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Results Significant differences were found between malignant and benign cases for
all features (p <0.001), except for fractal dimension (p=0.98), which was then excluded
from the analysis. Multicollinearity was observed among five features, and “area” was
retained for modelling as it demonstrated the strongest predictive power for diagnosis,
with a Pseudo R? of 81%. Model 2 with Naive Bayes and KNN as the base models and
SVM as the meta-model achieved the best performance (95% accuracy, 90% recall, and
93% F1-score). The ROC-AUC analysis showed strong predictive ability, with an average
AUC of 0.97 across 10-fold cross-validation.

Conclusion The stacking ensemble model, integrating SYM, Naive Bayes, and KNN,
achieved improved accuracy and robustness in breast cancer prediction with Model
2 performing the best. This approach demonstrates potential for enhancing early
detection and reducing breast cancer mortality. Its application in broader clinical and
diverse healthcare settings may further advance disease prediction efforts.
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Introduction

Breast cancer ranks as the primary cause of cancer-related mortality and is the most
commonly identified cancer among women, particularly in the Americas [75]. In 2020,
Latin America and the Caribbean reported over 210,000 new breast cancer diagnoses
and nearly 68,000 fatalities [75]. According to the World Health Organization (WHO),
breast cancer had a global impact in 2022, affecting over 157 countries and causing an
estimated 670,000 deaths worldwide [96]. Despite breast cancer primarily affecting
women, the statistics mentioned encompass both female and male patients. On average,
approximately 1 in 726 men will experience breast cancer development during their life-
time in 2024 [9]. However, this remains significantly lower than the average likelihood of
breast cancer in women, which stands at approximately 1 in 8 [8]. These statistics high-
light the persistent burden of breast cancer and underscore the necessity for improved
predictive models and treatment strategies aimed at reducing mortality rates.

Despite advancements in screening and treatment, current methods for risk predic-
tion and treatment personalization often lack the precision needed for optimal patient
outcomes. Traditional diagnostic techniques rely on singular data sources, limiting their
effectiveness. Emerging research indicates that integrating multiple data types—genetic,
clinical, and imaging—can enhance risk assessment and treatment planning. Machine
learning (ML), a branch of artificial intelligence (AI) that enables computers to learn
patterns from data, has shown substantial promise in improving diagnostic accuracy. In
particular, ensemble learning methods, which com combine multiple predictive algo-
rithms, have demonstrated enhanced performance over individual models.

Existing breast cancer prediction models have employed a range of ML techniques
such as Support Vector Machines (SVM), Random Forest (RF), K-Nearest Neighbours
(KNN), Multilayer Perceptron (MLP), Gradient Boosting Trees (GBT), and Genetic
Algorithms (GA), with reported accuracies typically ranging from 80% to 97% across
studies [21, 55, 64]. Rabiei et al. demonstrated that RF outperformed several classifiers
achieving an 80% accuracy, 95% sensitivity, 80% specificity and 0.56 area under the curve
(AUC) [80]. Although ML models are increasingly being integrated into various aspects
of society such as healthcare for decision making processes there is an emerging concern
of transparency and interpretability. These models risk overfitting, a situation in which
the model learns the noise or irrelevant patterns in the training data, reducing its ability
to generalize to new datasets. Therefore, the model may only perform well on the cur-
rent data but lack generalizability for other data sets. While regularization techniques
compensate for overfitting, ensemble methods such as bagging (e.g. Random Forest) and
boosting (e.g. AdBoost, XGBoost) often provide more robust and stable predictive per-
formance across diverse datasets.

Furthermore, deep learning models such as Convolutional Neural Networks (CNNs),
Deep Neural Networks (DNNs), and Autoencoders have demonstrated state-of-the-art
performance in breast cancer classification, particularly in image-based diagnosis. How-
ever, due to their high data requirements and tendency to overfit on small-structured
datasets, ensemble-based machine learning strategies often outperform deep learning
approaches in tabular prediction tasks. The Wisconsin dataset used in this study is rela-
tively small and structured, making deep learning models prone to overfitting and per-
formance instability. In addition, these models often offer limited interpretability which
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is an important limitation in clinical decision-making where transparency and explain-
ability are essential.

In contrast, stacking ensemble learning, a method that combines the outputs of mul-
tiple base models using a secondary model known as a meta-learner, provides a balance
between predictive accuracy and interpretable. In this approach, level 0 base models
generate predictions, which are then used as input features for level 1 meta-model that
learns how to optimally integrate them. This structure enhances robustness, reduces
model variance, and maintains insight into model contributions while requiring less
computational complexity than deep learning methods.

Building on these advancements, this study focuses on developing an optimal stack-
ing ensemble model for breast cancer prediction as a balanced solution that emphasizes
both performance and interpretability. By using combinations of three widely used ML
classifiers, Support Vector Machines (SVM), Naive Bayes, and K-Nearest Neighbours
(KNN), with two models serving as base learners (level 0) and the remaining model act-
ing as the meta-learner (level 1). This design aims to improve early detection, classifica-
tion accuracy and risk stratification.

Leveraging these advanced computational techniques has the potential to significantly
improve patient outcomes and reduce mortality rates. The proposed stacking ensemble
model for breast cancer prediction can be integrated into existing clinical workflows as
a decision-support tool. Within Electronic Health Record systems, it could automati-
cally process routinely captured cytological measurement which offers a non-invasive
approach for predicting the malignancy of cancer cells in patients as well as histopatho-
logical measurements to generate a malignancy risk score. This would assist clinicians in
predicting cases, highlighting those that may require urgent review or additional diag-
nostic testing. Such an approach is particularly useful in high-volume screening settings
or facilities with limited pathology staff, where early case prioritization is essential.

The model could also be deployed through mobile or web-based health platforms,
allowing remote access in telepathology or outreach programs. Healthcare provid-
ers could enter feature values obtained from laboratory reports and receive an instant
assessment to support preliminary decision-making or second-opinion review. With
appropriate validation and oversight, this type of integration could contribute to earlier
detection, streamlined workflows, and more consistent diagnostic support across vary-
ing healthcare settings.

