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1. Introduction 
Breast cancer is one of the most common types of cancer experienced by women with an 

increasing incidence [1], [2]. More than 8 million people are diagnosed with cancer each year 
worldwide, and about 1 million of them are breast cancer cases [3], [4]. Based on data from the World 
Health Organization (WHO), it shows that approximately 1 in 8 to 10 women will experience breast 
cancer [5]. Although rarely diagnosed in younger women, especially under the age of 25–30 years, 
the risk increases sharply in the 40–49 age group where around 25% of breast cancer deaths are 
recorded [6]. Various factors contribute to the development of breast cancer including family history, 
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 Breast cancer continues to be a significant global health challenge, 
emphasizing the need for precise methods that support early detection. This 
research introduces an enhanced classification framework that integrates the 
K-Nearest Neighbors (KNN) algorithm with the Grey Wolf Optimizer 
(GWO). In this approach, GWO autonomously identifies the most 
informative features and determines the optimal KNN parameter settings, 
contributing to improved model performance. The Wisconsin Diagnostic 
Breast Cancer dataset was utilized, and an initial exploratory analysis was 
conducted to better understand feature patterns and class distributions. To 
examine the benefit of optimization, the proposed KNN-GWO model was 
compared with a Principal Component Analysis (PCA) based KNN model 
that reduces data dimensionality. Experimental findings show that the 
KNN-GWO approach achieved an accuracy of 97.07%, surpassing the 
KNN-PCA model’s accuracy of 95.47%. The optimized model also 
delivered higher sensitivity and reduced false-positive predictions, both of 
which are crucial for clinical assessment. These results demonstrate that 
GWO effectively strengthens the performance of KNN while preserving the 
model’s interpretability and computational simplicity. Overall, this research 
highlights the promise of optimization-enhanced KNN techniques as 
dependable and transparent tools for detecting breast cancer at an early 
stage. 
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aging, hormonal factors, obesity, and postmenopausal hormonal imbalance [7]. Researchers show that 
more than 5%-6% of breast cancer patients have genetic mutations that are passed down in the family 
[8], [9]. This disease arises from the growth of abnormal cells which spread over time and attack the 
lymph nodes to form tumors that can be benign or malignant [10]. Benign present harmless symptom, 
however malignant may cause a risk of patient life [11]. This classification encompasses tumor effect 
of the host’s health [12]. 

Today, the use of machine learning technology, especially nature inspired optimization (NIO) 
algorithms, are utilized to enhance the performance of various cases [13]‒[17]. Thus, NIO algorithms 
also assist to improve the accuracy of breast cancer detection, providing more precise and reliable 
results [18]‒[20]. There has been much research on the classification of breast cancer with various 
machine-learning models [21]‒[23]. Assegie [24] reveals that the percentage accuracy of the KNN 
algorithm on the breast cancer detection test dataset is 94.35 and KNN with hyper-parameter produces 
90.10. In 2025, Nataliani et al [25] achieved accuracy of 93.7% in multi-objective KNN. Meanwhile, 
Rizki et al [26] employing Euclidean (73,61%) and Manhattan Distance (75%) measurement for 
optimizing KNN hyperparameters with PSO. PSO is one of nature-inspired optimization algorithm 
[27].  

Many nature-inspired optimization algorithms succeed in enhancing classification cases for 
KNN. Anvari et al [28] demonstrates the effectiveness of KNN hyper parameter with the whale 
optimization algorithm. While Ye et al [29] proposed a prediction model using Harris Hawks 
optimization to optimize Fuzzy KNN. Nejad et al [30] produce promising performance salp swarm 
optimization elevating KNN.  

