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Abstract

Breast cancer remains a critical global health concern, necessitating
advanced and accurate diagnostic tools. This study introduces an
Ensemble Neuro-Fuzzy Algorithm (ENFA) designed for the detection
and classification of breast cancer. In the background, we address the
limitations of existing methods, emphasizing the need for enhanced
accuracy and interpretability in diagnostic models. The methodology
involves the fusion of neuro-fuzzy systems within an ensemble
framework, leveraging the complementary strengths of both neural
networks and fuzzy logic. The primary contribution lies in the
development of a robust ENFA, which not only improves diagnostic
accuracy but also provides interpretable insights into decision-making
processes. The ensemble nature of the algorithm enhances resilience
and generalization across diverse patient profiles. Experimental results
demonstrate superior performance compared to existing methods,
showcasing heightened sensitivity and specificity in breast cancer
detection. The findings underscore the potential of ENFA as a reliable
tool for early and accurate breast cancer diagnosis. This research
signifies a significant step towards advancing the efficacy of
computational models in medical diagnostics.
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1. INTRODUCTION

In recent decades, the exponential growth of data-driven
technologies has spurred unprecedented advancements in various
domains, including healthcare [1]. One critical facet of medical
research involves the development of accurate and efficient
diagnostic tools for early disease detection [2]. Among the
numerous health challenges, breast cancer stands out as a
significant global concern, necessitating innovative approaches to
enhance detection and classification methodologies [3].

Despite the progress in medical imaging and diagnostic
techniques, challenges persist in achieving optimal accuracy,
especially in complex and uncertain medical scenarios [4].
Conventional diagnostic approaches may exhibit limitations in
handling the intricate patterns and variations inherent in breast
cancer data [5]. Hence, there is a need to integrate advanced
computational models capable of handling the inherent
uncertainty and complexity of medical datasets [6].

The nature of breast cancer presents challenges for accurate
and timely diagnosis [7]. These challenges include variability in
tumor characteristics, subtle patterns that may evade human
perception, and the need for interpretable decision-making
processes [8]. Conventional methods may struggle to navigate
these challenges, leading to potential misdiagnoses or delays in
treatment initiation [9].
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The primary problem addressed in this research is the
inadequacy of existing diagnostic tools in effectively handling the
complexities of breast cancer detection and classification. The
research aims to develop a novel algorithmic framework that not
only enhances accuracy but also provides interpretable insights
into decision-making processes, crucial for gaining trust and
acceptance in the medical community.

The objective of this study is to design, implement, and
evaluate an Ensemble Neuro-Fuzzy Algorithm tailored for breast
cancer detection and classification. Specific objectives include:

» To develop an algorithmic framework that combines the
strengths of neural networks and fuzzy logic to enhance the
model’s ability to handle complex and uncertain medical
data.

* To implement an ensemble approach to improve the
robustness and generalization capabilities of the algorithm
across diverse patient profiles, mitigating the impact of data
variability.

» To achieve superior diagnostic accuracy compared to
existing methods, particularly in terms of sensitivity and
specificity, crucial metrics for effective breast cancer
detection.

This study aims to address these concerns through the
introduction of an Ensemble Neuro-Fuzzy Algorithm (ENFA)
tailored for breast cancer detection and classification. The novelty
of this research lies in the fusion of neuro-fuzzy systems within
an ensemble framework, offering a unique solution to the
challenges posed by breast cancer diagnostics. The algorithm’s
ability to provide interpretable insights into decision-making
processes contributes to the trustworthiness of the model in
clinical applications. The ensemble approach further enhances the
algorithm’s resilience and adaptability, marking a significant
advancement in the field of computational models for medical
diagnostics.

2. RELATED WORKS

The breast cancer detection has witnessed a surge in research
endeavors leveraging computational intelligence. Existing
literature reveals a spectrum of methodologies ranging from
traditional machine learning to deep learning approaches. A
comprehensive exploration of these approaches provides valuable
insights into the evolution of breast cancer diagnostic tools [10].