Literature review

To comprehend the worldwide effects of breast cancer, a foundational understanding of
the disease is essential. Breast cancer is a disease that develops in the cells of the breast,
most often beginning in the ducts or lobules [14, 29, 31]. Numerous factors, including
genetic mutations, hormonal influences, lifestyle choices, and environmental exposures,
can significantly increase a person’s cancer risk. The disease can be benign (non-cancer-
ous) or malignant (cancerous). Malignant tumours pose a risk as they can invade sur-
rounding tissues and metastasize to distant body parts [15]. Breast cancer is categorized
into different stages, ranging from Stage 0, characterized by non-invasive cancer, to Stage
IV, where the cancer has metastasized beyond the breast and nearby lymph nodes [18].
While most breast lumps are benign and not life-threatening, it is crucial to evaluate any
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breast changes to determine if they are malignant. Timely and precise diagnosis plays a
vital role in enhancing patient outcomes [81].

Early breast cancer detection is much more difficult for men than women due to ana-
tomical and social factors [17]. Men have less breast tissue, making small masses easier
to detect and causing the cancer to spread more quickly but the rarity of breast cancer
in men leads to less awareness and later diagnoses. Therefore, while routine screening
is common for women, it’s not typically recommended for men unless they have a high
risk, such as a family history or breast cancer gene mutations [17]. Given these com-
plexities and more, understanding the various methods used for cancer prediction and
diagnosis becomes key in tailoring early detection strategies to prevent breast cancer
fatalities [10].

Breast cancer prediction and diagnosis involve a variety of methods that can be cate-
gorized into three primary groups: physical examination, biopsies, and imaging tests [20,
61]. These traditional methods can be enhanced by modern approaches such as omics
technologies along with the adoption of artificial intelligence (AI) and machine learn-
ing method, which provide deeper insights and enhance accuracy in diagnosis and treat-
ment planning [3, 25, 67, 82].

Physical examination

A physical examination for breast cancer diagnosis involves a comprehensive and man-
ual assessment of the breasts to detect abnormal signs, such as changes in size, skin dim-
pling, nipple abnormalities, and lumps. A clinical breast exam is a physical assessment
conducted by a healthcare professional to detect early signs of breast cancer, examining
the breasts, underarms, and collarbone area for lumps, texture changes, or other abnor-
malities, crucial for early detection and prevention [54].

Biopsies

A breast biopsy is a method that uses a medical procedure, such as surgery or using a
needle, to obtain a sample of breast tissue for examination. A doctor extracts a small
tissue or tumour sample from the suspicious area, which is then sent to a laboratory to
determine if it contains cancer cells [16, 72].

Imaging test
An imaging test creates detailed pictures of the of the interior of your body. Imaging
tests use various forms of energy to interact with your body’s tissues, creating images
that help visualize internal structures [19]. Techniques such as mammography, ultra-
sound and Magnetic Resonance Imaging (MRI), are all categorized as imaging tests.

Mammography employs low-dose X-rays to examine breast tissue and find early indi-
cations of breast cancer, typically in the form of tumours, years before symptoms appear
[7, 41, 71, 73]. Three-dimensional (3-D) mammography, also known as breast tomosyn-
thesis, is an advanced version of the normally two-dimensional (2-D) mammography
that creates a 3-D breast image using multiple angles. Its effectiveness in early detection
compared to 2-D mammography remains uncertain [41, 69].

Breast ultrasound is a non-invasive imaging procedure that uses high-energy sound
waves to create detailed sonograms of the breast’s internal structures, using a gel-applied
transducer to capture echoes [12, 32]. This technique is effective in detecting structural
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changes in the breast tissue and structure, such as fluid-filled cysts, and can even distin-
guish between fluid-filled masses and solid masses that may require further investigation
[12, 32].

Breast MRI relies on the combination of powerful magnets and radio waves to pro-
duce detailed images [11, 70]. The specialized exam uses MRI equipment, a breast coil,

and contrast dye injection to improve image clarity before the exam [11].

Omics
Omics technology uses high-throughput techniques to study biological molecules within
an organism, providing a holistic understanding of biological systems. Key areas of
omics research include genomics, transcriptomics, proteomics, and metabolomics [65].
Genetic testing is a subset of omics methods, focusing specifically on the analysis of
the genome. This method is used to detect gene mutations in breast cancer patients. It
involves analysing blood, saliva, or cheek swabs to detect specific or broad mutations
based on the individual’s background or family history [13, 68]. Results can be positive,
negative, inconclusive, or variant of unknown significance (VUS), with positive results
suggesting risk reduction steps, negative results indicating other mutations, and incon-

clusive results providing no definitive answer [13, 68].

Integration of artificial intelligence and machine learning

The integration of Artificial Intelligence (AI) and Machine Learning into image testing,
particularly into mammography, in order to enhance breast cancer detection has been a
subject of significant research [25]. Al was used in conjunction with human radiologists,
highlighting its potential to revolutionize breast cancer detection by increasing sensitiv-
ity and specificity, ultimately reducing false positives and missed cancers [34]. Another
study conducted a randomized, controlled trial evaluating the effectiveness and safety
of Al-assisted mammography screening in comparison to conventional double reading
by radiologists. Al-assisted screening detected slightly more cancers (6.1 per 1000 par-
ticipants) compared to the control group (5.1 per 1000 participants) reducing the radi-
ologists’ screen-reading workload by 44.3%, while maintaining similar recall rates and
false-positive rates. This study found Al integration in mammography screening to be
safe, potentially improving screening efficiency without compromising accuracy [56].
These studies show the potential of Al and machine learning effectively measuring vari-
ables such as tumour diameter, perimeter, area, and shape metrics, which are critical for
assessing tumour size, potential invasiveness and stage [35, 90].

Machine learning in the breast cancer field

Building upon the advancements in Al and machine learning, recent years have wit-
nessed the emergence of powerful tools for medical diagnostics. Machine learning, in
particular, has exhibited significant potential in improving the precision and effective-
ness of disease detection across various medical fields [1, 87]. Machine learning algo-
rithms can analyse enormous quantity of medical data, detecting patterns that may not
be discernible to human clinicians [30]. This capability holds particular importance in
the field of breast cancer, where early detection and accurate diagnosis significantly

impacts patient outcomes [96].
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Ahsan et al. (2022) [4] further elaborates on the groundbreaking potential of machine
learning in breast cancer diagnosis by highlighting various techniques used to develop
models capable of classifying breast cancer with notable accuracy such as Support Vector
Machines (SVM), Fuzzy Logic, K-Means Clustering, and Neural Networks. Fuzzy-Logic-
based systems can replicate the nuanced decision-making processes of radiologists by
achieving accuracy rates around 83.34% while hybrid models combining k-means clus-
tering and SVM have reached accuracies up to 97.38%, showcasing the potential of these
techniques in handling complex datasets [4].

