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SUMMARY

Breast cancer is the most common type of cancer among women. Accurately diagnosis requires
experienced medical practitioners to determine the nature of the cells. However, given the inherent
complexity, there is a potential risk of misdiagnosis. This study proposes an artificial intelligence system
that integrates fuzzy reasoning and a neural network to accurately classify cells as benign or malignant.
Using the Wisconsin Breast Cancer (Diagnosis) dataset, samples were randomly partitioned into a
training set of 400 and a testing set of 169 samples, following a 7:3 ratio. It is worth noting that these
samples are correlated with 30 parameters, which can be computationally demanding. To address this
issue, the principal component analysis (PCA) technique was employed to eliminate less significant
parameters, resulting in a reduced set of only 6 key parameters. The proposed PCA-NF model achieved
a test accuracy of 97.63%, with 100% precision, 93.10% recall, and a 96.43% F-measure. The PCA-
ANFIS model achieved 95.27% accuracy and 94.12% for both precision and recall. Both models
demonstrated reliable discrimination, supported by Matthews correlation coefficients of 94.80% and
90.16% for PCA-NF and PCA-ANFIS, respectively. The research novelty lies in the enhanced ANFIS
approach, which provides comparable accuracy to existing artificial intelligence techniques while
simplifying the diagnosis process. This user-friendly approach greatly benefits clinical medical experts
by enhancing workflow efficiency and effectiveness.

KEY WORDS: cell classification; fuzzy model; feature extraction; neural network; diagnosis.

1. INTRODUCTION

Breast cancer is a malignant tumor that develops in the glandular epithelium of the breast. The
global incidence of breast cancer has been increasing since the late 1970s. The American Cancer
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Institute estimates that approximately 129.7 per 100,000 women are diagnosed with breast
cancer each year, and men may also develop the disease. In 2022, there were about 280,000 new
breast cancer cases, which was 51,400 more than in 2021 [1, 2]. Breast cancer most commonly
occurs in individuals over the age of 45 and ranks second among the top ten cancers, with a
mortality rate of 19.4%. Its pathogenesis is be closely related to factors such as heredity, genetic
mutation, radiation exposure, lifestyle habits, gender and aging. For early detection of breast
cancer, palpation or medical imaging are commonly used for regular screening or monitoring [2,
3]. After the initial diagnosis, tumor markers in medical and molecular tissues must also be
confirmed. Histopathological examination is considered the most accurate “gold standard” [2]
for breast cancer diagnosis. However, various clinical and technical factors, together with the
limited sensitivity and specificity of existing classification and recognition methods [1, 3],
require tumor specialists to rely on their extensive professional knowledge and clinical
experience to ensure accurate diagnoses. Inexperienced physicians may reach incorrect
conclusions, potentially leading to misdiagnoses. Fortunately, if these abnormal cellular tissue
characteristics are detected at an early stage of breast cancer, comprehensive treatment such as
surgery, radiotherapy and drug treatment can be implemented to prevent cancer progression
and metastasis as early as possible, thereby improving patients’ quality of life and survival rates
[4, 5]. To support efficient medical decision-making, artificial intelligence researchers have
developed a predictive system for breast cancer based on existing clinical data. This system
assists oncologists in rapidly completing pathological assessments of cells and tissues.
Compared with the complexity and high costs of surgical procedures, radiotherapy and
chemotherapy techniques, this computer-aided automatic diagnosis system demonstrates
greater cost-effectiveness and usability [5-9].

The integration of the learning mechanism of neural networks into fuzzy control systems to
create an adaptive system that exhibits human-like perception and cognition has been a topic of
research [10]. In such a system, fuzzy logic emulates human logical thinking, while neural
networks simulate human conscious associations. By combining these two concepts, the
machine acquires a certain level of logical reasoning similar to that of the human brain through
continuous learning. When the neural network model is utilized to train randomly generated
data, the resulting preliminary diagnosis outcomes are then processed by a fuzzy inference
system. This processing enables the generation of optimal membership functions and fuzzy
rules, which provide a highly generalized approach to representing the functional relationship
between input features and output results. In the process of optimizing and implementing many
fuzzy reasoning methods, the adaptive network fuzzy reasoning system (ANFIS) stands out.
After performing forward and backward propagation through the network, it uses gradient
information to gradually reduce the value of the error function, thus optimizing fuzzy rules,
significantly reducing the complexity of fuzzy reasoning, and enhancing the interpretability of
the neural network while demonstrating strong predictive performance [10-12]. The schematic
diagram describing the hierarchical structure of ANFIS is shown in Figure 1 [10]. This system
consists of five layers from I to V, and adopts backpropagation learning to modify the parameters
of the input membership functions. It uses the least squares method to determine the curve of
the best fits data and finally realizes the Takagi-Sugeno fuzzy inference system [12-14].

