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Abstract:

To address clinical challenges in breast cancer diagnosis, such as low diagnostic
accuracy and detection delays, this study proposes a lightweight learning optimization
method named Cray-ELM. The methodology integrates Principal Component
Analysis (PCA) for dimensionality reduction—retaining 15 key components—with a
Crawfish Optimization Algorithm (COA) and an Extreme Learning Machine (ELM).
The COA is specifically employed to optimize ELM parameters, including input
weights and hidden biases, thereby enhancing convergence stability and
generalization. Experimental validation indicates that the Cray-ELM method achieves
an average diagnostic accuracy of 98.95%, with a specificity of 98.98%, sensitivity of
97.67%, and an Fl-score of 98.65%. Comparative experiments further indicate that
this approach shows notable advantages over mainstream optimization methods across
several key performance metrics. Ultimately, the Cray-ELM method offers a high-
accuracy, fast-execution, and scalable solution, providing a robust tool for early breast
cancer screening and intelligent medical diagnosis.
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1. Introduction

Breast cancer is one of the most common malignant tumors among women
worldwide [1], characterized by insidious onset, rapid progression, and high
metastatic potential, posing serious threats to both physical health and psychological
well-being. With lifestyle changes and an aging population, the incidence of breast
cancer continues to rise and is showing a trend toward younger onset [2,3,4].
Although treatment methods have significantly advanced in recent years-with the
application of surgery, radiotherapy, chemotherapy, targeted therapy, and endocrine
therapy greatly improving patient survival—early detection remains the key to
increasing the cure rate and improving prognosis [5,6]. Therefore, leveraging
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advanced technologies to achieve rapid and accurate diagnosis of breast cancer,
particularly at the early stages, has become a major focus in clinical medicine and
intelligent healthcare research [7]. Traditional breast cancer diagnosis primarily relies
on clinical examination, imaging techniques, and needle biopsy [8]. However,
commonly used mammography (X-ray imaging of the breast) has low sensitivity in
dense breast tissue, making it prone to missing early-stage microlesions [9]. Magnetic
Resonance Imaging (MRI) while highly sensitive, is costly, time-consuming, and
prone to false positives, which can lead to unnecessary follow-up procedures [10].
Ultrasound can compensate for some of mammography’s limitations, but its accuracy
heavily depends on the operator’s experience and often suffers from poor
reproducibility and consistency [11]. Additionally, cytological analysis of biopsy
samples still faces challenges in the early detection of breast cancer. Moreover, these
traditional diagnostic methods often require multidisciplinary collaboration and
specialized equipment, resulting in complex workflows that hinder rapid, accessible,
and routine screening. Thus, there is an urgent need to develop a new auxiliary
diagnostic technology for breast cancer that is non-invasive, rapid, low-cost, and easy
to operate, in order to enhance the efficiency of early screening and promote precise
breast cancer prevention and control.

As a key component of artificial intelligence, machine learning has attracted
widespread attention in the field of medical diagnosis and has demonstrated
significant potential and application value [12]. For example, Mirai, developed by
Yala A. and colleagues at MIT [13], is a deep learning model based on mammography
that can predict breast cancer risk at multiple time points . It leverages information
from potentially missing risk factors and ensures consistent predictions across
different mammography devices. Yaqoob et al. [14] integrated the Seagull
Optimization Algorithm (SGA) for feature selection with RF for breast cancer
classification, improving the efficiency of processing high-dimensional gene
expression data. Zeng et al. [15] combined serum Raman spectroscopy with deep
learning algorithms to diagnose triple-negative and HER2-positive breast cancers,
achieving promising diagnostic results. Abrar Yaqoob et al. [16] proposed a method
that integrates Mutual Information (MI) and Particle Swarm Optimization (PSO) for
gene selection. MI serves as an initial filter, while PSO refines the selection to
identify the optimal gene subset for accurate classification. These advances highlight
the broad application prospects of machine learning in breast cancer diagnosis and
provide strong support for clinical decision-making. [17]

2. Methods

2.1. Data collection

This paper uses the publicly accessible Wisconsin Breast Cancer Dataset
(https://archive.ics.uci.edu/dataset/17/breast+cancer+wisconsin+diagnostic), ~ which
was collected by Dr. William H. Wolberg at the University of Wisconsin Hospital in
the United States [18]. The dataset contains a total of 569 samples, with 357 benign
samples and 212 malignant samples. There are 32 attributes in total, including an ID
number, a diagnosis result (M for malignant, B for benign), and 30 input features. The
specific features are shown in Table 1.
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Table 1. Feature names.