Naji et al. (2021) [64] also explored the potential of detecting breast cancer by applying
five machine learning algorithms. Utilizing the numerical Wisconsin (Diagnostic) Breast
Cancer dataset, their findings highlighted the SVM as particularly effective, attaining
the greatest accuracy in breast cancer prediction and surpassing the other algorithms
in terms of precision and low error rates. Additionally, the study emphasized the sig-
nificance of preprocessing and feature selection procedures in enhancing the model’s
performance, highlighting that the careful selection of relevant features can significantly
improve the predictive capabilities of machine learning models in medical diagnostics
[64].

On platforms like Kaggle, users have extensively explored the Breast Cancer Wiscon-
sin (Diagnostic) dataset, employing diverse strategies to optimize model performance.
These approaches often involve the use of a variety of machine learning algorithms, cou-
pled with advanced optimization techniques such as hyperparameter tuning, to achieve
high accuracies and balanced precision-recall scores. The high-performance metrics
demonstrated by Kaggle users in their analyses of numerical breast cancer datasets make
their models a valuable point of comparison for this study. By analysing these Kaggle
models, insights can be gained regarding the effectiveness and generalizability of various
machine learning techniques for diagnosing breast cancer.

Deep convolutional neural networks (DCNs) also stood out in addressing image-based
datasets, as demonstrated by Geras et al. (2017) [40]. DCNs were utilized for mammog-
raphy screening, addressing challenges like low specificity and high false positive rates.
They modified DCNs for medical image analysis and introduced multi-view deep convo-
lutional networks. This approach analysed mammographic images from multiple views,
such as craniocaudal and mediolateral oblique, to provide a comprehensive assessment
of breast tissue. This multi-view technique improves detection rates and optimizes the
screening process, maintaining critical details without loss of information from down-
sampling, thereby enhancing the accuracy and reliability of mammography screening
[40].

Ahsan et al. (2022) [4] also discussed the role of deep learning (DL) models, such as
long short-term memory (LSTM) and gated recurrent unit (GRU) networks, which
have demonstrated remarkable accuracy rates approaching 99% on well-known datas-
ets like the Wisconsin (Diagnostic) Breast Cancer dataset. While these advancements
underscore the significant capabilities of machine learning algorithms in augmenting
diagnostic accuracy as well as efficiency, the review also notes challenges such as data
imbalance and the need for model interpretability. Addressing these issues is necessary
to guarantee that machine learning algorithm models in healthcare settings are reliable
and generalizable. Overall, the findings suggest that continued research and refinement
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of machine learning algorithms hold promise for revolutionizing breast cancer diagnosis
and treatment [4].

In contrast to the emphasis placed on deep learning architectures such as LSTM and
GRU, this study employs a stacking ensemble approach, integrating various classifiers
to enhance accuracy and robustness. This method allows for the leveraging of diverse
machine learning models, which not only improves predictive performance but also
provides a different avenue for optimizing breast cancer diagnosis. By using stacking
techniques, this study aims to offer a more interpretable and adaptable solution in com-
parison to deep learning approaches, making it more applicable to clinical settings.

Machine learning algorithms and stacking ensemble method

In the realm of machine learning each model often exhibit its own strengths and weak-
nesses which depend on how the model was designed and the characteristics of the data
it is applied to [51]. To take advantage of different models’ strengths, ensemble meth-
ods combine several base models to create a more accurate and dependable prediction
model. One common technique is stacking, where multiple base models are trained,
and their predictions are then combined by a meta-model to make a more accurate final
decision.

Stacking, unlike other ensemble methods that typically build variations of a single base
model, harnesses the complementary strengths of diverse models to enhance predic-
tive performance [62]. As shown in Fig. 1, stacking involves two levels of modelling. At
the first level, multiple base models, known as level-0 models, are trained on the origi-
nal training set. To ensure diversity and maximize the potential benefits of stacking, a
variety of machine learning models are used as base models. The base models’ predic-
tions, referred to as level-O predictions, are then compiled and used as input for the
meta model at the second level. The meta model, also called the level-1 model, can be
any machine learning algorithm and is trained on the base models’ predictions. It learns
how to combine these predictions optimally to output the final prediction [62]. Figure 1
depicts a schematic showing Level 0 base classifiers generating prediction outputs that
are combined and used by the Level 1 meta-classifier to produce the final prediction.

Mahajan et al. (2023) [58] performed a systematic review showing that the application
of hybrid and stacking ensemble algorithms in medical diagnosis improves predictive
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Fig. 1 Architecture of a stacking ensemble learning model
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accuracy across various diseases. For instance, studies on heart disease and skin can-
cer prediction have reported high accuracy rates, with stacking achieving up to 100%
accuracy in certain cases. Additionally, the method has proven effective in diagnosing
chronic conditions such as kidney disease, diabetes, and liver disease, with one study
reporting a 97.1% accuracy rate for chronic kidney disease diagnosis using a stacking
approach [58].

Comparative analyses of ensemble methods indicate that stacking, though less fre-
quently used than bagging and boosting, consistently delivers superior accuracy. This
method has been found to be the most accurate in 82.6% of reviewed cases, under-
scoring its robustness in medical diagnostics. These results underscore the potential of
stacking ensemble methods to enhance early diagnosis and treatment, thereby improv-
ing patient outcomes across a range of medical conditions [58].

This approach often yielded superior performance compared to the individual base
models. Its versatility allowed it to tackle a wide range of problems, and its flexibility
accommodated various base model types. However, overfitting was a problem with
stacking as there are many predictors predicting the same target, and those predictions
are amalgamated into an input for the meta-model [62]. To overcome this, cross-vali-
dation method is used by partitioning the data into k-folds, training and evaluating the
model on each fold, and then iteratively evaluating the model on the remaining fold. This
method helps to combat overfitting by offering a more reliable estimate of model perfor-
mance through averaging performance metrics across iterations, reducing variance in
model evaluation caused by random data splits [26].

The stacking ensemble used in this current study incorporates Support Vector
Machines (SVM), Naive Bayes, and K-Nearest Neighbours (KNN), with two used as base
models and one as the meta-model.

Support Vector Machine (SVM) is a supervised learning model that classifies data by
finding an optimal hyperplane and optimizing the separation between classes. It per-
forms well in high dimensions and handles complex data but can be computationally
intensive and sensitive to tuning [46]. Naive Bayes operates as a probabilistic classi-
fier grounded in Bayes’ theorem, assuming independence among features. It efficiently
calculates class probabilities but may struggle with correlated features and imbalanced
datasets [45, 79]. K-Nearest Neighbours (KNN) assigns class labels to data by consider-
ing the majority class among its k closest neighbours. This algorithm is straightforward
and generally effective, yet its performance can be hindered by large datasets, noise, and
the selection of k. Additionally, it tends to struggle with high-dimensional data [74].