Ubeyli [12] proposed a solution to the problem of slow training convergence caused by unfixed
parameters and a large search space in previous models. This solution includes two
mathematical analysis methods, namely, a hybrid algorithm system that combines the forward
optimization of the least squares method and the reverse adjustment using gradient information.
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The accuracy, specificity and sensitivity of this method are 99.08%, 99.27% and 98.74%,
respectively.
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Fig. 1 Anfis hierarchy description diagram

Ashraf et al. [14] proposed the concept of information gain in a new fuzzy framework for cancer
cell diagnosis. They stated that the information gain is the difference between prior entropy and
conditional entropy. Each attribute can be evaluated by calculating the difference. During the
training process, the difference is identified through forward propagation, while the parameters
are adjusted based on the error in during backpropagation, and the optimal model is obtained
through continuous iteration.

Senol and Yildirim [15] compared three types of fuzzy neural networks, in which the
propagation rules of the CSFNN network are derived using the analytic equation of a cone. Each
structure assigns two membership functions to each input variable, and the output is
represented by a linear membership function. Levenberg-Marquardt and least squares
algorithms are used to train the model, respectively. The analytical equation can be described
as a linear combination of the propagation rules of the MLP network and the Euclidean distance
between the center of RBF network and the input variables. When applied to actual clinical data
published by the University of Wisconsin Breast Cancer Research Center (WBCD), the hybrid
structure demonstrates high prediction performance [16-18].

On the one hand, El Hamdi et al. [17] used a probability vector to represent the virtual
population in the CGA algorithm, and employed the SSGA algorithm to identify the best
individual in the search space for iterative replacement. When this evolutionary method was
applied to the WBCD dataset to determine the optimal fuzzy rules [16-18], they found that its
primary advantage is the automatic optimization of parameters, thereby achieving high
accuracy.

Zarbakhsh et al. [18] conducted experiments using WBCD datasets to validate the improved
performance of the model. Compared with the two experiments conducted before and after
applying the association rules method to remove the second attribute of WBCD [16-18], the
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accuracy of ANFIS in the second experiment was slightly higher than that in the first experiment.
In addition, the optimized cluster radius was determined through the COA module to obtain a
fuzzy inference system with the minimum number of rules. At this stage, the accuracy of tumor
classification reached 99.26%. These two improvements demonstrate that the number of
features and rules provides important support for the performance of the tumor classification
system.

Hamdan et al. [19] used the NPI value and survival time as input variables and applied two fuzzy
algorithms to define the initial membership function. To reduce the number of rules, they
reduced the membership functions in the two improved fuzzy c-means models from the first five
to the last three. In the subtractive clustering model, they extracted sixteen rules from three
types of data. By continuously adjusting the rules and optimizing the parameters of the learning
mechanism, high accuracy was achieved in the breast cancer prognosis model.

The Mamdani algorithm of fuzzy reasoning [20, 21] typically involves designing variable
intervals based on experts’ experience. The membership functions of all input variables are then
defined within these intervals, and various combinations of these functions are generated using
specific rules. However, this approach has certain drawbacks. Firstly, it is time-consuming and
cumbersome to identify an effective combination of input variables that yields accurate output
results. Additionally, as the number of input variables increases, the number of rules grows
significantly, making this method suitable only for problems with a small number of variables
or membership functions. Moreover, arbitrary discarding fuzzy rules can lead to a lack of clarity
in mathematical analysis. Despite the promising results achieved by various Al models on the
WBCD dataset, two critical challenges hinder their practical clinical adoption, thereby
presenting a clear research gap. First, the “black-box” nature of many high-performing models
(e.g., deep neural networks and complex ensembles) limits interpretability, making it difficult
for clinicians to understand and trust the diagnostic rationale. Second, the high dimensionality
and redundancy among the 30 original features often lead to computationally complex models
that are not optimized for efficiency in real-world clinical workflows.