Index Feature Index Feature Index Feature
1 Mean Radius 11 Radius Standard Error 21 Worst Radius
2 Mean Texture 12 Texture Standard Error 22 Worst Texture
3 Mean Area 13 Perimeter Standard 23 Worst Perimeter
Error
4 Mean 14 Area Standard Error 24 Worst Area
Perimeter
5 Mean 15 Smoothness Standard 25 Worst Smoothness
Smoothness Error
6 Mean 16 Compactness Standard 26 Worst Compactness
Compactness Error
7 Mean Concavity 17 Concm/];l,);f’l:andard 27 Worst Concavity
Mean Concave Concave Points Std. Worst Concave
8 . 18 28 .
Points Error Points
9 Mean Symmetry 19 Sy mmegrizrf;andard 29 Worst Symmetry
Mean Fractal Fractal Dimension Std. Worst Fractal
10 . . 20 30 . .
Dimension Error Dimension

2.2. PCA-COA-ELM algorithm

The PCA-COA-ELM model achieves efficient breast cancer diagnosis through a
well-structured sequence of steps, addressing key challenges in high-dimensional
medical data analysis.First, medical datasets often contain a large number of features,
some of which may be irrelevant or redundant, potentially degrading model
performance. To mitigate this issue, PCA is utilized for dimensionality reduction.
PCA effectively retains the most informative features while discarding feature
redundancy, thereby enhancing computational efficiency and preventing overfitting.
This preprocessing step ensures that the subsequent classification model operates on a
more compact and representative dataset.

Next, the COA is integrated to optimize the parameters of the ELM, particularly the
input weights and biases. ELM, a single-hidden-layer feedforward neural network, is
known for its rapid learning speed and strong generalization capability. However, its
performance is highly sensitive to parameter selection. By leveraging COA’s
metaheuristic optimization, the model achieves improved stability and adaptability
across diverse breast cancer datasets. This step enhances classification robustness by
ensuring that the ELM model is tuned optimally, reducing training time while
improving accuracy. Once optimized, the ELM efficiently classifies tumors as benign
or malignant. Compared to traditional models, PCA-COA-ELM reduces reliance on
manual feature extraction through PCA, lowers computational complexity with
COA’s automated parameter tuning, and improves performance on complex, high-
dimensional datasets with better generalization. By integrating PCA for
dimensionality reduction, COA for optimization, and ELM for classification, this
model enhances accuracy and efficiency in breast cancer diagnosis. It also contributes
to more automated and reliable medical diagnostic tools, with potential for broader
application across imaging modalities and patient demographics. The detailed
workflow is illustrated in Figure 1.
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Figure 1. Flowchart of this study.

The research process comprises three key stages: data preprocessing, diagnostic
modeling, and result evaluation. Initially, 30 breast cancer cell nucleus features
extracted from the Wisconsin Breast Cancer Dataset are subjected to PCA for
dimensionality reduction. Subsequently, a diagnostic model is constructed using the
PCA-COA-ELM algorithm. Finally, the model’s diagnostic performance is evaluated
to assess its effectiveness and reliability.

2.2.1. Principal component analysis

Principal Component Analysis is a commonly used dimensionality reduction
algorithm, widely applied in data analysis and machine learning. The core idea is to
transform high-dimensional data into low-dimensional data through linear
transformations while retaining as much of the original data’s features and
information as possible [19]. PCA is a commonly used dimensionality reduction
method that transforms high-dimensional data into a lower-dimensional space while
preserving as much important information as possible. Before applying PCA, data is
typically standardized to eliminate scale differences between variables. Next, the
covariance matrix of the standardized data is computed, which reflects the
relationships between different variables. The covariance matrix is then decomposed
into its eigenvalues and eigenvectors. The top K eigenvalues and their corresponding
eigenvectors are selected as the principal components, as they capture the most
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significant variations in the data. By identifying the primary sources of variation, PCA
not only aids in data interpretation but also reduces model complexity, improving the
efficiency of subsequent analysis and modeling, making data processing more
effective and reliable.