Moreover, many researchers utilize the grey wolf optimizer (GWO) to enrich various 
classification purposes in feature selection [31]‒[34]. Therefore, Prokop [35] combine the Grey wolf 
optimizer with KNN to solve the clustering issue. Aswani et al [36] have successful in calculating 
outliers based on a given threshold using modified grey wolf optimization and KNN. Rajammal et al 
[37] improve the classification performance of Binary Improved Grey Wolf Optimizer (BIGWO) to 
optimize Adaptive kNN (AkNN) to categorize Parkinson’s disease. Tahraoui et al [38] developing 
KNN using an improved grey wolf optimization algorithm to predict water quality. 

While various methods such as Particle Swarm Optimization (PSO) and Harris Hawks 
Optimization (HHO) have been applied to feature selection, GWO is selected for this study due to its 
superior balance between exploration and exploitation phases and its requirement for fewer control 
parameters compared to PSO [39]. A critical gap in the current literature is the lack of direct 
comparison between nature-inspired wrapper methods (such as GWO) and statistical dimensionality 
reduction (such as PCA) within the specific context of the Wisconsin Breast Cancer dataset [40], [41].  

It is also important to note that the Wisconsin Breast Cancer dataset exhibits a class imbalance. 
This imbalance could potentially affect evaluation metrics such as accuracy, as a model can achieve 
high overall accuracy by favoring the majority class while performing poorly on the minority class 
[42]. PCA efficiently reduces data dimensionality, transforms original features into principal 
components, which can obscure clinically meaningful information and potentially underrepresent 
patterns associated with the minority class [43]. In contrast, GWO preserves the original features, 
directly selecting the most informative attributes directly [44]. This allows the classifier to retain 
clinically relevant information and better distinguish malignant cases, making GWO particularly 
suitable for imbalanced datasets where accurate detection of the minority class is critical [45]. 

Therefore, we proposed the performance enhancement of KNN and GWO for breast cancer 
classification based on the feature selection approach to select the fittest feature and to produce the 
recommended accuracy. For comparison, in this research we also examine the selection of features 
using principal component analysis (PCA) [46], [47] to optimize the cooperative performance KNN 
and GWO on the breast cancer dataset by reducing the dimension of the data. The research 
contributions: (a) the role of GWO is to successfully control and optimize the KNN hyperparameter 
to select the optimal number of neighbors (𝐾); and (b) enhanced KNN combined with GWO achieves 

https://www.sciencedirect.com/topics/pharmacology-toxicology-and-pharmaceutical-science/canis-lupus
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higher diagnostic accuracy for breast cancer classification. The manuscript structure present in the 
following section is Introduction, Method, Research Result and Discussion, and Conclusions. 

2. Research Methods 
This research was carried out in several stages to build an optimal classification model for breast 

cancer detection. Starting with the selection of a dataset that contains various relevant attributes, each 
stage of the investigation was arranged in stages to process the data, optimize the parameters, and 
evaluate the resulting classification model. The flowchart of the research can be seen in Fig. 1.  

 
Fig. 1. Research method flowchart 

Based on Fig. 1, first collect the data from "Breast Cancer Dataset" and then analyze the feature 
of the dataset. Second, prepare for the preprocessing data, then continue for data exploration. Based 
on data exploration, employ PCA for data reduction. In phase optimization, find the best k for the 
KNN parameter. 

The dataset used in this research is publicly accessible through the Kaggle Wisconsin Breast 
Cancer Dataset (https://www.kaggle.com/datasets/moezkloula/breast-cancer-wisconsin-diagnostic-
data-set) and has been utilized by [48]‒[50]. Based on this dataset, the research methodology is 
presented in several sections. Section 2.1 Exploratory Data Analysis (EDA) dataset. Section 2.2 
captures the most vital information with Principal Component Analysis (PCA) to reduce the 
dimensionality of the dataset. Section 2.3 demonstrates how K-Nearest Neighbors (KNN) classifies 
the dataset. Finally, Section 2.4 presents the Grey Wolf Optimizer (GWO) algorithm and its role in 
selecting the best features and optimizing the neighbors for the K-Nearest Neighbors (KNN). 