To bridge this gap, the primary objective of this paper is to develop a novel hybrid intelligent
diagnostic framework that balances high accuracy with clinical practicality. We propose an
enhanced ANFIS approach centered on two key innovations: (1) Feature Simplification: We
employ Principal Component Analysis (PCA) to distill the 30 complex histological features into
a concise set of six principal components, thereby effectively reducing dimensionality and
eliminating redundancy; (2) Interpretable & Efficient Modeling: We integrate this simplified
feature set with a fuzzy neural network. Crucially, we introduce a variable membership function
allocation strategy within the ANFIS architecture, in which the number of fuzzy sets for each
input is weighted according to its importance (i.e., variance contribution), thereby constructing
a compact and interpretable rule base without sacrificing model capacity.

The proposed PCA-ANFIS model, alongside a complementary PCA-NF (Neuro-Fuzzy) variant, is
designed to achieve competitive diagnostic accuracy comparable to state-of-the-art “black-box”
methods. More importantly, our core contribution lies in offering a favorable trade-off: by
providing transparent fuzzy logic rules and operating on a reduced feature space, our
framework significantly enhances interpretability and computational efficiency. This user-
friendly and efficient approach addresses the critical need for trustworthy and deployable Al
tools in clinical settings and has the potential to streamline the diagnostic workflow for medical
experts.
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2. MATERIALS AND METHOD

2.1 DATA FEATURE EXTRACTION

Principal component analysis is a technique for simplifying datasets by extracting important
features through the linear transformation of the original variables into a new coordinate
system of uncorrelated variables. The transformed variable with the largest variance becomes
the first principal component, the second largest becomes the second principal component, and
so forth. By retaining lower-order principal components and ignoring the higher-order ones,
dimensionality reduction is achieved while preserving features that contribute most to the
overall variance of the data. Each principal component represents a linear combination of the
original variables, effectively rewriting the original information. In practice, the number of
retained components is determined by specifying a threshold for the cumulative proportion of
explained variance.

The entire WBCD dataset comprises 32 attributes: the first attribute is a sample identifier, the
second is the diagnosis result (B for benign, M for malignant), and the remaining 30 represent
histological characteristics of cells [16-18]. These 30 attributes correspond to three statistical
measures (mean, standard error and worst/largest value) for each of 10 cytological features,
including radius, texture, perimeter, area, smoothness, compactness, concavity, concave points,
symmetry, and fractal dimension [16-18, 22-27]. This multi-measure representation creates
informational redundancy among attributes, thereby increasing computational complexity and
complicating the determination of appropriate membership function scopes in fuzzy systems.

2.1.1 MATHEMATICAL FORMULATION OF PCA

To address this redundancy, we employ PCA for dimensionality reduction. Let the feature matrix
(excluding identifier and diagnosis columns) be denoted as X e R™™, where n=569 is the
number of samples and m=30 is the number of original features. After column-wise
standardization to zero mean and unit variance, the covariance matrix is computed as:

c =LXTX 1)
n-1
Through eigen decomposition C=04Q" , where Qz[ql,qz,-u,qm] contains the eigenvectors
and A=diag(A;,45,---A,,) with eigenvalues A; =1, >---> 1, >0, the principal components are

obtained as:
Z=XQ 2)

where Ze R™™

ratio for the first k components is defined as:

k
Z i:JAi

m
A
i=1

contains the principal component scores. The cumulative explained variance

Ry = (3)

We selected k=6 principal components corresponding to Rs~85%, resulting in the reduced

Rn><6

feature matrix Z,,;=2.;4€ . These six uncorrelated variables, ordered by decreasing
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variance contribution, serve as the extracted main features for subsequent analysis, as shown in

Figure 2.
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Fig. 2 Main feature extraction histogram

2.1.2 MODEL INPUTS AND OUTPUT DEFINITION

(i) Input Variables: The six principal components (PC1-PC6) derived above, denoted as
Z1,Z5, - Zg , represent the most informative linear combinations of the original 30 attributes.

(ii) Output Definition: Binary classification where output y =0 represents benign (B) and y=1

represents malignant (M) tumors, directly corresponding to the diagnosis labels in the WBCD
dataset.

(iii) Membership Function Allocation: Each principal component z,is associated with Gaussian

membership functions (MFs). The number of membership functions per component was
determined through systematic experimentation, as detailed in Section 2.2, with the allocation
scheme based on each component’s relative importance as indicated by its variance contribution.

After feature extraction, classification and prediction are performed using two complementary
fuzzy systems: the ANFIS toolbox in MATLAB (PCA-ANFIS) and a custom fuzzy neural network
(PCA-NF).

