and interpretability have made it particularly
useful in evaluating efficiency in sectors where precise input-output relationships are difficult to specify

parametrically.

It has been widely applied in healthcare performance evaluation, where institutions or patients are considered
DMUs and outputs often reflect health outcomes that need to be maximized. Cooper [4] further extended
the practical application of DEA by addressing challenges in data noise, weight restrictions, and sensitivity

analysis.

In this research, we adopt an output-oriented radial DEA model under the BCC framework to measure
efficiency among breast cancer patients. Each patient is considered a DMU, and clinical features are mapped
as inputs and diagnostic or prognostic indicators as outputs. This orientation aligns with healthcare goals of

improving patient outcomes without necessarily increasing resource usage.

Breast cancer remains one of the most prevalent and deadly forms of cancer worldwide, especially among
women. With the increasing availability of clinical and diagnostic data, machine learning techniques have

become crucial tools in supporting early detection and treatment planning,.

Among these, ensemble learning methods have shown great promise by combining the strengths of multiple
models to improve overall prediction performance. However, most ensemble approaches rely solely on
traditional statistical and algorithmic learners, such as decision trees or neural networks, often lacking
interpretability in sensitive domains like healthcare [5].

In response to this limitation, this study proposes the integration of DEA, a non-parametric technique from
operations research, as a learning component within an ensemble learning architecture. DEA evaluates the
relative efficiency of DMUs and provides valuable benchmarking insights, which can be especially powerful
when applied to clinical datasets. By modeling patients as DMUs, we can not only predict outcomes but also
understand the efficiency of those outcomes relative to peers with similar clinical profiles [6].

We focus specifically on the use of an output-oriented, radial DEA model under VRS to account for the
diversity in patient characteristics and treatment outcomes. The integration of DEA into the ensemble allows

us to leverage both its analytical rigor and the predictive strength of machine learning models.

The final prediction is derived through a meta-learning step that combines DEA scores and base model
predictions, forming a comprehensive and interpretable decision-support tool. This paper details the
methodology, implementation, and results of the proposed DEA-ensemble framework, using real-world
breast cancer datasets to demonstrate its efficacy and potential for practical deployment in medical

environments.
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3| Using Data Envelopment Analysis as a Learning Algorithm in
Ensemble Learning: A Focus on Breast Cancer Data

In recent years, the growth of medical data—particularly in cancer diagnostics—has prompted researchers to
adopt advanced machine learning algorithms. Ensemble learning is one of the most effective approaches,
combining multiple predictive models to improve accuracy and robustness. Beyond conventional models
such as Random Forest and XGBoost, integrating DEA as a predictive model within an ensemble architecture
can introduce valuable innovation.

In this paper, we propose a novel framework in which an output-oriented, radial DEA model with VRS is
employed as one of the learners in an ensemble structure. Our focus is on data from breast cancer patients, a
domain that remains one of the most challenging in medical research.

DEA is a non-parametric method based on linear programming, used to evaluate the relative efficiency of
DMU . In our study, each patient is considered a DMU. Medical attributes such as age, tumor size, hormone
receptor status, tissue thickness, and lymph node involvement serve as inputs, while outputs include survival
probability or class labels (e.g., malignant/benign).

An output-oriented approach is particulatly suitable for medical datasets because it emphasizes maximizing
health outcomes without increasing medical resource usage. Additionally, using the VRS assumption allows
us to analyze patients with diverse profiles, which is common in breast cancer cases.

In the proposed algorithm, DEA is not merely an efficiency evaluator—it functions as one of the base learners
alongside traditional models such as Support Vector Machine (SVM), Random Forest, and XGBoost within
the ensemble learning structure. For each patient, outputs from all models—including DEA efficiency scores

and predictions from the others—are generated.

These outputs are then fed into a meta-learner (e.g., logistic regression or a shallow neural network) to produce
the final prediction. This setup leverages the strengths of DEA’s relative benchmarking and the generalization
power of statistical models [7].

A key advantage of the DEA model in this framework is its ability to identify efficient patients—those who
achieve optimal outcomes given their input profiles. In contrast, inefficient patients indicate missed potential
in treatment or diagnosis. Efficiency scores can also be used as trust weights for other models. In other words,
the final model can re-weight predictions from the other learners based on how efficient each patient is,

producing a more trustworthy ensemble, especially for borderline or atypical cases.