These models were selected based on the results of a comparative study of various
machine learning algorithms for classification tasks conducted by Sheth et al. (2022) [86],
which identifies them as the best performing models. Sheth et al. (2022) [86] analysed
the performance of four classification models: Decision Tree, SVM, Naive Bayes, and
KNN, across five different datasets and found that SVM, Naive Bayes, and KNN were the
most effective algorithms, demonstrating the ability to handle diverse data types. This
result makes them promising candidates for integration into the stacking model used in
this paper, potentially improving diagnostic accuracy in breast cancer detection.

Additionally, while Sheth et al. (2022) [86] identified SVM, Naive Bayes, and KNN
as top performers across multiple datasets, it’s essential to validate their effectiveness
specifically for the Breast Cancer Wisconsin (Diagnostic) dataset. Prior studies have
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demonstrated the efficacy of these models individually on this dataset. For instance, Asri
et al. (2016) [21] utilized SVM, Naive Bayes, and KNN, achieving high accuracy in breast
cancer classification. Similarly, Das et al. (2023) [33] employed these three models, rein-
forcing their applicability in this domain. Islam et al. (2017) [48] focused on SVM and
KNN, while Sharma et al. (2018) [85] used Naive Bayes and KNN, both reporting strong
performance metrics. However, these studies did not explore the potential benefits of
combining these models through stacking. By integrating SVM, Naive Bayes, and KNN
into a stacking ensemble, we aim to leverage their individual strengths and enhance
diagnostic accuracy beyond what each model can achieve alone.

Materials and methods

The dataset utilized in this study is open-source and was retrieved from the University of
California, Irvine (UCI) Machine Learning Repository [99, 100]. It contains 32 features
of cell nuclei characteristics in a digitized image of a fine needle aspirate of a breast mass
for 569 patients from the University of Wisconsin, Madison, Department of Surgery and
Human Oncology. The target variable which contains 357 benign and 212 malignant
cases (diagnosis), and the 10 potential predictors (features) used in this study are pre-
sented in Table 1. All other variables that do not contribute to the study’s objective were
excluded from the analysis.

It is important to note that the dataset does not include demographic or clinical vari-
ables such as patient age, ethnicity, or treatment history. As acknowledge in the limi-
tation section, this constrains the generalizability of the study’s findings to broader or
more diverse populations. However, the dataset remains widely used in the literature for
benchmarking machine learning models in cancer classification due to its quality, con-
sistency, and diagnostic relevance.

Since the dataset originates from a single medical institution, there is potential for
sampling bias and limited population diversity. This could affect the external validity of
the model if applied to different clinical or demographic contexts. To minimize these
effects, the analysis focused exclusively on cellular features rather than population-spe-
cific variables, ensuring that the model’s performance depended solely on morphologi-
cal data. Additionally, cross-validation (10-fold) was employed to ensure that the models
were evaluated on multiple data partitions, reducing the likelihood of overfitting to spe-
cific patterns within the dataset.

Exploratory Data Analysis (EDA) was conducted such as descriptive analysis and data
visualization. Duplicated records and missing values were checked for; the dataset con-
tained no missing values. Using the Inter-Quartile Range (IQR) approach, outliers were
identified and addressed through the Winsorization method to enhance model accuracy,
reduce noise and prevent overfitting.

All assumptions were checked and the relevant transformation was applied to meet
the assumption of normality. Independent samples t-tests were conducted on each fea-
ture to evaluate significant differences in mean values between malignant and benign
cases. Features not demonstrating significant differences were excluded in the modelling
process since they do not contribute significantly to the diagnosis.

A heatmap was generated to examine potential correlations between the dependent
features, assessing multicollinearity issues that could impact model performance and
contribute to overfitting. Simple Binary Logistic Regression (BLR) models were used



Sampson et al. Journal of Electrical Systems and Information Technology

(2026) 13:9

Table 1 Description of breast cancer features should appear here

Description

Id
Target Variable
Diagnosis

Identification number for each image

This denotes whether the digitized
image of the cell nuclei show signs
of being from a benign tumour or a
malignant tumour.

Features

Description

Predictors
Radius

Perimeter

Area

Compactness

Smoothness

Concavity

Concave Points

Symmetry

Fractal Dimension

Texture

The average distance from the centre
(centroid) of a cell nucleus to its
outer boundary points.

The mean of the total length of the
boundary enclosing a cell nucleus.

The mean of the total surface area
enclosed by the nuclear boundary,
calculated as the number of pixels
within the nucleus plus half the
number of pixels on the boundary.
The average quantitative measure of
how closely a cell nucleus resembles
a perfect circle. It is calculated as the
square of the perimeter divided by
the area. Higher values indicate a less
circular shape.

The average measure of the unifor-
mity of a nuclear contour, calculated
by analysing the variation in the
length of radial lines drawn from the
centroid to the boundary.

The average degree to which a cell
nucleus exhibits inward curves or
indentations. It is quantified by mea-
suring the depth of these concavities
relative to the overall nuclear shape.
The average number of distinct in-
ward curves or indentations present
on a nuclear boundary.

The average measure of how evenly
a cell nucleus can be divided into
two mirror-image halves along

its longest axis. It is calculated by
comparing the distances between
perpendicular lines drawn from this
axis to the nuclear boundary.

An average mathematical value that
indicates the complexity and rough-
ness of a nuclear boundary. It is esti-
mated by measuring the perimeter
of the nucleus using different-sized
‘rulers’and analysing the relationship
between ruler size and perimeter
length. Higher values correlate with
more irregular shapes.

The average description of the grey-
scale intensity variations within a cell
nucleus. It is quantified by calculat-
ing the standard deviation of pixel
values.

This table summarizes the features used in the breast cancer dataset. The Target Variable indicates whether a cell nucleus
is from a benign or malignant tumour. The Predictor Variables describe various quantitative characteristics of the nuclei

Page 10 of 24
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on these features that showed high correlation to identify which feature has the great-
est influence on the target variable by observing the Pseudo RZ2. This feature was then
maintained for the model construction. This approach assessed the independent pre-
dictive power of each multicollinear feature, guiding its inclusion in the model-making
process. Additionally, features showing no multicollinearity were maintained for the
model-making process.