2.2 THE PCA-ANFIS MODEL: STRUCTURE AND IMPROVEMENTS

A critical aspect of designing the PCA-ANFIS model is the management of the size of the fuzzy
rule base, which directly impacts model complexity and generalizability. In fuzzy systems using
grid partitioning, rules are generated by enumerating all possible combinations of the
membership functions assigned to each input variable. For a system with m input variables,
where the ith variable has q; membership functions, the total number of rules is given by the
product rule:

6 ENGINEERING MODELLING 39 (2026) 1, 1-18



Y. Ly, P.L. Chong, L.Y. Sun: An Improved Early Breast Cancer Cells Classification and Prediction Based on a Fuzzy Neural Network Model

m
N rules — Hqi @
i=1

To illustrate, consider a hypothetical system with three inputs, each having four MFs. The rule
count is 4° =64. In our work, with six principal components as inputs, a uniform assignment of,
for example, three MFs to each would yield 3° =729 rules, which is excessive and prone to
overfitting given our dataset size. To achieve a balance between expressiveness and efficiency,
we designed several MF allocation schemes (M2-M6) guided by the principle that features with
higher variance contribution from PCA should be allocated more MFs to capture finer data
distinctions. For example, M6 was assigned [4, 3, 2, 2, 2, 2] membership functions to principal
components PC1 through PC6, respectively. Applying Eq. (4), this yields a total of:

N

rules

=4X3X2x2x2x2=192 (5)

Each unique combination of these MFs generates one first-order Takagi-Sugeno rule of the
general form:

6
if PC1is A;j and PCzis Ay and ...and PCsis Ag) then y=a, +2aiPCi (6)
i=1
where 4; are Gaussian membership functionsand «; the consequent parameters to be learned.

This strategy of variable MF allocation successfully reduces the rule base from a potential 729
rules to a more manageable 192 rules, significantly lowering computational cost while
preserving the model's ability to capture key patterns in the data.

2.3 THE PCA-NF MODEL: ARCHITECTURE AND LEARNING

Next, we construct a fuzzy neural network model based on the ANFIS hierarchy shown in Figure
1 to achieve classification and prediction of cancer cell data. In the following section, this model
isreferred to as PCA-NF. Suppose two variables v and v; are input to the fuzzy reasoning system,
and an output variable u is obtained. For the first-order fuzzy neural network model based on
the Takagi-Sugeno model, two representative rules with fuzzy if-then rules can be described as
follows:

The first rule is that when v1 is M1 and vz is N1, then u=p;v; +quv, +r;
The second rule is that when vy is Mz and v2is N2, then u=p,v;+q,v, +1,

In Figure 1 square nodes indicate that the node parameters are adjustable, whereas circular
nodes indicate that the node has no adjustable parameters. For the convenience, the data of the
it" node in the nt layer is represented as:

0'(i=1,2,3,4,5) @

where O] is the membership degree of the fuzzy set A=(M;,M,,N;,N,), which determines the

degree to a given input x1 (or xz) satisfies A. M; and N; are language labels associated with node
functions.

Layer [: Convert the input variables into the membership of each fuzzy set.
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0 =ey (x;) =12 (8)

0f =ey, (x2) =12 9)

A function &, (x) with a value range of 0-1 is typically selected to represent the membership

function of each variable interval, such as a bell-shaped Gaussian membership functions:
_{mf
s (x)=e o

where u; and o; represent the mean and standard deviation of the Gaussian function, reflecting

the center and width of the distribution.

Layer II: Multiply the input signals to obtain the weight coefficient of each rule.
wi=ey (vi)-ey (v2) =12 (1)

Layer III: Normalize the it rule corresponding to the ith node.

07 =w; :ZV:IIWJ i=1,2 j=2 12)
Layer I'V: Calculate the output of each rule as linear combination.
0} =wif; =wi(pv; +qv, +1) =12 (3)
Layer V: Aggregate all rule outputs to obtain the final output value.
szzi;ifii =M i=12 (14)

W.
z,- J

2.4 MEMBERSHIP FUNCTION SPECIFICATION AND RATIONALE

For the PCA-ANFIS model, Gaussian MFs were chosen for their smoothness, differentiability
(essential for gradient-based learning), and widespread applicability in pattern recognition
problems. The parameters { y;, 0; } for each MF are automatically tuned during the hybrid

learning process of ANFIS, which adjusts them to minimize the output error.

In the PCA-NF model, Gaussian MFs are similarly adopted in the fuzzification layer to maintain
methodological consistency and facilitate fair comparison. The MF parameters are initialized
based on the statistical distribution of each input feature (mean and standard deviation of
training data) and are subsequently updated via backpropagation along with the network’s
connection weights. This enables the MFs to adapt dynamically to the data patterns during
training.

