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Abstract

This study compares classical Machine Learning (ML) models Logistic Regres-
sion, Random Forest, and Support Vector Machine with a Hybrid Voting
Classifier and an enhanced Deep Neural Network (DNN) for breast cancer classifi-
cation using the Breast Cancer Wisconsin dataset. In comparison to conventional
models, the DNN greatly increases classification accuracy when tuned using
dropout and batch normalization techniques. We evaluate each model’s perfor-
mance using metrics such as accuracy, precision, recall, F1 score, and AUC. A
radar chart visually presents the comparative results, highlighting the strengths
and weaknesses of each approach. Our findings emphasize the effectiveness of
deep learning in medical diagnostics while showcasing the competitive perfor-
mance of traditional methods. This research contributes valuable insights into
model selection for enhanced breast cancer detection and diagnosis.
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1 Introduction

One of the the main causes of death globally is breast cancer, which makes the creation
of efficient diagnostic instruments necessary. Early detection significantly improves
treatment outcomes and survival rates, underscoring the need for accurate predic-
tive models[1]. Traditional methods for breast cancer classification primarily rely on
clinical evaluations and histopathology examinations, which can be subjective and
time-consuming. Recent advancements in Machine Learning (ML) have demonstrated
great potential to increase breast cancer diagnosis efficiency and accuracy. Various
traditional ML models, such as Logistic Regression (LR), Random Forest (RF), and
Support Vector Machines (SVM), have been employed to analyze complex datasets,
offering a foundation for further innovation[2][3].

Moreover, the emergence of Deep Learning (DL) techniques, particularly Deep
Neural Networks (DNNs), has opened new avenues for achieving superior classification
performance. This study employs a comprehensive approach to compare traditional
ML approaches with a Hybrid Voting Classifier and an enhanced DNN model[4], con-
centrating on how well they were able to categorize breast cancer using the Breast
Cancer Wisconsin dataset. The limitations of traditional methods have raised inter-
est in employing machine learning to diagnose breast cancer. ML holds the potential
to significantly increase diagnostic accuracy and efficiency by automatically analyzing
vast amounts of complex data, such as mammograms, ultrasound images, and even
histopathological slides.

Recent developments in machine learning have shown promise in automating
the diagnosis of breast cancer. Image-based diagnostics has benefited greatly from
DL, a kind of ML that uses multi-layered neural networks. For instance, Convolu-
tional Neural Networks (CNNs) have proven to be more effective than conventional
computer-aided detection systems in identifying cancers with greater accuracy and
fewer false positives when used to analyze mammography and ultrasound pictures[5].
A number of traditional machine learning models have been used to diagnose breast
cancer, laying the groundwork for further advancements in this area.

When paired with other strategies or feature selection techniques, LR can still pro-
vide insightful information despite its drawbacks, such as the presumption of linearity
across variables. Manual feature extraction is no longer necessary because deep learn-
ing models can automatically learn hierarchical features from raw data. More precise
and effective diagnostic instruments have resulted from this, especially in the field of
medical imaging. Studies have demonstrated that CNNs do exceptionally well in iden-
tifying and categorizing breast cancer from mammograms, with accuracy levels on par
with or higher than those of radiologists.

In order to differentiate between benign and cancerous tissues, these models learn
to recognize low-level elements like edges and textures and then gradually combine
them into higher-level patterns. Large datasets can be used to train DL models,
which improves their generalization across various imaging devices and patient groups.
Building generalizable models requires that datasets have a broad range of patient
demographics and tumor features, and labeled data is essential for supervised learn-
ing. The creation of ML models is also heavily influenced by ethical and data privacy
issues, particularly in healthcare settings.
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The results obtained from the evaluation of various models reveal notable differ-
ences in performance metrics such as accuracy, precision, recall, F1 score, and AUC.
The DNN model, enhanced through the addition of dropout layers and batch normal-
ization, exhibited improved accuracy and robustness[6], suggesting that more complex
architectures can capture intricate patterns in the data that simpler models may
overlook. The Hybrid Voting Classifier, which leverages the strengths of multiple algo-
rithms, also demonstrated commendable results, highlighting the potential of ensemble
methods in achieving high performance in medical diagnostics.