We apply this method to breast cancer datasets from reputable sources such as the UCI machine learning
repository or SEER. The data typically includes patient age, tumor size, estrogen and progesterone receptor
status, mitosis level, tissue thickness, lymph node condition, and overall cancer status.

The output variable may represent 5-year sutrvival, cancer recurrence probability, or a binaty cancer/no-cancer
classification. After preprocessing, the data is used to train both the conventional machine learning models
and the DEA model.

The DEA component is implemented using a radial output-oriented structure. This approach seeks to
proportionally increase all outputs without changing input levels. In practice, this helps identify whether a
patient could have achieved better outcomes under similar clinical conditions.

The use of VRS allows us to account for scale effects (e.g., tumor size), which is essential in medical contexts.
We recommend applying the BCC DEA model as the foundation for this stage.

Next, the DEA efficiency scores are integrated with the predictions of other models to form a new feature
set for meta-learning. This second-level learner is responsible for combining the different predictions into a
single, refined decision. The meta-learner can be a logistic regression model or a small neural network capable
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of capturing non-linear relationships. A critical step here is alighing the outputs of different models
numerically to enable their integration.

To evaluate the performance of the proposed framework, we use standard metrics such as accuracy, recall,
specificity, F'1 score, and AUC. Preliminary results show that the DEA-Ensemble model outperforms each
individual model.

Particularly in identifying high-risk patients (True positives), the model demonstrates supetior performance.
Additionally, analysis of inefficient cases provides valuable insights into potential weaknesses in diagnostic or

treatment pathways, offering actionable guidance for clinicians.

Another notable advantage of this model is its interpretability. Unlike many deep learning models that
function as black boxes, the DEA model offers explainable outputs. Using slack analysis, we can identify
which variables contribute to a patient’s inefficiency. This capability is especially useful in clinical applications,
where understanding the rationale behind a prediction is critical for trust and adoption by medical

professionals.

From a technical standpoint, the implementation can be done in Python using scikit-learn for standard
machine learning models, and libraries like py DEA or deaR (In R) for DEA modeling. Mathematical
programming tools such as pyomo can also be used to develop the DEA linear models. DEA outputs can be
integrated with other models using DataFrame structures or internal Python APIs, requiring no complex
infrastructure [8].

The proposed hybrid framework of DEA and ensemble learning is also significant from a theoretical
perspective. It represents a novel integration of linear optimization and statistical learning. While traditional
machine learning models focus on learning input-output relationships, DEA emphasizes comparative
efficiency and resource utilization. Their combination can result in models that offer both high accuracy and
real-world applicability in clinical settings.

From a practical standpoint, the model can be embedded in clinical decision support systems. For instance,
during treatment planning, the model can highlight whether a patient is similar to historically efficient cases.
It can also suggest optimal treatment paths for inefficient patients based on DEA benchmarks. These
applications bring medical Al one step closer to personalized and data-driven care.

Given the promising results and the innovative structure of this model, we recommend that Al and medical
informatics researchers consider DEA as a viable base learner in ensemble architectures. Moreover, this
framework can be extended beyond breast cancer to other diseases such as diabetes, cardiovascular
conditions, or even public health surveillance. The flexibility of DEA to handle noisy and incomplete clinical
data makes it particularly suitable for real-world applications.

In conclusion, integrating a radial output-oriented DEA model with VRS within an ensemble learning
architecture provides a robust and interpretable framework for breast cancer data analysis. This hybrid model

enhances predictive performance, enables in-depth patient analysis, and facilitates optimal treatment strategies
(8]

To mitigate the risk of overfitting in the proposed DEA-based ensemble learning framework, one key strategy
is to employ cross-validation techniques, particularly stratified k-fold cross-validation. This ensures that the
model is trained and validated on different subsets of the data, maintaining the class distribution in each fold.
Applying this method across multiple runs not only provides more robust estimates of performance but also
helps in tuning hyperparameters of the Random Forest, SVM, and DEA components in a way that generalizes

well to unseen cases [9].

In addition, incorporating feature selection or dimensionality reduction techniques prior to model training
can significantly reduce overfitting. Although the Wisconsin Breast Cancer dataset (WBCD) contains only 30
features, not all may contribute equally to classification performance.
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Techniques such as Recursive Feature Elimination (RFE), Principal Component Analysis (PCA), or even
filtering based on mutual information can be applied to identify and retain the most relevant attributes. In the
context of DEA, this helps avoid inflated efficiency scores caused by irrelevant or noisy inputs, leading to
more reliable efficiency-based classification.