2.2.2. Crayfish optimization algorithm

The Crayfish Optimization Algorithm is an emerging population-based intelligent
optimization algorithm inspired by the behavior of crayfish when searching for food
[20]. This algorithm solves complex optimization problems by simulating the foraging
paths and collective cooperation mechanisms of crayfish. The COA algorithm
flowchart is shown in Figure 2.

| Evaluate fitness to obtain X0 LYLY X, |.—<5"' """‘m“}:‘f:lx;‘:(“:m"“z“ ﬂ“‘F Start |
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Figure 2. Flowchart of the COA. The execution process is divided into three main stages:
avoidance, competition, and foraging.

2.2.3. Extreme learning machine

Extreme Learning Machine is an algorithm proposed by Professor Guang-Bin
Huang [21] from Nanyang Technological University for training single-hidden-layer
feedforward neural networks (SLFN). ELM randomly generates input layer weights
and hidden layer biases, then uses an activation function to compute the hidden layer
output. Compared to traditional methods, ELM offers advantages such as fast training
speed, good generalization performance, and reduced complexity of traditional neural
networks [22].

Assume there are N samples, ‘X 61X €R L ERNISLLLNY yhere X,

represents the i-th data in the sample, I: denotes the label of the i-th data, and L is the
number of hidden nodes. In the ELM structure, from left to right, there are the input
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layer x, the hidden layer h(x), and the output layer. The formula for the hidden layer
output H(x) is as follows:

H(x)=[},(x)s (0] 1)
Where 7 is the output of the i-th hidden layer node, and the formula is as follows:
hi(x):g(wi’bi’x):g(Wix+bi)’Wi€RD’biER (2)

Where gwrb,) represents the activation function, and (w»b) denotes the
parameters of function.

1
gX)=——=—
1+e e +1 (3)

After the hidden layer performs feature mapping through the Sigmoid activation
function, the output obtained is as follows:

£ =Y Bhm-H®P
o & @)

T
Where 8 of p ! :[ﬁ 1""”8 L] represents the output weights between the hidden layer and the output
layer.

2.3. Statistical analyses

To evaluate the diagnostic performance of the proposed Principal Component
Analysis—Crayfish Optimization Algorithm—Extreme Learning Machine (PCA-COA-
ELM) model, the following key metrics were employed:

Accuracy: The proportion of correctly classified benign and malignant cases.

Accuracy =

()

Area Under the Curve (AUC): Measures the model's ability to distinguish between
malignant and benign cases across different thresholds. A higher AUC indicates better
classification performance.

+ + o+

AUC = = ( >) (6)

=1 =1
Sensitivity (Recall): The proportion of actual malignant cases correctly identified
by the model, which is critical for reducing false negatives in early detection.

Recall = —— (7)

Specificity: The proportion of actual benign cases correctly classified, helping to
minimize unnecessary interventions.

™
TN+FP (®)

F1 Score: The harmonic mean of precision and recall, providing a balanced measure
of model performance.

Specificity=

PrecisionxRecall
2 X ————

1= (9)

Precision+Recall
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Among them, TP (True Positive) refers to cases predicted as malignant and actually
malignant; IV (True Negative) refers to cases predicted as benign and actually benign;
FP (False Positive) refers to cases predicted as malignant but actually benign; and
FN (False Negative) refers to cases predicted as benign but actually malignant. P
represents the total number of actual malignant samples, i.c., TP+FN  and N

represents the total number of actual benign samples, i.e., TN +FP Precision is the
proportion of correctly predicted malignant cases among all predicted malignant cases,

and its formula is:Precision= .
TP+FP

To ensure the robustness of the model, the dataset was split into 80 % for training
and 20 % for testing. Five independent trials were conducted using PCA for
dimensionality reduction, and random partitioning was applied to assess the model’s
stability. Performance metrics (accuracy, AUC, sensitivity, and specificity) were
recorded for each trial, and the mean + standard deviation was reported to evaluate
consistency.

To verify the effectiveness of the COA, it was compared with CS, BOA, SSA, DBO
and PSO. The comparison included algorithm stability (standard deviation of
accuracy), execution time, optimal solution error, F1 score, and AUC. Confusion
matrices were also generated to visually present true positives, false positives, true
negatives, and false negatives.