The Hybrid Voting Classifier, which leverages the strengths of multiple algorithms
(e.g., Decision Trees (DT), SVM, and LR), also demonstrated commendable results.
By combining predictions from multiple classifiers[7], this ensemble method minimized
individual model biases and reduced variance, resulting in a more balanced perfor-
mance across different metrics. Notably, the Hybrid Voting Classifier achieved a high
F1 score and recall, highlighting its suitability for applications where minimizing false
negatives is critical, such as early breast cancer detection. These results highlight
how ensemble approaches can achieve excellent performance in medical diagnostics,
where a single classifier might find it difficult to capture the subtleties of complicated
datasets.[15].

Beyond model performance, computational efficiency and interpretability were
also considered as secondary evaluation criteria. While DL models like DNNs offer
high accuracy, they are computationally intensive and often lack transparency in
their decision-making process, which may limit their applicability in time-sensitive
or resource-constrained clinical settings. In contrast, traditional models and ensem-
ble methods, while sometimes less accurate, are computationally more efficient and
can offer clearer, rule-based insights that clinicians can interpret more easily. The
Hybrid Voting Classifier, for instance, strikes a balance between interpretability and
performance, making it a viable option for settings where both accuracy and model
transparency are prioritized[8].

The results of this study not only add to the body of knowledge on the classifica-
tion of breast cancer, but they also offer researchers and doctors useful information for
choosing the best predictive models. As the healthcare sector continues to integrate
AI-driven solutions, the insights gained from this research underscore the importance
of utilizing advanced machine learning techniques to enhance early detection and
treatment planning for breast cancer patients.

This paper is structured as follows: Section 2 provides a literature review related to
the research topic. Section 3 outlines the methodology, introduces the research design.
Section 4 presents the results and discussion and Section 5 conclude the paper.

2 Literature review

A recent study by Zuo et al.[9] compared various models for breast cancer prediction,
including LR, and found that while LR achieved reasonable results, it struggled to
capture nonlinear relationships in the data, leading to lower accuracy compared to
more complex models. RF an ensemble method that combines multiple DT to enhance
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robustness and reduce overfitting, has shown strong performance in breast cancer clas-
sification, particularly with high-dimensional data. As noted by Zhang et al.[10], RF
is effective in handling class imbalances and noisy data, which are common challenges
in medical datasets[11]. Sharma and Kumar’s research investigated the application of
SVM with a radial basis function (RBF) kernel for the identification of breast cancer,
showing notable enhancements in recall and precision when paired with feature selec-
tion methods[12]. Singh et al.[13] investigated a hybrid ensemble model combining LR,
RF, and SVM for breast cancer detection. Their findings revealed that the hybrid vot-
ing classifier outperformed individual models in terms of F1 score and AUC, suggesting
that combining models can help mitigate the weaknesses of individual classifiers.
Additionally, techniques like dropout and batch normalization were implemented to
enhance the performance of DL models. The authors also highlighted the importance
of using AUC as a key evaluation metric for imbalanced datasets, as it measures
classifier performance across different threshold values. Saito and Rehmsmeier[14] dis-
cussed the value of AUC in model selection, especially in critical fields like medical
diagnostics, where false negatives can have serious consequences.

3 Methodology

In this section, we explained the method we employed in our work to use ML techniques
to classify breast cancer. Data preprocessing, model selection, training, assessment,
and hyperparameter adjustment are all included in the methodology. We employed
both traditional ML algorithms and a DL approach to ensure comprehensive results.

3.1 Dataset Description

The foundation of this research is the Breast Cancer Wisconsin dataset, it includes
a variety of characteristics taken from digital pictures of breast mass fine needle
aspirations (FNA). The following are included in the dataset:

A binary target variable indicating whether the tumor is benign (0) or malignant

The dataset was sourced from the UCI ML Repository and is widely recognized as
a benchmark for breast cancer classification tasks.

The DNN architecture comprises multiple layers, allowing for complex feature
extraction from the input data. The model is built using Dense layers with activation
functions, Batch Normalization for faster convergence, and Dropout layers to prevent
overfitting.