Traditional feature selection methods, such as Recursive Feature Elimination (RFE),
were avoided due to their computational expense, risk of overfitting, and potential to
select highly correlated features [52]. Instead, a combination of univariate statistical tests
and multivariate correlation analysis was used, combining the strengths of filter-based
techniques while addressing their limitations. This approach ensured the inclusion of
relevant, independent features and enhanced model robustness. Statistical tests are also
less computationally intensive than iterative methods like RFE, making them a resource-
efficient choice while maintaining rigorous feature selection criteria.

This strategy aligns with recent studies that emphasize efficient handling of high-
dimensional data streams and the use of multi-level filtering to enhance predictive
model performance [22, 23]. Such frameworks highlight the value of computationally
efficient feature management, particularly in medical diagnostics where large and com-
plex datasets require scalable data processing pipelines.

SVM, Naive Bayes and KNN models were developed. To ensure objectivity in model
comparison, three stacking configurations were constructed, where in each case, two of
the algorithms were used as base learners and the remaining one as the meta-classifier.
This rotating meta-classifier design allowed for empirical validation of which model best
combined the base models’ predictions. Stacking ensemble models were constructed
using the StackingClassifier from the sklearn.ensemble library [28, 77].

The selection of SVM, Naive Bayes, and KNN as the algorithms used in this stacking
ensemble was based on both theoretical complementarity and empirical performance.
These three models represent distinct learning paradigms: SVM as a geometric classi-
fier, Naive Bayes as a probabilistic model, and KNN as a non-parametric, instance-based
learner, each capturing unique data characteristics. This diversity is particularly valuable
in stacking, where combining heterogeneous algorithms helps reduce correlated errors
and improve generalization.

SVM performs well in high-dimensional spaces and defines clear class boundar-
ies through margin maximization, while Naive Bayes provides probabilistic robustness
under limited data assumptions [46]. KNN, in contrast, excels at capturing local neigh-
bourhood relationships without requiring distributional assumptions [74]. Together,
their complementary strengths help mitigate one another’s weaknesses such as SVM’s
sensitivity to noise, Naive Bayes’ independence assumption, and KNN’s dependence on
distance metrics, thereby enhancing ensemble robustness.

To validate the models’ performance, k-fold cross-validations were used. The number
of folds was set to ten for each model, striking a balance between overfitting and under-
fitting while ensuring reliable estimates of model performance [49].

To evaluate and compare the stacking models, the following performance metrics were
employed: “accuracy’, which quantifies the proportion of correctly predicted malignant
and benign cases among all evaluated cases; “precision’; which measures how accurately
the model identifies a case as malignant among those predicted to be malignant; “recall’,



Sampson et al. Journal of Electrical Systems and Information Technology (2026) 13:9 Page 12 of 24

which assesses the model’s capability to detect actual malignant cases from all malig-
nant cases present and “F1-Score’; to the show how accurate the model is in its predic-
tions and how comprehensive it is in capturing malignant cases [95]. The mean accuracy,
precision, recall, F1-score, and the Area Under the Receiver Operating Characteristics
Curve (ROC-AUC) for the 10-fold cross validation per model were calculated. ROC
curves and their corresponding mean ROC curves per model were produced to check
model performance.

All analyses were conducted on a local workstation equipped with an Intel® Core™ i5
processor (1.7 GHz), 8 GB RAM, and Windows 11 (64-bit) operating system. No cloud-
based services were used. The models and data analyses were implemented using Python
(version 3.12.4) and R (version 4.3.1), executed via Visual Studio Code (version 1.104)
and RStudio (version 2024.09.0), respectively. Key Python libraries included scikit-learn
(1.4.2), pandas (2.2.2), numpy (1.26.4), scipy (1.13.1), matplotlib (3.8.4), seaborn (0.13.2),
kneed (0.8.5), statsmodel (0.14 2), and PIL (10.4.0). This configuration ensured consis-
tent execution and reproducibility of all analytical processes [37, 78, 93].

To improve processing efficiency, the dataset was handled directly in memory during
analysis, reducing read/write delays and improving computation speed. This approach
aligns with recent research emphasizing efficient in-memory data processing for large
and complex healthcare datasets [84]. Figure 2 illustrates a stepwise workflow of the
main phases of the analysis, including data import, preprocessing, exploratory analysis,
statistical evaluation, individual model development, stacking ensemble construction,
and final model validation.

Results

Exploratory data analysis

The dataset consists of data from 569 patients from the University of Wisconsin, Madi-
son, Department of Surgery and Human Oncology, where 357 (62.7%) cases were benign,
and 212 (37.3%) were malignant. No duplicate records or missing values were detected
in the dataset. Significant outliers were observed and the Winsorization method was
applied to address both malignant and benign outliers.

Table 2 presents a comparison of means and standard deviations for benign and malig-
nant cases based on the 10 cell features listed in Table 1. All features showed higher
means for malignant tumours compared to benign ones, with slight differences observed
in smoothness (Benign: p =0.09, 0 = 0.01; Malignant: g = 0.10, ¢ =0.01) and
symmetry (Benign: p = 0.17, ¢ = 0.02; Malignant: ; = 0.19, ¢ = 0.03) and no dif-
ferences were found in the Fractal Dimension (¢ = 0.06, ¢ = 0.01).

The distribution of the features was observed to be positively skewed thus deviating
from normality. Therefore, the square root transformation was applied to each feature,
resulting in a distribution that appeared closer to normality as shown in Fig. 3. This was

Descriptive Individual Model Model

Machin ackin,; .
and Inferential chine Stacking Validation and

Statistics Learning (Ensemble Evaluation
Model Setup Learning)

Import Dataset
and Setting Up
Environment

Data Exploratory
Wrangling Data Analysis

Fig. 2 Overview of the study methodology
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Table 2 Comparison of averages and standard deviations of cell features between malignant and
benign cases

Features Benign Malignant
Mean Standard Deviation Mean Standard Deviation

Radius 12.15 1.78 17.46 3.20
Perimeter 78.08 11.81 11537 21.85
Area 462.79 134.29 978.38 367.94
Compactness 0.08 0.03 0.15 0.05
Smoothness 0.09 0.01 0.10 0.01
Concavity 0.05 0.04 0.16 0.08
Concave Points 0.03 0.02 0.09 0.03
Symmetry 0.17 0.02 0.19 0.03
Fractal Dimension 0.06 0.01 0.06 0.01
Texture 1791 4.00 21.60 3.78

mean and standard deviations of key cell nucleus features for benign and malignant cases. malignant nuclei generally
show larger size, greater irregularity, and higher concavity, highlighting patterns useful for classification
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transformation, illustrating improved symmetry and reduced skewness
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Table 3 Independent sample t-test of cell features between malignant and benign cases