The number of MFs per input was determined experimentally (as described in Section 2.2),
guided by the cumulative variance contribution of each principal component. This strategy
ensures that more influential features are modeled with higher granularity, while less
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informative features are represented more coarsely, achieving a balance between model
complexity and performance.

3. RESULTS AND DISCUSSION

3.1 DATA SET AND EVALUATING INDICATOR

In the present work, we used the Wisconsin Breast Cancer Diagnostic (WBCD) Dataset, which
contains 569 actual tumor sample records. Each record consists of a sample retrieval address, a
diagnosis (data setlabel: “B” indicates benign, “M” indicates malignant) and 30 real-valued input
features. According to statistics, 357 cases (62.7%) are benign breast cancer and 212 cases
(37.3%) are malignant breast cancer. These feature values are the actual values obtained by
measuring the medical digital image of cell biopsy tissue extracted via breast mass puncture.
They represent the characteristics of the nuclei present in the image. The criteria for the correct
classification of malignant and benign cells are shown in Table 1. In the table, the letters T/F
indicate the correctness of the predicted result, signifying whether it aligns with the actual
situation. Similarly, the letters M/B indicate whether the predicted result classifies as malignant
or benign.

Table 1 Accuracy criteria for classification of benign and malignant cells [4]

. Actual Malignent Benign
Predicted
Malignent ™ FM
Benign FB TB

An initial exploratory analysis was conducted on the WDBC dataset, including visual inspection
via box plots and consideration of biological plausibility. No extreme values indicative of
measurement error were identified; apparent statistical outliers corresponded to genuine
pathological features of malignant tumors. Therefore, all 569 samples were retained to preserve
the dataset’s clinical validity and comparability with prior studies. All features were normalized
to the range [0, 1] using Min-Max scaling.

The performance evaluation indicators of the model are as follows [4]:

Accuracy(Acc)= TM+T8 15
TM +TB+FM + FB (15)
™
Precision(Pr)=—
( ) ™ + FM (16)
™
Recall(Re)=——
( ) TM + FB a7
Speciﬁcity(Sp)leIOO% (18)
FM+TB
2XPrxRe
F -Measure(F,, )=——
( M) Pr+ Re (19)
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TMxTB—FM xFB
\/(TM+FM)(TM+FB)(TB+FM)(TB+FB)

MCC = 20)

where F-Measure is the comprehensive evaluation index, MCC is the Matthews correlation
coefficient.

Equations (15)-(20) constitute a set of complementary performance metrics essential for
comprehensive evaluation of the binary classification model. Accuracy (Eq. 15) provides an
overall measure of correct predictions but can be misleading in imbalanced datasets. Precision
(Eqg. 16) indicates the reliability of a positive (malignant) prediction, i.e., the proportion of
correctly identified malignant cases among all cases predicted as malignant. Recall (Eq. 17), also
known as sensitivity, quantifies the model's ability to detect all actual malignant cases, which is
critical in medical diagnosis to minimize false negatives. Specificity (Eq. 18) measures the
model's performance in correctly identifying benign cases, thereby complementing recall. The
F-Measure (Eq. 19) combines precision and recall into a single score and is especially useful
when seeking a balance between these two often competing metrics. The Matthews Correlation
Coefficient (MCC, Eq. 20) provides a robust measure that considers all four categories of
confusion matrix and remains reliable even for imbalanced data. Together, these metrics move
beyond a single accuracy score and provide a multi-faceted understanding of the model’s
classification performance, ensuring that it is not only accurate but also clinically trustworthy-
particularly by prioritizing high recall to avoid missing malignant cases while maintaining
strong precision and specificity to support effective clinical decision-making.

3.2 EXPERIMENT RESULT

3.2.1 EXPERIMENTAL SETUP AND MODEL CONSTRUCTION

Of the 569 samples in the dataset, 357 are benign and 212 are malignant. When training our
model, the samples were randomly divided into training and test sets according to a 7:3 ratio.
The number of samples in the training set was 400, and the number in the test set was 169.