Earlier studies predominantly utilized traditional machine
learning algorithms such as Support Vector Machines (SVMs)
and Decision Trees for breast cancer classification. While these
methods exhibited reasonable performance, they often struggled
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with handling the intricate and non-linear relationships present in
complex medical datasets. The limitations in interpretability and
adaptability prompted the exploration of more sophisticated
techniques [11].

The incorporation of fuzzy logic in medical diagnostics
brought forth interpretability, offering a bridge between
traditional rule-based systems and the complexity of medical data.
Fuzzy logic’s ability to handle uncertainty made it a suitable
candidate for breast cancer detection. However, standalone fuzzy
systems faced challenges in capturing the nuances of intricate
patterns inherent in breast cancer datasets, leading to a quest for
hybrid models [12].

Neural networks, particularly Artificial Neural Networks
(ANNSs), emerged as a powerful tool for pattern recognition and
feature extraction. Their ability to model complex relationships
contributed to improved diagnostic accuracy in breast cancer
detection. However, the inherent black-box nature of neural
networks raised concerns about interpretability, hindering their
acceptance in critical medical applications [13].

Recognizing the strengths of both fuzzy logic and neural
networks, researchers began exploring hybrid models. Fuzzy
Neural Networks (FNNs) and Neuro-Fuzzy Systems emerged as
promising solutions, attempting to synergize the interpretability
of fuzzy logic with the learning capabilities of neural networks.
While these hybrids exhibited improved performance, challenges
remained in achieving optimal integration and ensuring
robustness across diverse datasets. The ensemble methods marked
a paradigm shift in breast cancer diagnostics. Ensemble
techniques, such as Random Forests and Gradient Boosting,
showcased enhanced robustness by aggregating the predictions of
multiple models. However, these approaches primarily focused
on conventional machine learning, leaving room for exploration
in combining ensemble techniques with neuro-fuzzy systems.

3. METHODS
This study addresses the existing gaps in the literature by

introducing an Ensemble Neuro-Fuzzy Algorithm (ENFA)
designed explicitly for breast cancer detection and classification.
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Fig.1. EFNA Architecture

The ensemble nature of ENFA leverages the strengths of both
fuzzy logic and neural networks, fostering resilience and
adaptability in the face of diverse and uncertain medical data. The
unique amalgamation of interpretability from fuzzy logic and the
learning capacity of neural networks positions ENFA as a novel
solution to the challenges posed by breast cancer diagnostics.

3.1 PREPROCESSING

» The preprocessing begins with the acquisition of breast
cancer datasets from reputable sources, ensuring
comprehensive coverage of diverse cases. Common
repositories such as the Wisconsin Breast Cancer Dataset.
The data typically includes features derived from medical
imaging, clinical examinations, and patient history.

Missing Value Imputation: To address gaps in the dataset,
a meticulous analysis identifies missing values. Imputation
techniques, such as mean or median substitution, are applied
judiciously to ensure the integrity of the dataset. For
example, if certain clinical parameters are missing for a
patient, imputing the median value of that parameter across
the dataset helps maintain statistical validity.

Normalization and Standardization: Considering the
varying scales of different features, normalization and
standardization are essential. Normalization scales data to a
specific range, while standardization transforms data to have
a mean of 0 and a standard deviation of 1. This ensures that
no feature dominates the model due to its magnitude,
fostering a balanced influence of all features.

Feature Engineering: Expert knowledge guides the
creation of new informative features to enhance the
algorithm’s discriminatory power. For instance, the creation
of a feature representing the ratio of tumor size to the
patient’s age could capture valuable insights into disease
progression. Feature engineering strives to encapsulate
domain-specific knowledge within the dataset.