Features P-Value

Radius < 0.001*
Perimeter < 0.001*
Area < 0.001*
Compactness < 0.001*
Smoothness < 0.001*
Concavity < 0.001*
Concave Points < 0.001*
Symmetry <0.001*
Fractal Dimension 0.98

Texture < 0.001*

*Significant at 5% level of significance

P-values from independent t-tests comparing each cell feature between malignant and benign cases. Features with
p < 0.05 (marked with *) show statistically significant differences, indicating that most nuclear characteristics differ
between the two groups, except for fractal dimension
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Fig. 4 Heatmap of Breast Cancer Features showing Multicollinearity. This figure displays the Pearson correlation
coefficients among all features in the dataset. Higher correlation values indicate stronger linear relationships be-
tween variables. The heatmap highlights potential multicollinearity, supporting decisions related to feature reduc-
tion and model optimization

further validated using the distribution statistics of skewness and kurtosis, where both
values for each feature were close to zero.

Table 3 shows that there exist significant differences between malignant and benign
cases for all features except the average fractal dimension (p=0.98) at the 5% level of
significance. Consequently, the average fractal dimension was excluded in the model-
making process since there is not sufficient evidence to support the claim of significant
difference in means between malignant and benign cases.

Features showing weak to moderate positive correlations were retained for
the stacking model. Figure 4 showed that radius, perimeter, area, compactness,



Sampson et al. Journal of Electrical Systems and Information Technology (2026) 13:9 Page 15 of 24

Table 4 Wald’s test and Pseudo R? of multicollinear features
Features P-Value R2

Simple BLR of features showing perfect correlation with each other

Radius <0.001* 0.8
Perimeter <0.001* 0.8
Area <0.001* 0.81
Compactness <0.001* 049
Concavity <0.001* 0.67
Concave Points <0.001* 0.78

*Significant at 5% level of significance

Results of Wald's tests and corresponding Pseudo R? values for features exhibiting multicollinearity. All listed features show
significant associations (p <0.05) and high Pseudo R? indicating strong linear relationships and potential redundancy
among these predictors in the dataset

Table 5 Performance comparison of stacked models using SVM, Naive Bayes, and KNN as base and
Meta-Classifiers

Model Base models Meta-model Accuracy Precision Recall F1-score

1. - Naive Bayes KNN 0.94 0.97 0.88 0.92
«SVM

2. - Naive Bayes SYM 0.95 0.96 0.90 0.93
« KNN

3. « KNN Naive Bayes 0.92 0.92 0.87 0.89
«SVM

This table compares the predictive performance of stacking models using different combinations of base and meta-
classifiers. Metrics include accuracy, precision, recall, and F1-score. Model 2, using Naive Bayes and KNN as base models with
SVM as the meta-classifier, achieves the highest overall performance, highlighting the effectiveness of this combination for
classifying breast cancer cases

concavity and concave points had perfect and strong positive correlation with each
other (0.7 < r < 1.0). These features were therefore placed in simple BLR models
where “area” showed the highest percentage variation in a patient’s diagnosis, as shown
in Table 4. Hence, amongst the six features, area was retained for the model-making

process.

Modelling

For the KNN base model, k values from 1 to 25 were tested, with 25 selected as a conser-
vative estimate. This aligns with the rule of thumb to use the square root of the sample
size (/569 &~ 24) as an initial estimate for optimal k [83]. The optimal k was found to be
11.

A comparative analysis of the three stacked models, each employing distinct combi-
nations of SVM, Naive Bayes and KNN as base and meta-models is shown in Table 5.
Model 1, with Naive Bayes and SVM as base models and KNN as the meta-model,
achieved an accuracy of 94%. Model 2, using Naive Bayes and KNN as base models with
SVM as the meta-model, achieved the highest accuracy of 95%. Finally, Model 3, with
KNN and SVM as base models and Naive Bayes as the meta-model, reached 92% accu-
racy. Model 2 also showed higher recall, and F1-score, outperforming the other models.

The ROC curves for the 10-folds cross-validation for Stacking Models 1, 2, and 3
showed AUC scores of 0.98 £ 0.02, 0.97 £ 0.03, and 0.96 £ 0.03 respectively as
presented in Fig. 5. The highest AUC scores for each stacking model were 1.00, 1.00, and
0.99, respectively, while the lowest scores were 0.95, 0.91, and 0.91.



Sampson et al. Journal of Electrical Systems and Information Technology (2026) 13:9 Page 16 of 24

ROC Curves for CV of Stacking Model 1 ROC Curves for CV of Stacking Model 2 ROC Curves for CV of Stacking Model 3
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Fig.5 ROC Curves for Cross-Validation of Stacking Models. ROC curves showing the performance of stacking mod-
els across cross-validation folds. AUC values indicate each model’s overall classification accuracy and robustness
Discussion

Breast cancer remains a global health concern, representing the most common cancer
diagnosis among women and a major contributor to cancer-related deaths worldwide
[89]. While it is less prevalent in men, the challenges in early detection are more pro-
nounced, often resulting in delayed diagnoses and poorer prognoses [97]. These com-
plexities necessitate advancements in diagnostic approaches, highlighting the critical
role of predictive models that leverage diverse data sources, such as imaging and omics.
By integrating robust machine learning frameworks like stacking ensembles, this study
contributes to the expanding corpus of research that emphasizes improved accuracy and
early detection [30].

Despite advancements in breast cancer diagnosis, traditional methods like biopsies
and imaging still face limitations. Biopsies, while essential for histopathological confir-
mation, are invasive procedures that can result in discomfort or complications, such as
bruising, for patients [60]. Imaging methods such as mammography, ultrasound, and
MRYI, though crucial for detecting breast cancer, have their own drawbacks. For exam-
ple, mammography can lead to false positives and false negatives, which might cause
unnecessary anxiety, follow-up procedures, or even delayed treatment in some cases
[76]. When paired with modern technologies, these methods gain new potential. For
instance, integrating Al into imaging has shown improved sensitivity and specificity,
reduced false-positive rates and enhanced early detection accuracy [34, 56].