First, the principal component analysis was applied to extract the important features of the data,
and reduce the 30-dimensional attributes to 6-dimensions. The reduced feature set was then fed
into the neural network model and the fuzzy logic model as input variables, with the ultimate
goal of performing binary classification of cells in the UCI WBCD dataset. Due to the limited
dataset size, a random sub-sampling validation method was employed to estimate the true
accuracy, thereby reducing the risk of overfitting caused by an excessive number of rules when
modeling the six extracted principal components. Furthermore, key performance indicators of
the two proposed models were compared with those reported in existing literature [4, 20-25].
To verify the feasibility of PCA-ANFIS network improvement, we adjusted the number of
membership functions and constructed five models, denoted M2 to M6. Simultaneously, by
combining principal component analysis with the fuzzy neural network model, model M7 (PCA-
NF) was developed. A critical design choice in this network was the number of neurons in the
hidden layer, which implicitly determines the model’s complexity and, by analogy to fuzzy
systems, the effective number of learnable “rules” or pattern templates.

After a series of experiments varying the hidden layer size, performance was observed to
saturate beyond a certain point. Specifically, increasing the number of hidden nodes beyond 12
did not yield significant improvements in validation accuracy but resulted in linear increase in
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computational cost and the risk of overfitting. Therefore, the architecture was finalized with 12
hidden neurons, achieving an optimal balance between model capacity and generalization
ability.

The single output neuron uses a sigmoid activation function, producing a value between 0 and
1, which is thresholded at 0.5 to yield the final binary classification: 0 for Benign and 1 for
Malignant.

3.2.2 MODEL PERFORMANCE ANALYSIS

The performance indicators of these models for cancer cell classification prediction are
presented in Table 2. A detailed analysis of Table 2 highlights the impact of membership function
(MF) allocation on model performance. The six principal features were ranked in descending
order by their cumulative contribution to the total variance, with the first feature contributing the
most. In models M2 to M6, the number of membership functions per feature ranges from 2 to 4.
Models M2, M3, and M4 exhibit relatively lower accuracy and recall on the test set compared to
Mé6. This underperformance can be attributed to two interconnected factors:

(1) Insufficient model capacity: Assigning only two MFs to the most important principal
component (as in M2 and M4) results in an overly coarse discretization of that feature’s
value range. This coarse granularity limits the model’s ability to capture subtle yet
critical distinctions between benign and malignant cases in the transformed feature
space;

(2) Suboptimal rule structure: although M3 assigns three MFs to the first component, the
specific combination of MF counts across all six features may not align optimally with
the underlying data distribution. As a result, the constructed rule base may be either
overly simplistic or structurally misaligned, thereby reducing predictive performance
on unseen data.

The case of model M5 is particularly illustrative. It achieves a near-perfect training accuracy of
99.75% but experiences a sharp decline in test accuracy to 89.94%, which is a classic indication
of overfitting. The configuration [4, 2, 2, 2, 2, 2], with four MFs on PC1, produces a rule base that
is excessively complex relative to the sample size and intrinsic dimensionality of the training
data. Consequently, the model tends to memorize dataset-specific noise and idiosyncrasies
patterns rather than learning generalizable pathological characteristics.

In contrast, model M6, with its MF allocation of [4, 3, 2, 2, 2, 2], achieves an optimal balance. It
attains a test accuracy of 95.27%, with both precision and recall balanced at 94.12%. A direct
comparison with the benchmark model M1 (NN-EF) [4], which reported an accuracy of 99.41%,
indicates that M6 achieves slightly lower accuracy. However, this comparison must be properly
contextualized. The NN-EF model operates in the original, high-dimensional feature space (30
raw features), whereas M6 operates on a parsimonious, information-rich subset consisting of
only 6 principal components. This represents a fivefold reduction in feature dimensionality,
thereby significantly lowering model complexity and computational cost during inference - an
important advantage for clinical deployment.

The complementary performance metrics, with an F-Measure of 94.12% and MCC of 90.16%,
further confirm that M6 is a robust and well-calibrated classifier. It successfully avoids the
overfitting pitfall observed in M5 while exhibiting greater expressive power and generalization
capability than the under-parameterized models (M2-M4). This configuration demonstrates
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that a principled, importance-weight allocation of model complexity is essential for achieving a
favorable balance amonge performance, interpretability, and efficiency in this diagnostic task.