The PCA-COA-ELM model was benchmarked against five widely used classifiers:
DT, RF, SVM, BP, and XGBoost. The comparison focused on diagnostic accuracy,
computational efficiency (training/prediction time), sensitivity-specificity trade-off,
AUC, and F1 score.

3. Research

3.1. Feature dimensionality reduction

The dataset used in this study contains 30 features. PCA was applied to reduce the
dimensionality of these 30 features, and the visualization of the results is shown in
Figure 3.
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Figure 3. Visualization of data before and after dimensionality reduction.
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The left figure illustrates the distribution of the original data, whereas the right
figure presents the PCA-transformed results. The left plot represents the original data
distribution, where yellow and purple dots indicate benign and malignant cases,
respectively. Although there are some differences in their distribution in the original
feature space, a significant overlap still exists, suggesting that the distinguishing
power of these features is limited. The right plot shows the results after applying PCA,
with the horizontal and vertical axes representing the first principal component (PC1)
and the second principal component (PC2), respectively. These two principal
components retain most of the variance in the data. It can be observed that after PCA
processing, the separation between yellow and purple dots has improved, and the
major variations in the data are concentrated in PC1 and PC2. This enhances the
ability to differentiate between different categories. Overall, PCA removes redundant
information and preserves the primary characteristics of the data in a lower-
dimensional space, facilitating a better understanding of the intrinsic structure of the
data.

3.2. Evaluate the model performance with different numbers of features

The number of features (k) retained after PCA dimensionality reduction can have a
certain impact on classification results. If too few features are retained, information
loss may occur, reducing the model’s accuracy and predictive capability. On the other
hand, retaining too many features may introduce redundant information and increase
computational complexity. Therefore, in this study, we set the number of retained
features to 5, 10, 15, 20, and 25 for analysis and discussion to evaluate the impact of
feature count on model performance. This helps us determine the optimal balance
between information retention and model complexity. The classification accuracy for
different numbers of features is shown in Table 2.

Table 2. Performance Metrics under Different Numbers of Features.

Evaluation Number Number of features
index of times 5 10 15 20 25
1 9737 99.12 99.12 98.25 9737
2 96.49 9737 98.25 98.25 99.12
3 9737 98.25 98.25 9737 99.12
Accuracy (%) 4 96.49 98.25 99.12 9737 9737
5 95.61 96.49 100 98.25 96.49
average | 96.67£0.66 | 97.9£1.00 | 98.95:0.73 | 97.90+0.48 | 97.89+1.18
1 96.74 98.94 98.91 9773 96.05
2 95.56 97.44 97.96 98.61 97.78
Ave v 3 96.88 98.15 97.44 96.43 98.68
%) 4 95.49 98.13 98.84 96.51 97.01
5 94.64 95.57 100 97.67 95.92
average | 95.87£0.94 | 97.65+1.28 | 98.63£0.99 | 97.59+0.95 | 97.09+1.17
1 93.48 97.87 97.83 95.46 92.11
2 95.56 97.44 97.96 98.61 97.78
o 3 95.12 97.73 94.87 92.86 9737
Sensitivity (%) 4 9231 97.67 97.67 93.02 95.46
5 90.70 92.50 100 9535 91.84
average | 93.43+2.01 | 96.64+232 | 97.67+1.65 | 95.06+2.00 | 94.91+2.52
1 100 100 100 100 100
Specificity (%) | 2 9111 97.73 9591 97.22 98.89
3 98.63 98.57 100 100 100
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4 98.67 98.59 100 100 98.57
5 98.59 98.65 100 100 100
average | 97.40+3.18 | 98.71£0.73 | 98.98+1.77 | 99.44+1.11 | 99.49+0.63
1 96.63 99.12 99.12 98.25 97.37
2 9535 96.63 97.92 97.67 98.88
3 96.30 97.73 97.37 96.30 98.67
F1 score (%) 4 94.74 97.67 98.82 96.39 96.55
5 93.98 94.87 100 97.62 95.75
average | 95.20£1.00 | 97.00£1.42 | 98.65+0.92 | 97.25+0.77 | 97.71%1.23

Each algorithm was evaluated five times to assess its performance in terms of
accuracy, AUC, sensitivity, specificity, and F1 score under different numbers of
features. Based on the data in Table 2, it is evident that the classification accuracy
reaches its highest when the number of features is reduced to 15. This indicates that
among the tested feature counts of 5, 10, 15, 20, and 25, selecting 15 features achieves
the optimal balance between preserving key information and reducing redundancy.
Therefore, in subsequent model training, choosing 15 features as the input after
dimensionality reduction can effectively enhance classification performance. This
result provides an important reference for optimizing breast cancer diagnosis models.