Once the models are trained, they are evaluated using a separate test dataset to
assess their generalization capability. Accuracy, precision, recall, F1 score, and the
Area Under the Curve (AUC) are among the evaluation metrics used to quantify
each model’s performance. With accuracy reflecting overall classification correctness,
precision and recall assessing the balance between false positives and false negatives,
F1 score providing a harmonic mean of precision and recall, and AUC measuring
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Algorithm 1 Deep Neural Network (DNN) Architecture for Binary Classification

1: Initialize the model architecture
2: Add a Dense layer: 256 units with ReLU activation
3: Apply Batch Normalization for faster convergence
4: Include a Dropout layer: set dropout rate to 0.5 to reduce overfitting
5: Add a Dense layer: 128 units with ReLU activation
6: Apply Batch Normalization
7: Add a Dropout layer: set dropout rate to 0.5
8: Add a Dense layer: 64 units with ReLU activation
9: Include an Output layer: Dense layer with sigmoid activation (1 unit)

10: Compile the model:
11: Optimizer: Adam
12: Loss function: Binary Cross-Entropy
13: Metrics: Accuracy
14: Train the model on the dataset: Specify batch size and number of epochs

the model’s capacity to distinguish between benign and malignant tumors across
various decision thresholds, these metrics offer a thorough understanding of model
performance.

The methodology presented here outlines a systematic process for breast cancer
classification using a combination of traditional ML techniques and DL models. By
integrating models such as LR, RF, SVM, and a DNN, we aim to leverage the strengths
of each approach to achieve robust and reliable performance in cancer detection. In
addition to offering a thorough examination of classification performance, this multi-
model technique aids in resolving issues like class imbalance and noisy data, which are
prevalent in medical datasets.

Ultimately, the purpose of this study is to add to the expanding corpus of
knowledge in the field of medical diagnostics by providing insightful information on
model selection and performance evaluation for breast cancer diagnosis. By comparing
traditional ML models with state-of-the-art DL techniques, we provide a clear under-
standing of which approaches are most effective for early diagnosis and prediction,
thereby aiding healthcare professionals in choosing the best tools for accurate breast
cancer diagnosis. The comparative results will help guide future research and support
the development of more efficient and reliable diagnostic systems.

4 Result and Discussion

In this section, using the Breast Cancer dataset, we display the performance char-
acteristics of several models. Accuracy, precision, recall, F1 Score, and AUC (Area
Under the Receiver Operating Characteristic Curve) are among the parameters that
are assessed. The results are summarized in Table 1.

Several models were employed, each exhibiting varying degrees of performance.
With a 95.61% accuracy rate, the LR model produced excellent results. It obtained
an F1 Score of 96.55% after achieving precision of 94.59% and recall of 98.59%. The
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Table 1 Performance Metrics

Model Accuracy Precision Recall F1 Score AUC

Logistic Regression 0.96 0.95 0.99 0.97 0.99
Random Forest 0.96 0.96 0.99 0.97 0.99
SVM 0.95 0.92 1.00 0.96 0.99
Hybrid Voting
Classifier

0.96 0.95 1.00 0.97 0.99

DNN 0.97 0.96 1.00 0.98 0.99

model’s outstanding performance in differentiating between the positive and nega-
tive classes is indicated by its AUC of 99.77%. The simplicity and interpretability
of LR are key factors in healthcare contexts where it is critical to comprehend the
decision-making process. However, its effectiveness in more complicated datasets may
be limited by its reliance on linear decision boundaries, which calls for the investiga-
tion of alternative models that are capable of capturing complex relationships. Fig 1,
Fig 2, and Fig 3 further illustrate key aspects of model performance.

Fig. 1 Loss Percentage over Epochs during Training

As shown in Fig 1, the loss percentage steadily decreases as the models train, with
the DNN converging faster than the other models.

Fig 2 displays a radar chart comparing various models across key performance met-
rics. The chart highlights that the DNN and Hybrid Voting Classifier are balanced in
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terms of all metrics, while the SVM, despite having perfect recall, exhibits lower preci-
sion. Fig 3 provides the confusion matrices for each model. The matrices demonstrate
that while most models perform well.

The RF model, a widely-used ensemble learning technique, achieved an impressive
accuracy of 96.49%. With a precision of 95.89% and a recall of 98.59%, it delivered a
robust F1 Score of 97.22%, alongside an AUC of 99.53%. One of the key advantages of
RF is its ability to prevent overfitting by aggregating predictions from multiple DT.
This feature enhances the model’s ability to handle data variability, making it more
resilient and reliable. When compared to LR and RF demonstrated slightly better
precision and F1 Score, suggesting its superior ability to reduce false positives. This
makes RF particularly valuable in high-stakes environments like healthcare, where
diagnostic accuracy is crucial.