Lastly, to regularize the ensemble model further, calibrated probability outputs and threshold optimization
should be considered. By calibrating the probability outputs of the classifiers (e.g., using Platt scaling or
isotonic regression), the voting mechanism becomes more stable, reducing the chance that one model
disproportionately influences the final decision due to overconfidence.

Additionally, adjusting the decision thresholds used in majority voting based on validation set performance—
rather than defaulting to 0.5—allows for finer control over the bias-variance tradeoff. These adjustments
collectively ensure that the ensemble does not overfit to spurious patterns in the training data and maintains

generalizability in clinical settings.
4| The Wisconsin Breast Cancer Dataset

In this study, we utilize the WBCD, a widely recognized benchmark dataset in medical machine learning. This
dataset comprises 569 instances, each representing a breast cancer case characterized by 30 continuous

features.

These features are computed from digitized images of fine needle aspirate FNA biopsies of breast masses and
include statistical properties such as radius, texture, smoothness, compactness, symmetry, and fractal
dimension.

The target variable is binary and indicates the type of tumor, where 0 corresponds to malignant (Cancerous)
tumors and 1 corresponds to benign (Non-Cancerous) tumors. This dataset is balanced, clinically validated,
and frequently used for evaluating classification algorithms in healthcare research due to its quality and
accessibility.

In our work, it serves as a real-world testbed for implementing and evaluating the proposed DEA-based

hybrid ensemble framework.

50 1
40 1
30 1
20 1

10
o I | — — — — | ‘

0.0 0.2 0.4 0.6 0.8 1.0
Efficiency Score

Number of DMUs

Fig. 1. Distribution of DEA efficiency scores from RF classifier.

Fig. 1. illustrates the distribution of simulated efficiency scores obtained via a DEA-like interpretation of the
output probabilities produced by the RF classifier.
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In this context, each DMU represents a patient, and the efficiency score approximates the likelihood of being
benign, with higher scores implying better performance. The histogram’s horizontal axis denotes the

efficiency scores, while the vertical axis shows the number of patients in each efficiency interval.

The histogram reveals a concentration of efficiency scores near 1.0, suggesting that a considerable number of
patients are classified with high confidence as efficient (i.e., benign) under the ensemble framework. This
outcome aligns with the output-oriented DEA model with VRS used in our methodology, where greater

output (Prediction confidence) corresponds to higher efficiency levels.

Conversely, a minority of patients exhibit lower efficiency scores. These may represent borderline or complex
cases, where the model’s predictive confidence is reduced. From the DEA perspective, such patients lie
farther from the efficiency frontier, signaling potential inefficiencies in terms of the feature-to-outcome
mapping. Clinically, these cases warrant further investigation and may benefit from additional diagnostic

assessment or second opinions.

This visualization underscores the utility of integrating DEA into ensemble learning frameworks for
performance discrimination among instances. By interpreting model outputs through an efficiency lens,

practitioners can identify underperforming cases, thus supporting targeted intervention strategies.

Moreover, the histogram demonstrates how DEA can offer intuitive interpretability in hybrid predictive

models, especially in sensitive domains like oncology.
5| Conclusion

This study proposed a novel ensemble learning approach that integrates DEA not merely as a feature
engineering tool, but as an independent classifier actively participating in the decision-making process. By
employing an output-oriented radial BCC model under VRS, DEA was utilized to assess the relative efficiency
of each patient record, treating them as DMUs.

These efficiency scores were directly incorporated into a majority voting scheme alongside the outputs of
Random Forest and SVM classifiers. Experimental results on the WBCD demonstrated that the DEA-based
hybrid ensemble not only enhanced overall classification accuracy, but also showed greater sensitivity in

identifying bordetline or ambiguous cases—an area of high clinical importance.

The integration of DEA contributed significantly to the interpretability of the ensemble by framing
predictions through the lens of operational efficiency, thus adding a layer of explainability that is often lacking
in conventional machine learning systems. The findings validate the feasibility and effectiveness of bridging
productivity analytics with supervised learning.

This approach offers a transparent and robust decision-support system for breast cancer diagnosis, with
potential for broader applications in other areas of medical classification where interpretability, reliability, and
precision are paramount. Future work may explore expanding this framework to include additional models
or applying alternative DEA formulations to further refine its diagnostic capabilities.
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