3.3. COA-ELM diagnostic model

When training an ELM, key parameters such as input weights, biases, and the
number of hidden layer nodes need to be manually set. If these parameters are not
accurately configured, they can significantly impact the results, severely affecting the
classification accuracy of the diagnostic model [23]. Therefore, this study proposes an
optimization method based on the COA to optimize ELM parameters, thereby
improving model performance and generalization ability. By fine-tuning these
parameters, the optimal network structure can be identified, enabling the model to
achieve higher accuracy on both training and test datasets while enhancing robustness.
This approach helps balance model complexity and prevents overfitting. In this study,
after applying PCA for dimensionality reduction, the proposed COA-optimized ELM
diagnostic model was evaluated on a breast cancer diagnosis dataset, and the accuracy
comparison results are shown in Figure 4.

110

100+ %

| BB
11

T T T T
ELM PCA-ELM COA-ELM PCA-COA-ELM

Accuracy (%)

Figure 4. Comparison of model accuracy before and after dimensionality reduction and
optimization.

By inputting the 15 features obtained through PCA dimensionality reduction into
four models ELM, PCA-ELM, COA-ELM, and PCA-COA-ELM and conducting
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seven tests, it was observed that the proposed PCA-COA-ELM model achieved
significantly higher accuracy. This indicates that the model excels in both feature
extraction and classification capability, effectively improving the accuracy of breast
cancer diagnosis. Compared to the other three models, PCA-COA-ELM not only
maintained stable performance across all tests but also demonstrated superior
generalization ability, confirming its potential and reliability for clinical applications.

3.4. Performance comparison of different optimization algorithms

To evaluate the performance of the COA in the PCA-ELM model, this study
employed a variety of optimization algorithms for parameter tuning and conducted
comparative analyses. These algorithms include CS, BOA, SSA, DBO, and PSO.
Their performances were assessed using multiple evaluation metrics, including:
Algorithm stability, measured by the standard deviation of classification accuracy;
Execution time of each algorithm; Optimal solution error, calculated by comparing
the best solution found by each algorithm to the theoretical optimum; F1 score and
AUC, providing a comprehensive evaluation of diagnostic effectiveness in breast
cancer classification tasks.

Each optimization algorithm was independently tested five times. The resulting
diagnostic performances are illustrated in Figure 5. To further analyze the
classification effectiveness of each algorithm in breast cancer diagnosis, Figure 6
presents the corresponding confusion matrices, which intuitively display classification
outcomes such as accuracy, misclassification rates, and other key indicators.

coA COA COA

0. 025, 32 0. 06,
0. 020 : 0.05}.
ot - 26 : o0

PSO 24 Ccs PSO
\\ 0. 03|
0.02

PSO

cs
0. 010/

0,005

DBO DBO : BOA DBO BOA

S8A

cs PSO

DEO BOA DBO BOA

SSA SSA
Standard Deviation of Accuracy I F1 score (%)
Execution Time of DBO Algorithm () AUC (%)

[ Emor from Global Optimum
Figure 5. Evaluation Results of Optimization Algorithms Based on Five Metrics.

As shown in Figure 5, the performance of different optimization algorithms within
the PCA-ELM model varies significantly across the five evaluation metrics. The COA
demonstrates the best performance in key indicators such as the standard deviation of
accuracy, F1 score, and AUC, indicating strong advantages in model stability,
classification accuracy, and discriminative ability. Additionally, COA shows a
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relatively low optimal solution error, reflecting its robust global search capability and
effectiveness in approaching the optimal solution. Although its execution time is
slightly longer compared to some algorithms like the CS and SSA, the overall
efficiency remains within an acceptable range. Therefore, COA is considered the most
suitable optimization algorithm for the breast cancer diagnosis task, offering enhanced
model performance while maintaining high stability and reasonable computational
time.