Handling Categorical Data: Some features may be
categorical, such as tumor type or histological grade.
Encoding techniques, like one-hot encoding, convert
categorical variables into numerical representations. This
enables the algorithm to interpret and learn from these
features effectively.

Outlier Detection and Removal: Identification and removal
of outliers are pivotal to maintaining the robustness of the
model. Extreme values that deviate significantly from the
norm could introduce noise and compromise the algorithm’s
ability to generalize. Techniques like the interquartile range
(IQR) method help identify and mitigate the impact of
outliers.

Balancing Class Distribution: In breast cancer datasets,
class imbalance may exist between malignant and benign
cases. Resampling techniques, such as oversampling the
minority class or undersampling the majority class, address
this issue. Balancing the class distribution prevents the
algorithm from being biased toward the majority class.

Dimensionality Reduction: High-dimensional datasets may
benefit from dimensionality reduction techniques like
Principal Component Analysis (PCA). This helps streamline
the feature space, retaining the most informative aspects
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while reducing computational complexity. For example,
capturing the principal components related to tumor
characteristics can simplify the model without
compromising predictive accuracy.

4. NEURO-FUZZY SYSTEMS

Neuro-fuzzy systems represent a hybrid paradigm that
amalgamates the strengths of fuzzy logic and neural networks,
offering a comprehensive approach to modeling complex and
uncertain relationships in data. These systems leverage the
interpretability of fuzzy logic, which excels in handling linguistic
variables and imprecise information, and the learning capabilities
of neural networks, adept at capturing intricate patterns and non-
linear relationships.

The fuzzy logic component of a neuro-fuzzy system
introduces linguistic terms and fuzzy rules to represent human-
like reasoning. Fuzzy sets, defined by membership functions,
express the degree of truth for each linguistic term. For example,
in the context of breast cancer diagnostics, fuzzy sets might
characterize variables like “tumor size” or “malignancy” using
linguistic terms such as “small,” “medium,” or “large,” imparting
a human-understandable layer to the model.

Tumor Malignancy Prediction Rules
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Moderate

Malignancy
Output

Benign

High
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Tumor Size

Small

Fig.2. Tumor Malignancy Prediction Map

The fuzzy logic component incorporates a rule base that
encapsulates expert knowledge. Rules, expressed in an 'if-then'
format, govern the transformation of input variables into fuzzy
sets and the subsequent fuzzy inference process. These rules
emulate human decision-making, providing a transparent and
interpretable  framework for  capturing domain-specific
knowledge. In breast cancer diagnosis, rules might involve
conditions like “if tumor size is large and malignancy is high, then
classify as malignant.”

Complementing the fuzzy logic aspect, the neural network
component introduces the learning capabilities of artificial neural
networks. This layer processes the fuzzy outputs generated by the
fuzzy inference system. Neural networks, with their ability to
adapt and learn from data patterns, refine the fuzzy outputs
through a training process. This process involves adjusting
weights and biases to minimize the difference between the
predicted and actual outcomes, enhancing the model’s predictive
accuracy.
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The adaptive learning in neuro-fuzzy systems ensures the
model evolves with the data it encounters. Through iterations, the
system fine-tunes its parameters, enabling it to capture subtle
nuances in the dataset. This adaptability is crucial in the context
of breast cancer diagnostics, where understanding intricate
patterns is paramount for accurate classification.
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where, ua(x) represents the membership degree of an input x to a
fuzzy set A, where a, b, and ¢ are parameters influencing the shape
and characteristics of the fuzzy set.

Rule;: IF x1 is A1 AND x2 is A, THEN y is B; (2)
where, x; and x; are input variables, A; and A, are fuzzy sets

associated with these variables, and y is the output variable
associated with fuzzy set B;.
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The input x; is multiplied by its corresponding weight w;;, and
the sum of these products, along with a bias bj, forms the weighted
input z; for neuron j.
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The weighted input z; is passed through a sigmoid activation
function to produce the neuron’s output a;.
y'=> wga, +b, (5)
j=1
where, y’ represents the final output, which is a weighted sum
of the neuron outputs in the output layer, along with a bias by.
p
O=> wf +b (6)
i=1
The output of the neuro-fuzzy system is a weighted sum of the
fuzzy logic component’s outputs (fj), each associated with a

specific rule, and a bias term (b). The weights (w;) are adjusted
during the training process.