Building upon the advancements of Al in enhancing sensitivity and specificity, this
study contributed to existing knowledge by integrating SVM, Naive Bayes, and KNN into
a stacking ensemble framework. Sheth et al. (2022) [86] demonstrated the complemen-
tary strengths of these algorithms: SVM excels in handling high-dimensional data and is
effective for classification tasks that involve complex boundaries, Naive Bayes provides
a probabilistic framework that efficiently processes both discrete and continuous data,
and KNN is adept at capturing local data patterns due to its reliance on feature similarity
[45, 46]. Together, these algorithms addressed key challenges in breast cancer diagnosis,
such as varying feature distributions and the need for precise classification. By combin-
ing these algorithms in a stacking model, this study harnesses their unique advantages,
achieving improved diagnostic accuracy, as demonstrated by Model 2’s leading perfor-
mance metrics. This ensemble approach not only supports the findings of Sheth et al.
(2022) [86] but also builds on similar studies that have successfully utilized the three
models mentioned, demonstrating their effectiveness in clinical applications [21, 48, 64].
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By advancing their combined application, it illustrates how such model integrations can
provide robust, interpretable results, enhancing diagnostic processes in healthcare.

However, it is important to note that although previous studies using the Breast Can-
cer Wisconsin (Diagnostic) dataset have applied algorithms such as SVM, Naive Bayes,
and KNN either individually or in limited combinations, relatively few have explored the
specific stacking configuration implemented in this study in which two models function
as base learners and the third as a meta-learner. This configuration, coupled with the
rigorous feature selection and cross-validation procedures applied, represents a method-
ological refinement that distinguishes our approach from prior ensemble-based studies.

Unlike bagging and boosting techniques, which primarily aim to reduce variance or
bias by iteratively resampling data or reweighting misclassified instances, stacking
focuses on meta-learning, that is, combining diverse base models that capture different
structural patterns within the data. Bagging methods such RF, aggregate homogeneous
models to stabilize predictions, while boosting such as Gradient Boosting, sequentially
improves weak learners. In contrast, stacking exploits the complementarity among het-
erogeneous classifiers such as the geometric decision boundaries of SVM, the probabi-
listic reasoning of Naive Bayes, and the instance-based adaptability of KNN to capture
nonlinear relationships that single or homogeneous ensemble methods may overlook.

By optimizing this heterogeneous integration, the present study demonstrates that
stacking can yield improved diagnostic robustness and generalization across varying
data partitions. Furthermore, the approach effectively addresses challenges inherent in
biomedical classification tasks, such as class imbalance and the interpretability of multi-
model predictions. This methodological contribution emphasizes that the intelligent
design of stacking ensembles, beyond conventional bagging or boosting, can enhance
both the accuracy and reliability of predictive models in breast cancer diagnosis.

Stacking ensembles, while powerful, are susceptible to overfitting. This risk is height-
ened when integrating diverse base learners, as biases can be amplified if not carefully
managed. To combat this, 10-fold cross-validations were implemented to evaluate the
model’s performance on various data subsets, helping to identify and mitigate overfit-
ting. Another risk to the stacking models was multicollinearity, which negatively impacts
the performance of the model [5, 43, 47]. Features with strong correlations were anal-
ysed individually to guarantee the inclusion of only the most informative predictors in
the three stacking models. From Table 4, “Area” emerged as the most informative fea-
ture, aligning with research by Abdalla et al. (2009) [2], which links size-related features
to aggressive tumour behaviour and poorer survival outcomes. This result is further sup-
ported by studies emphasizing the importance of nuclear morphometry in distinguish-
ing benign from malignant cases, reinforcing the clinical significance of this feature in
breast cancer diagnostics [50, 66].

Acknowledging the importance of nuclear morphometry in breast cancer diagnosis,
this study highlights the advantages of stacking ensemble models over both traditional
diagnostic techniques, such as Fine Needle Aspiration Cytology (FNAC) and mammog-
raphy. FNAC has been widely used to diagnose breast lesions, with reported diagnostic
accuracy ranging from 75% to 94.7% as well as varying sensitivity ranging from 74.1%
to 92.3% depending on lesion characteristics and clinical contexts [39, 91]. Mammogra-
phy, another traditional diagnostic method, has an overall sensitivity of 87%, though this
increases for women over 50 or those with fatty breasts. However, it is less effective for
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dense breast tissue, often necessitating supplementary techniques for accurate diagnosis
[53]. In comparison, the Stacking Model 2 achieved a remarkable 95% accuracy and 90%
recall (sensitivity), significantly outperforming these conventional methods. This aligns
with findings where stacking ensembles reached up to 99.45% accuracy, demonstrating
their ability to incorporate the advantages of base models like KNN and Naive Bayes
while addressing challenges such as feature variability and bias [55, 57].

In contrast to the approach adopted by Kumar et al. (2022) [55], this study took a more
focused and methodical route in feature selection and model design. Kumar et al. (2022)
[55] utilized all 30 features from the Wisconsin Breast Cancer dataset (including mean,
standard error, and worst measurements) and incorporated the target feature, diagno-
sis, in their heatmap analysis. This heatmap used the Pearson correlation coefficient,
which assumes that the variables of interest are measured on a continuous scale [36].
However, diagnosis is a discrete feature, making its inclusion in the heatmap potentially
problematic and a source of bias. This study, on the other hand, concentrated solely on
the 10 mean features and excluded the target variable from such correlation analyses,
ensuring a streamlined model with enhanced interpretability. Additionally, while Kumar
et al. (2022) [55] relied on Feature Importance scores for feature selection, this study
addressed multicollinearity among features through a rigorous Binary Logistic Regres-
sion (BLR) analysis, retaining only the feature with the highest predictive power. This
approach ensured robustness by mitigating issues related to collinearity, which were not
explicitly addressed in Kumar et al’s (2022) [55] work.

Additionally, Kumar et al. (2022) [55] explored a broader range of algorithms—10 in
total, including advanced techniques like Gradient Boosting, XGBoost, and CatBoost—
culminating in an Optimized Stacking Ensemble Learning (OSEL) model. This model
was optimized using a genetic algorithm to identify the best combination of classifiers.
Despite their effectiveness, genetic algorithms are notoriously expensive to compute,
which may limit their applicability in settings with limited resources [88, 94]. In con-
trast, this study emphasized comparative simplicity and clarity, constructing three dis-
tinct stacking models using SVM, Naive Bayes and KNN as base and meta-classifiers,
and then directly comparing their performances. While Kumar et al's OSEL achieved
a remarkable 99.45% accuracy, this study’s Stacking Model 2 demonstrated competitive
performance with 95% accuracy and 90% recall. By employing a less computationally
intensive methodology, this study offers a practical and accessible framework for breast
cancer diagnosis, particularly suitable for resource-constrained settings or scenarios pri-
oritizing model interpretability.