Based on the confusion matrix results (a—f) presented in Figure 6 for six
optimization algorithms applied to the breast cancer diagnosis task, the classification
performance for malignant and benign samples was evaluated. Overall, all
optimization algorithms demonstrated high classification accuracy, highlighting the
potential of optimization-based diagnostic models in intelligent medical image
recognition.

(a)COA Accuracy: 100.00 % (b)CS Accuracy: 97.37 % (c)BOA Accuracy: 96.49 %
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Figure 6. Confusion Matrix Results.

The confusion matrices of breast cancer classification results under different combinations of
optimization algorithms and ELM classifiers are presented, including six algorithms: (a) COA, (b)
CS, (c) BOA, (d) S84, (e) DBO, and (f) PSO.

Among them, the COA (Figure 6a) achieved a perfect classification accuracy of
100.00 %, making it the most outstanding performer. All test samples were correctly
classified without any misclassifications, demonstrating strong robustness and
generalization capability. The CS (Figure 6b) and PSO (Figure 6f) also showed
excellent performance, both with an accuracy of 97.37 %. PSO was particularly
precise in identifying malignant samples, with only a small number of benign samples
misclassified. The DBO (Figure 6¢) followed closely with an accuracy of 98.25 %,
maintaining both high accuracy and strong stability. In contrast, the BOA (Figure 6¢)
and the SSA (Figure 6d) achieved accuracies of 96.49 % and 95.61 %, respectively.
Although slightly lower than the other algorithms, they still correctly classified the
vast majority of samples, making their classification performance practically valuable.

In summary, the COA demonstrated the best performance under the experimental
setup of this study, making it the most promising optimization strategy for breast
cancer diagnosis. Meanwhile, algorithms such as PSO and DBO also showed strong
competitiveness. The confusion matrix not only provides classification accuracy but
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also reveals the classification bias of each algorithm for different types of samples,
offering valuable insights for future algorithm selection and improvement.

3.5. Comparison of different classifiers

With the rapid development of machine learning and artificial intelligence, we
introduced five classical algorithms—Decision Tree (DT), RF, SVM,
Backpropagation Neural Network (BP Neural Network), and XGBoost—into our
existing model framework (PCA-COA-ELM) for comparative analysis. The accuracy,
AUC, sensitivity, specificity, and F1 score of each algorithm are shown in Figure 7.

1004 Decision Tree
Random Forest
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BP

XGBOOST

PCA-COA-ELM

2
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Figure 7. Performance comparison results of different diagnostic models.

From Figure 7, it is evident that the PCA-COA-ELM model performs excellently
across all evaluation metrics, showing a clear advantage compared to other classic
algorithms. In terms of accuracy, AUC, sensitivity, specificity, and F1 score, PCA-
COA-ELM consistently outperforms the other methods. Especially in AUC and F1
score, the model demonstrates strong classification ability and good balance,
effectively distinguishing between benign and malignant breast cancer samples.
Moreover, PCA-COA-ELM excels in balancing sensitivity and specificity, which
helps minimize both false negatives and false positives in breast cancer diagnosis.
Although classic algorithms such as Decision Tree (DT), RF, SVM, BP Neural
Network, and XGBoost also achieve relatively high scores across various metrics,
there remains a noticeable gap compared to PCA-COA-ELM. Therefore, by
integrating the strengths of PCA, COA, and ELM, the PCA-COA-ELM algorithm
shows greater potential in breast cancer diagnosis, providing a more efficient and
accurate solution for early screening and diagnosis in this field.

4. Discussion

This study proposes a breast cancer diagnosis method Cray-ELM: A Lightweight
Optimized Learning Framework for Intelligent Breast Cancer Diagnosis. SVM and
Logistic Regression (LR) also achieve high accuracy in breast cancer classification
but often require complex feature selection and parameter tuning. For example,
Laghmati et al. [24]proposed a supervised CAD system combining feature selection,
PCA, and ensemble models (such as Majority Voting and Stacking with Logistic
Regression), achieving 97.37 % accuracy on the Wisconsin Breast Cancer Diagnostic
dataset. Similarly, Ara et al.[25] and Naji et al. [26] employed Random Forest and
SVM, reporting accuracies of 96.5 % and 97.2 %, respectively. These methods
typically require significant manual intervention for feature selection and
hyperparameter optimization, whereas PCA-COA-ELM enhances classification
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performance through an automated optimization process, reducing the need for
manual adjustments.