Table.1. Fuzzy Rule Set

Rule|Tumor Size|Malignancy| Output
R1 Small Low Benign
R2 | Medium Low Benign
R3 Large Low Malignant
R4 Small Moderate | Benign
R5 | Medium | Moderate |Malignant
R6 Large Moderate |Malignant
R7 Small High Malignant
R8 | Medium High Malignant
R9 Large High Malignant

* Rule R1 to R3: For instances where the tumor size is
categorized as “Small,” the malignancy is classified as
“Low,” resulting in a benign classification. As the tumor size
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increases to “Medium” or “Large” with “Low” malignancy,
the classification remains benign.

Rule R4 to R6: When the tumor size is “Small” and the
malignancy level shifts to “Moderate,” the classification is
benign. For “Medium” or “Large” tumor sizes with
“Moderate” malignancy, the classification becomes
malignant.

Rule R7 to R9: In cases where the tumor size is “Small”
with a “High” malignancy level or for larger tumor sizes
(both “Medium” and “Large”) with “High” malignancy, the
classification is malignant.

Neuro-Fuzzy System Algorithm

1) Use fuzzy sets and linguistic variables to define input and
output.

2) Describe neural network layers, neurons, and activation.

3) Initialise weights and biases.

4) Membership functions blur data.

5) Make each input varied language terms.

6) Define fuzzy rules with language and combinations.

7) Use ‘if-then’ rules to link input and output.

8) Determine linguistic phrase membership with supplied
values.

9) Use AND/OR fuzzy operators to activate rules.

10) Determine fuzzy rule activation outputs.
11) Get neural network inaccurate output.

12) Calculate weighted sums, activate hidden layers, and
distribute network inputs.

13) Get neural network output.
14) Explain neural network output.
15) Deffuzzify to get output.

4.1 ENSEMBLE FRAMEWORK

The Ensemble Framework is a strategy employed to enhance
the overall performance and robustness of a predictive model by
combining multiple individual models into a unified ensemble. In
a Neuro-Fuzzy System for breast cancer classification, the
Ensemble Framework can be utilized as a fine-tuning mechanism
to refine the system’s output and mitigate potential weaknesses in
individual model predictions.

The Ensemble Framework involves the creation of diverse
individual models within the neuro-fuzzy system. This diversity
can be achieved by introducing variations in the training data,
tweaking parameters, or altering the architecture of the models.
Each individual model within the ensemble learns different
aspects of the underlying patterns in the breast cancer data.
Multiple neuro-fuzzy models are trained concurrently, each with
its unique initialization, dataset subset, or hyperparameter
configuration.

This parallel training allows the ensemble to capture a broader
range of features and nuances present in the breast cancer dataset.
The individual models generate predictions for a given input,
resulting in multiple outputs. The Ensemble Framework
aggregates these outputs, often by employing techniques such as
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averaging or voting. The combined output tends to be more robust
and less sensitive to noise or outliers present in the data.

By combining the outputs of multiple models, the Ensemble
Framework helps mitigate overfitting issues that might be present
in individual models. The ensemble’s collective decision-making
process tends to generalize better to new, unseen data, enhancing
the model’s ability to make accurate predictions in diverse
scenarios. The Ensemble Framework contributes to the stability
of the neuro-fuzzy system. As each individual model may have
strengths and weaknesses in different areas of the feature space,
the ensemble smoothens out variations, leading to more reliable
predictions.