Fig. 2 Radar Graph Representing Model Performance Across Different Metrics
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Fig. 3 Confusion Matrix Displaying Classification Results

On the other hand, the SVM model obtained a perfect recall of 100%, a precision
of 92.21%, and an accuracy of 94.74%. An important benefit in medical diagnostics
is that the model was able to accurately identify every positive case of breast cancer,
without missing any. Nonetheless, its F1 Score of 95.95% shows that precision and
recall are balanced, with a larger proportion of false positives being associated with
poorer precision. The SVM’s comparatively lesser precision may provide difficulties
in situations where false positives could result in needless patient worry or intrusive
testing, highlighting the trade-offs in its use even with a strong AUC of 99.34%. The
Hybrid Voting Classifier, which combines predictions from multiple models, demon-
strated a comparable accuracy of 96.49%. It achieved a precision of 94.67% and a
recall of 100%, resulting in an F1 Score of 97.26% and an AUC of 99.80%. The ensem-
ble nature of the Hybrid Voting Classifier enhances its robustness, drawing on the
strengths of several individual models to optimize overall performance. This approach
strikes a good balance between minimizing both false positives and false negatives,
making it a highly reliable option for breast cancer detection. By leveraging multiple
models, it can offer better generalization and overcome some of the limitations seen
with standalone classifiers.

Among all models evaluated, the DNN emerged as the most proficient, achieving an
accuracy of 97.37%. With a precision of 95.95% and perfect recall of 100%, the DNN
produced an F1 Score of 97.93% and an AUC of 99.90%. The DNN’s architecture,
consisting of multiple hidden layers, allows it to learn complex patterns within the
data, which is particularly advantageous in high-dimensional datasets like those often
encountered in medical diagnostics. Its remarkable recall indicates high sensitivity to
true cancer cases, which is vital in ensuring that no positive cases are missed. The
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DNN’s strong precision further suggests its efficacy in minimizing false positives, a
critical factor when making clinical decisions.

A comparative analysis of the models reveals that the DNN outperformed tradi-
tional ML algorithms in various aspects. While the SVM showcased perfect recall, its
lower precision indicates a need for careful evaluation, particularly in contexts where
false positives may lead to significant implications. The RF and Hybrid Voting Classi-
fier present a balance between recall and precision, making them attractive alternatives
for breast cancer prediction. The results indicate that the performance of these models
underscores the necessity of selecting appropriate evaluation metrics based on the spe-
cific requirements of the application, particularly in sensitive domains like healthcare,
where the implications of diagnostic decisions are profound.

Several factors, such as overall accuracy, precision, recall, F1 Score, and AUC,
served as a guide for the model selection process in this investigation. In addition, inter-
pretability, computational efficiency, and complexity were taken into account while
choosing the best model for predicting breast cancer. The LR model, while simpler
and easier to interpret, may fall short in performance compared to more complex mod-
els like the DNN. Conversely, the DNN’s ability to capture intricate relationships in
data comes at the cost of interpretability, which can be a concern in clinical settings
where stakeholders may require clear explanations of the decision-making process. ML
in healthcare continues to evolve, future work should focus on refining these models
further, integrating additional techniques such as hyperparameter tuning, feature engi-
neering, and selection to enhance robustness. Implementing ensemble methods that
combine the strengths of various models may also contribute to improved performance.
Additionally, further exploration into the interpretability of complex models like DNNs
can aid in their acceptance in clinical practice, ensuring that medical professionals can
understand and trust the predictions made by these systems.

5 Conclusion

Using the breast cancer dataset, this study concludes by showing how well ML mod-
els predict breast cancer. With the best accuracy of 97.37% of the models tested, the
DNN demonstrated a significant capacity to spot intricate patterns in medical data.
Impressive results were also shown by the RF and Hybrid Voting Classifier, high-
lighting the potential of ensemble approaches to improve diagnostic accuracy while
preserving robustness.

Although LR showed commendable performance, its simplicity may limit its effec-
tiveness in more complex scenarios. The trade-offs between sensitivity and specificity
were brought to light by the SVM, despite its exceptional recall. Overall, the results
encourage ongoing progress through feature selection and hyperparameter adjustment,
supporting the incorporation of sophisticated ML approaches into clinical practice.
Future studies should concentrate on improving these models even more, ensuring
they are interpretable and generalizable, thereby fostering trust and acceptance among
healthcare practitioners in real-world applications.
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