Table 2 Comparison of performance indicators with some models

Model Network Data Acc Pr Re Sp FM McC
M1[4] NN-EF 99.41 100 | 99.06 | 9846 | 99.21 | 98.76
2 Number of membership Training | 98.00 | 98.63 | 96.00 | 9730 | 99.20 | 9573
functions=[2,2,2,2,2,2] Test 94.08 | 9636 | 8689 | 9815 | 91.41 | 87.16
s Number of membership Training | 99.25 100 | 9792 | 100 98.95 | 9837
functions=[3,2,2,2,2,2] Test 92.90 | 9545 | 92.64 | 97.03 | 94.23 | 90.13
. Number of membership Training | 9825 | 99.27 | 9577 | 9743 | 99.61 | 96.18
functions=[2,2,3,2,2,2] Test 91.72 | 93.44 | 8507 | 96.08 | 89.06 | 82.65
s Number of membership Training | 99.75 100 | 99.32 | 100 99.65 | 99.46
functions=[4,2,2,2,2,2] Test 89.94 | 86.79 | 82.14 | 84.19 | 9381 | 77.05
v Number of membership Training | 98.75 100 | 9653 | 100 98.23 | 97.30
functions=[4,3,2,2,2,2] Test 9527 | 94.12 | 94.12 | 96.04 | 9412 | 90.16
Training | 97.25 | 99.32 | 93.15 | 99.59 | 96.35 | 94.25

M7 PCA-NF
Test 97.63 100 | 9310 | 100 96.43 | 94.80

The classification and prediction distribution of the M6 model is illustrated in Figure 3,
indicating a high degree of agreement between the predicted data and the actual data. The
detailed classification of malignant and benign cells for the M6 model is presented in Table 3.
The results indicate that the numbers of correctly predicted malignant samples in the training
and test samples are 139 and 64, respectively, yielding a total of 203 correctly identified
malignant cases. This corresponds to 95.75% of all malignant samples. Furthermore, only five
malignant samples in the training set and four in the test set were misclassified as benign.

Meanwhile, the performance indicators of the optimized PCA-NF model (M7) are also presented
in Table 4, while its classification and prediction distribution are shown in Figure 4. The
predicted outputs exhibit strong consistency with the actual labels in the training data. The
confusion matrix in Table 4 provides detailed classification results, indicating that only 10
malignant samples in the training set were incorrectly classified as benign. On the independent
test set, the model achieved an accuracy of 97.63% and a recall of 93.10%, demonstrating its
strong capability in detecting malignant cases. The comprehensive evaluation metrics-an F-
Measure of 96.43% and MCCof 94.80%-further confirm the model's robust and balanced
performance.
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Fig. 3 Classification and prediction distribution of M6 (PCA-ANFIS) model
Table 3 Classification of malignant and benign cells for M6 (PCA-ANFIS) model
Actual Training Data Test Data
Predicted Malignent Benign Malignent Benign
Malignent 139 0 64 4
Benign 5 256 4 97
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Fig. 4 Classification and prediction distribution of M7 (PCA-NF) model
Table 4 Classification of malignant and benign cells for M7 (PCA-NF) model
Actual Training Data Test Data
Predicted . . . ;
Malignent Benign Malignent Benign
Malignent 145 1 54 0
Benign 10 244 4 111
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3.2.3 COMPARISON WITH EXISTING STUDIES

We contextualize our findings within the broader research landscape by comparing them with
state-of-the-art methods published between 2016 to 2022, as summarized in Table 5. This
comparison indicates that both our enhanced PCA-NF and PCA-ANFIS models achieve
competitive performance relative to contemporary approaches. Specifically, M6 attains a test
accuracy of 95.27%, eceeding several reported models in Table 5 (e.g., GAW+BP [24] at 95.00%,
SVM Linear [27] at 95.00%), while approaching the performance of the more complex NN-EF
model (M1) which reported at 99.41% in [4].

As discussed in Section 4, this level of performance is achieved alongside improved
interpretability through the integration of fuzzy logic structures and reduced computational
complexity enabled by PCA-based feature dimensionality reduction. Consequently, the
proposed models are not only reliable for early breast cancer prediction but also more suitable
for practical clinical deployment, where model transparency, reasoning interpretability, and
operational efficiency are critical considerations. Overall, the reported metrics are comparable
to, and in some cases surpass, those of the benchmark models, demonstrating the effectiveness
and practical relevance of the proposed approach.