The aggregated output of the ensemble often results in
improved performance metrics, such as accuracy, sensitivity, and
specificity, compared to individual models. The Ensemble
Framework leverages the collective intelligence of diverse
models to produce a more robust and accurate final prediction.

Ensemble methods can be further employed for fine-tuning the
neuro-fuzzy system’s output. By adjusting the weights assigned
to each model’s prediction during the aggregation process, the
ensemble can be calibrated to emphasize the strengths of well-
performing models and downplay the impact of less reliable ones.

Ensemble Algorithm

1) Let N represent the number of individual neuro-fuzzy models
in the ensemble.

Initialize the ensemble weights as wi for each model i

Zn:a)i =1
i=1

Use initializations, training data subsets, or hyperparameter
values to train N neuro-fuzzy

Obtain the output of each model i for a given input as Oi.

Aggregate the individual model outputs using weighted
averaging:

2)
()
3)
4)

5)

0= Zn:wioi (8)

Fine-tune the ensemble by adjusting weights w; using
evaluation metric E

6)

wixXE; 9)

Classify breast cancer using the revised ensemble output as
the final forecast.

7)

4.2 TRAINING AND EVALUATION IN A NEURO-

FUZZY SYSTEM

Training and evaluation are fundamental stages in developing
a neuro-fuzzy system for breast cancer classification. These
processes involve using a labeled dataset, consisting of input
features related to tumor characteristics and corresponding class
labels indicating whether the tumor is benign or malignant.

Let X represent the feature matrix, where each row
corresponds to a data instance and each column represents a
feature (e.g., tumor size, malignancy level). Y represents the
corresponding vector of class labels, indicating whether each
instance is benign (0) or malignant (1).
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Map crisp input data in X to fuzzy sets using membership
functions, converting numerical features into linguistic terms.
Associate each input variable with appropriate linguistic terms
(e.g., “Small,” “Medium,” “Large”).

Define fuzzy rules based on linguistic terms and their
combinations, reflecting domain knowledge. Specify the rule base
using 'if-then' statements associating input conditions with output
consequences. Evaluate the degree of membership for each
linguistic term based on input values. Apply fuzzy operators
(AND, OR) to combine rule activations. Compute fuzzy output
values based on rule activations. Input the fuzzy output values as
inputs to the neural network.

Propagate inputs through the network, compute weighted
sums, and apply activation functions in hidden layers. Adjust
neural network weights and biases using a supervised learning
approach based on the difference between predicted and actual
outputs. Utilize a separate subset of the dataset (testing set) that
the model has not seen during training. Apply the previously
defined fuzzy inference and neural network processing steps to
the testing set, obtaining model predictions.

5. RESULTS AND DISCUSSION

Table.2. Experimental Setup for Neuro-Fuzzy System

Parameter Value
Weight Initialization Range|[-0.1, 0.1]
Learning Rate (7) 0.001
Epochs 100

Table.3. Experimental Setup for Ensemble of Neuro-Fuzzy

System
Parameter Value
Number of Individual Models (N) 5
Weight Initialization Range [-0.1,0.1]
Learning Rate (7) 0.001
Epochs 100
Ensemble Weight Adjustment Metric| Accuracy
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Fig.3. Sensitivity
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The results indicate that the proposed Ensemble Neuro-Fuzzy
Algorithm (Proposed method) consistently outperforms both
existing Ensemble Artificial Neural Network (Ensemble ANN)
and Ensemble Fuzzy methods across increasing dataset sizes. The
sensitivity, representing the ability to correctly identify malignant
cases, steadily improves with the proposed method, reaching 99%
on 500 datasets. This suggests that the Ensemble Neuro-Fuzzy
Algorithm demonstrates superior performance in breast cancer
detection, showcasing its robustness and effectiveness.
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Fig.4. Specificity

The results showcase that the proposed Ensemble Neuro-
Fuzzy Algorithm (Proposed method) consistently exhibits higher
specificity compared to existing Ensemble Artificial Neural
Network (Ensemble ANN) and Ensemble Fuzzy methods across
varying dataset sizes. With specificity reaching 99% on 500
datasets, the proposed method excels in correctly identifying
benign cases. This suggests its robust performance in
distinguishing healthy instances. The incremental improvements
in specificity highlight the potential of the proposed method to
enhance diagnostic precision.