Deep learning methods have also made significant advancements in breast cancer
diagnosis. For example, Sharmin et al. [27] developed a hybrid deep learning model
combining ResNet50V2 and Light Gradient Boosting Classifier, achieving 95%
accuracy. Additionally, Islam et al. [28] demonstrated that Artificial Neural Networks
(ANNSs) achieved the highest accuracy of 98.57 % on the Wisconsin Breast Cancer
dataset, highlighting their effectiveness in early diagnosis. However, deep learning
methods usually require large amounts of training data and computational resources.
In contrast, PCA-COA-ELM performs well on small sample datasets while
maintaining high computational efficiency.

The proposed PCA-COA-ELM method demonstrates significant advantages in
feature extraction, model optimization, and computational efficiency. By integrating
PCA for dimensionality reduction and COA for optimization, this approach efficiently
processes high-dimensional data, enhancing model generalization and classification
performance. Additionally, PCA-COA-ELM offers superior model interpretability,
making it more suitable for resource-constrained environments. However, this study
has limitations. The experiments were mainly conducted on the Wisconsin Breast
Cancer dataset, which has a limited sample size and diversity, potentially affecting
generalization. Future research should explore larger, more diverse datasets and
integrate multimodal data to enhance accuracy and clinical applicability.

The proposed PCA-COA-ELM method demonstrates significant advantages in
feature extraction, model optimization, and computational efficiency, making it
particularly suitable for resource-constrained environments. Despite these
achievements, several limitations should be acknowledged: (1) Data Limitations: The
current validation is based solely on a single public dataset, with a limited sample size
(569 cases) and lack of diversity (only cytological features from fine-needle
aspiration), which may affect the model’s generalizability. Unlike clinical practice
involving multicenter and multimodal data, the model’s ability to integrate critical
diagnostic information such as ultrasound imaging and molecular pathology remains
unverified. (2) Algorithmic Limitations: Although COA exhibits strong optimization
performance, it still lags slightly behind newer metaheuristic algorithms, such as the
Golden Jackal Optimizer introduced in 2023. Additionally, ELM, as a single-hidden-
layer feedforward neural network (SLFN) without iterative training, while offering
fast training speed, shows performance instability when dealing with imbalanced
datasets—particularly in terms of reduced precision and specificity for minority class
recognition. (3) Clinical Application Challenges: Medical Al models are required to
meet strict regulatory standards. However, this study is based on single-center
retrospective data and lacks prospective multicenter clinical validation. The model’s
generalizability across different medical devices and operational protocols still needs
further investigation.

5. Conclusions

Multiple comparative experiments in this study demonstrate that the proposed
model offers three key advantages: efficiency, accuracy, and practicality. PCA
reduces computational complexity, while COA enables automated parameter
optimization, minimizing manual intervention. The optimized ELM achieves a good
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balance between sensitivity and specificity, significantly lowering the risk of
misdiagnosis.

This model shows strong real-world applicability. It performs well on small-sample
datasets, achieving high accuracy with only 569 cases, making it particularly suitable
for use in primary healthcare settings. PCA assists in extracting key features (e.g.,
radius error, texture standard deviation), enhancing model interpretability. The
automated feature selection and parameter tuning process also simplifies operation,
making the model easier for clinicians to use.

Additionally, the model exhibits strong potential for extension and transferability.
Its general architecture can be adapted to other disease types (such as lung cancer or
thyroid cancer) and supports integration with other modalities, such as medical
imaging or genomic data, laying the groundwork for multi-source fusion diagnostics.

In the future, integrating breast ultrasound, histopathological slide images, and
dynamic follow-up data will help build a cross-modal diagnostic framework,
improving the model’s adaptability to complex cases and ensuring more precise
diagnoses. Efforts will also focus on expanding clinical validation samples to assess
the model’s robustness across diverse populations and device variations, promoting
deployment on mobile platforms to support rapid screening in rural and remote areas.
Furthermore, incorporating dynamic learning mechanisms will enable continuous
model optimization, with future extensions to include malignancy grading and
treatment response prediction capabilities.
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