While achieving high predictive accuracy is critical, this study’s contribution extends
beyond numerical performance. The stacking ensemble developed here advances
the field by offering a clinically interpretable, computationally efficient, and resource-
accessible framework for breast cancer diagnosis. In contrast to deep learning or com-
plex hybrid methods that often require extensive data preprocessing, high-end GPU
infrastructure, or opaque decision-making processes, this study’s model emphasizes
transparent and explainable learning, enabling clinicians and health data specialists to
understand which morphological features most influence diagnostic outcomes.

Moreover, by demonstrating that a rigorously validated stacking model, built from
heterogeneous yet complementary algorithms (SVM, Naive Bayes, and KNN), can
achieve competitive performance using only standard clinical features and modest
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computational resources, this study supports the translation of AI diagnostics into real-
world healthcare environments, including low- and middle-income settings where
access to advanced technologies may be limited. This practical adaptability represents a
significant advancement over previous research that prioritized maximal accuracy at the
expense of interpretability and scalability.

Importantly, this work reframes the role of ensemble learning in oncology, not merely
as a tool for predictive optimization, but as a bridge between algorithmic sophistica-
tion and clinical utility. The methodological framework presented here can be extended
to other diagnostic domains, encouraging the adoption of accessible, transparent, and
high-performing Al tools in evidence-based medicine.

When comparing the stacking ensemble approach to other Al methods, its perfor-
mance is notable in both diagnostic accuracy and practical application. Methods like
the GoogLeNet-based deep learning framework, classified breast lesions in ultrasound
images with an accuracy of approximately 90% and a sensitivity of 86% though it still
required radiologists to manually identify regions of interest before classification [42].
Despite the GoogLeNet model’s high specificity (95%), its reliance on a large dataset of
7,408 ultrasound images and significant computational resources, including an NVIDIA
K40 GPU and extensive preprocessing, may have limited its practical deployment
in diverse healthcare environments, especially resource-constrained settings where
advanced hardware and radiological expertise for manual region selection are not read-
ily available [42]. In contrast, Stacking Model 2 offers a balance between high diagnostic
accuracy and moderate computational complexity, making it feasible for implementa-
tion even on standard CPUs (Central Processing Units), without requiring advanced
GPUs (Graphics Processing Units), extensive infrastructure or reliance on radiologists
for manual region selection. Its ability to effectively identify malignant cases, as evi-
denced by its higher recall, underscores its potential for public health applications where
early and accurate detection is crucial. This adaptability ensures its utility across diverse
healthcare environments, including those with limited computational resources.

The demonstrated efficacy of stacking ensemble models in improving diagnostic preci-
sion has significant implications for public health. The enhanced performance of Model
2 minimizes diagnostic errors, enabling timely and precise treatment decisions critical
for improving survival rates, particularly in environments with constrained access to
advanced imaging technologies, where early and accurate diagnoses play a pivotal role
[6, 24].

The model’s higher recall and precision can lead to more accurate identification
of high-risk patients, ensuring that those most in need receive the most effective, tar-
geted treatments, thereby improving patient outcomes. As a result, unnecessary treat-
ments can be reduced, side effects can be minimized, and ultimately survival rates can
be improved.

Scalability based on regional variations and data availability could significantly
enhance machine learning models, particularly in addressing diagnostic disparities in
low- and middle-income countries (LMICs) such as Latin America and the Caribbean.
The highest breast cancer mortality rates are consistently reported in LMICs [24, 38,
59, 92]. By leveraging digital medical records, radiological images, and other data types,
these models can provide reliable diagnostic support, thus narrowing healthcare dispari-
ties [63]. The best stacking ensemble model used in this study demonstrated significant
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improvements in breast cancer prediction, achieving higher accuracy and recall com-
pared to conventional methods. This adaptability ensures that machine learning solu-
tions can integrate with existing healthcare systems, facilitating timely diagnoses and
treatment planning, which are critical for improving patient outcomes.

Limitations and recommendations

This research acknowledges potential limitations that may have influenced the study’s
outcomes and conclusions. Moreover, recommendations are offered to address these
limitations and guide future studies in enhancing the validity and applicability of the
findings.

Limitations

+ The study relied on a single dataset, limiting the generalizability of the findings. The
Wisconsin Breast Cancer dataset was recorded specifically for the research by W. H.
Wolberg et al. (1994) [98]. The data may have been oversimplified due to limitations
in computational power and imaging technologies at the time.

+ There may be bias in results due to disparity in classification between benign and
malignant cases, which could influence the models toward the majority class
(benign), potentially resulting in a lower detection rate for malignant cases [27].

o The demographic and geographic specificity of the dataset restricts the
generalizability of the findings to diverse populations, as the dataset lacks detailed
demographic and racial composition data.

Recommendation

» To improve the validity and generalizability of future studies, it is recommended to
validate findings using multiple datasets, ideally more recent ones, to enhance data
accuracy and depth.

+ Addressing potential class imbalance in the dataset, such as through oversampling or
adjusting class weights, could improve detection rates for malignant cases.

o Future research should focus on using datasets with more comprehensive
demographic information to ensure broader applicability of the findings across
diverse populations.

Conclusion

This study explored the application of stacking ensemble methods to enhance the pre-
diction and diagnosis of breast cancer, a critical area in medical research due to the dis-
ease’s prevalence and impact. By integrating SVM, Naive Bayes and KNN algorithms,
three distinct stacking models were developed using the StackingClassifier from sklearn.
ensemble. The models’ performance was assessed using essential evaluation metrics to
identify the most effective approach for breast cancer prediction.

From a public health perspective, the demonstrated effectiveness of Stacking Model 2
in achieving high diagnostic accuracy (95%) and recall (90%) addresses critical challenges
in early breast cancer detection. These metrics reflect the model’s ability to minimize
missed malignant cases, which is pivotal in ensuring timely treatment and improv-

ing survival rates. Moreover, the model’s adaptability to diverse healthcare settings,
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including those with limited computational resources, makes it an accessible tool for
reducing diagnostic disparities in low- and middle-income countries, where breast can-
cer mortality rates remain disproportionately high. By facilitating early and accurate
detection, the model contributes to better health outcomes, especially in resource-con-
strained environments.

The observations made in this study underscore the potential of stacking ensemble
methods to improve breast cancer prediction, offering a promising direction for devel-
oping more accurate and reliable diagnostic tools. More in-depth research is vital to
refine these models for broader clinical integration, enhancing their applicability across
diverse healthcare settings and advancing early detection and treatment strategies for

improved patient outcomes.
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