100 BEnsemble ANN BEnsemble Fuzzy BProposed

95

90

85

Accuracy

O LRI TNTTRTRRTNNT AR}

80

75

A
A A A A A,

70

(S o i i o A
OFFFFF rr
o T
OFFFFFrFrFrFrrrrrrrrrryyrrn

O LRI T RN NN RN NRINT]

OEFF T F o rrry

~o T T

OlfF Ty Frrrrs
OFFFFFFFFFF .y F .y
o WL LTI
O CERTRR NN RN NN RN RTE]
OIFFFFrFFFrFrFrrrrrryFyrr

O LTI TT NIRRT RN

T T

o CERTRR RN RN NN RRNY]

Testset

Fig.5. Accuracy

The results reveal that the proposed Ensemble Neuro-Fuzzy
Algorithm (Proposed method) consistently achieves higher
accuracy compared to existing Ensemble Artificial Neural
Network (Ensemble ANN) and Ensemble Fuzzy methods across
varying dataset sizes. With accuracy reaching 98% on 500
datasets, the proposed method demonstrates robust performance
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in breast cancer classification. This suggests its effectiveness in
providing accurate and reliable predictions. The incremental
improvements in accuracy highlight the potential of the proposed
method to enhance overall diagnostic performance.
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Fig.6. Precision

The accuracy of the Ensemble ANN increases steadily with
the dataset count, from 88% at 50 datasets to 98% at 500 datasets.
This indicates an improvement in the model’s ability to correctly
classify instances over larger datasets. The accuracy of Ensemble
Fuzzy also shows an upward trend, from 83% at 50 datasets to
96% at 500 datasets. Like Ensemble ANN, there is an
improvement as the dataset size increases. The proposed
Ensemble Neuro-Fuzzy Algorithm consistently outperforms both
Ensemble ANN and Ensemble Fuzzy. Method O starts with an
accuracy of 92% at 50 datasets and reaches 99% at 500 datasets.

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

00O
50

AUROC

—o— Ensemble ANN
—@— Ensemble Fuzzy
—O— Proposed

100 150 200 250 400 450 500

Testset

300 350

Fig.7. AUROC

The AUROC results demonstrate the proposed Ensemble
Neuro-Fuzzy Algorithm (Proposed method) consistently
surpassing both existing Ensemble Artificial Neural Network
(Ensemble ANN) and Ensemble Fuzzy methods across various
dataset sizes. With AUROC reaching 99% on 500 datasets, the
proposed method exhibits superior discriminatory power in
distinguishing between benign and malignant instances. This
indicates its effectiveness in capturing true positive rates while
minimizing false positive rates. The incremental improvements in
AUROC underscore the proposed method’s robustness in
achieving high diagnostic accuracy.
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6. CONCLUSION

The Ensemble Neuro-Fuzzy Algorithm demonstrates superior
performance in breast cancer classification compared to existing
Ensemble ANN and Ensemble Fuzzy methods. Through
comprehensive evaluations across varying dataset sizes, Proposed
method consistently exhibits higher sensitivity, specificity,
accuracy, and AUROC values. These results underline its
robustness in distinguishing between benign and malignant cases.
The proposed algorithm’s success can be attributed to its
synergistic integration of fuzzy logic and neural networks,
providing a comprehensive and interpretable approach. The
findings suggest that the Ensemble Neuro-Fuzzy Algorithm holds
significant promise for enhancing diagnostic accuracy in breast
cancer detection, showcasing its potential for practical clinical
applications.
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