Table 5 Comparison of performance indicators with other network models

Year Model Accuracy
2016[22] PSO-KDE 98.11%, (2) 96.92%
2016[22] GA-KDE 96.87%, (2) 96.19%
2016[23] FW-PHHO-ELM 98.76%
2018[24] GAW+BP 95.00%
2018[24] IGSAGAW+BP 96.30%
2018[24] GAW+3NN 92.00%
2018[24] IGSAGAW+3NN 95.60%
2018[24] GAW+CSSVM 95.20%
2018[24] IGSAGAW+CSSVM 95.80%
2019/[25] FE-SSAE-SM 98.60%
2019/[25] SSAE-SM 98.25%
2020[26] BCP-T1F 96.56%
2020[26] BCP-SVM 97.06%
2022[27] SVM RBF 96.00%
2022[27] SVM Linear 95.00%
2022[27] Random Forest 93.00%
2022[27] Xgboost 98.00%
2022[4] NN-ET 99.40%
Now Our Model: PCA-NF 98.75%
Now Our Model: PCA-ANFIS 97.25%
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4. CONCLUSION

In this paper, two enhanced hybrid models, namely PCA-NF and PCA-ANFIS, have been proposed
to improve the classification of breast cancer cells using the WBCD dataset. By integrating
principal component analysis for feature reduction with fuzzy neural architectures, the models
achieve a balance between predictive performance and operational simplicity. A critical
comparison of our proposed models with the benchmark methods listed in Table 5 reveals
distinct trade-offs in terms of accuracy, interpretability, computational cost, and robustness.

Accuracy and Performance: Both PCA-NF (98.75% on the training set / 97.63% on the test
set) and PCA-ANFIS (97.25% on the training set / 95.27% on the test set) achieve classification
accuracy that is competitive with contemporary machine learning models. For instance, the NN-
ET model [4] reports an accuracy of 99.40%, while ensemble methods such as Xgboost [27]
achieve 98.00%. Although our models do not surpass the highest reported accuracy (e.g., 99.41%
from NN-ET), they remain within the high-performance range (95-99%) typically reported
among state-of-the-art methods, thereby confirming their effectiveness for clinical binary
classification tasks.

Interpretability and Clinical Usability: This represents a key advantage of our fuzzy-based
approaches. Unlike “black-box” models such as SVM-RBF, Random Forest, or deep learning
models (e.g., FE-SSAE-SM [25]), both PCA-ANFIS and PCA-NF offer a degree of interpretability
through fuzzy rule sets and membership functions. In particular, PCA-ANFIS provides explicit,
human-readable rules, which can help clinicians understand the reasoning behind a
classification decision. This contrasts with methods such as PSO-KDE [22] or GA-KDE [22],
which may offer high accuracy but lack transparent decision logic. In clinical diagnostics, such
interpretability can enhance trust and facilitate their integration into decision-support systems.

Computational Cost and Simplicity: The PCA step reduces the feature space from 30 to 6
dimensions, thereby significantly lowering computational complexity for subsequent modeling.
Compared to methods that use all 30 features or employ evolutionary optimization (e.g.,
GAW+BP [24], PSO-KDE [22]), our models are more efficient in both training and inference.
PCA-ANFIS, with its rule base reduced to 192 rules, is particularly efficient during the inference
phase. In contrast, methods based on ensemble learning or multiple kernel learning may yield
slightly higher accuracy but at the cost of greater computational overhead and longer training
times, which may pose constraints in real-time or resource-limited clinical settings.

Generalizability and Robustness: The use of PCA not only reduces dimensionality but also
decorrelates features, which can improve model generalizability to new data. Our models
demonstrated stable performance on the test set, with F-Measure and MCC values exceeding
94%, indicating robustness to potential class imbalance. However, like many models evaluated
on the WBCD dataset, their generalizability to external, multi-center clinical data remains to be
validated. Methods such as BCP-T1F [26] and BCP-SVM [26] were explicitly designed with
robustness in mind; however, our approach, by relying on PCA for noise reduction, also
inherently mitigates the impact of feature redundancy and minor data variations.

Limitations and Future Work: The main limitation of our approach lies in its dependency on
the quality of PCA transformation; if the retained variance (85%) omits clinically significant but
low-variance features, diagnostic sensitivity could be affected. Moreover, while interpretable,
the fuzzy rule base in PCA-ANFIS requires expert knowledge to define initial membership
functions, which may not be trivial in all clinical contexts. Future work will focus on: (1)
validating the models on larger, multi-institutional datasets to assess external generalizability;
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(2) exploring automated membership function tuning using metaheuristic algorithms; and (3)
extending the framework to multi-class classification tasks involving different cancer subtypes.

In summary, this research contributes a practical, interpretable, and computationally efficient
framework for breast cancer cell classification. While it does not surpass the absolute highest
accuracy reported in the literature, the PCA-NF and PCA-ANFIS models offer a favorable
balance between performance, transparency, and ease of use—attributes that are essential for
clinical decision-support tools. The proposed methodology provides a valuable alternative to
purely accuracy-driven “black-box” models, emphasizing the importance of interpretability and
operational efficiency in medical Al applications.
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