2.1. Exploratory Data Analysis (EDA)  

Exploratory Data Analysis (EDA) [51] is the initial step in data analysis that focuses on exploring, 
understanding, and cleaning data before proceeding to modeling or advanced statistical analysis. This 
process aims to identify patterns, analyze the characteristics of the data, find outliers, and understand 
the relationships between variables. Thus, stages of analysis are conducted. First, column distribution 
facilitates selection producing the fittest modeling technique. Second, the correlation features dataset 
indicates similarities in the information provided by the features to avoid multicollinearity so that the 
model is not confused by variables that have similar information. Third, clustered heatmap numeric 
features are useful for analyzing redundant variables and providing guidance for more efficient feature 
selection. 

https://www.kaggle.com/datasets/moezkloula/breast-cancer-wisconsin-diagnostic-data-set
https://www.kaggle.com/datasets/moezkloula/breast-cancer-wisconsin-diagnostic-data-set
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2.2. Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) [52] is defined as a measurable strategy utilized to diminish 
the dimensionality of information while maintaining as much change as possible. At this stage, PCA 
is connected to converting the first highlights into a smaller number of vital components, often two or 
three, to encourage examination and visualization. The first step in PCA is to calculate the covariance 
matrix [53], which is stated in (1). 

 𝐶𝑜𝑣%𝑋! , 𝑋"( =
1

𝑛 − 1
-%𝑋!,$ − 𝜇!(%𝑋",$ − 𝜇"(
%

$&'

, (1) 

where 𝑋 is a data matrix of size 𝑚 × 𝑛, where m is the number of observations and n is the number 
of features where n number of points, 𝑋!,# and 𝑋$,# present data point variables i-th and j-th,  𝜇! and 𝜇$ 
present data point variables i-th and j-th. The divider 𝑛 − 1 ensures an unbiased estimate of the 
covariance [54], [55]. The process begins by calculating the average for each feature. After the average 
is found, each value in the feature is subtracted from its average, thus obtaining standardized data. 
This process is done to ensure that all features have the same scale. Then, calculate the characteristic 
by finding the eigenvalue using (2) and eigenvectors [56] for matrix 𝑋, where 𝑋 square matrix and 𝐼 
identity matrix which assist matrix 𝑋 by 𝜆 (eigenvalue).  

 det	(𝑋	 − 𝜆𝐼) = 	0. (2) 

To obtain the eigenvalues 𝜆, calculate the determinant of the matrix 𝑋 − 𝜆𝐼, where 𝐼 is the identity 
matrix. This process produces a characteristic polynomial that can be solved to find the eigenvalues. 
Once the eigenvalues are obtained, substitute them into (2) to obtain the eigenvectors 𝑉. These 
eigenvectors indicate the direction in which the data has the maximum variance, which is vital 
information in data analysis. Furthermore, to determine the number of principal components to be 
selected [21], the criteria used are as in (3). 

 -𝜆"

(

"&'

≥ 95% (3) 

The criterion in (3) ensures that the total variance is extracted from the principal components 39 
sat least 95% of the total variance in the dataset. The value of 95% is used as the threshold for total 
variance because it captures most of the information in the data while significantly reducing the 
dimensionality. The choice of 95% is also a widely accepted standard of practice because it ensures 
the efficiency of the analysis without losing too much valuable information. This process is followed 
by the formation of an eigenvector matrix, where the eigenvectors associated with the largest 
eigenvalues are arranged in a matrix 𝑉 with 𝐾 rows (number of principal components chosen) and P 
columns (number of original features), indicating a new direction in the data space that shows 
maximum variability [22]. After dimensionality reduction, the matrix is calculated by the formula in 
(4). 

 𝑌	 = 𝑉𝑋 (4) 

where 𝑉 is a matrix containing the selected eigenvectors. This process involves multiplying the matrix 
𝑉 by the original data 𝑋	that has been transposed. The result is a matrix 𝑌that stores the data in a lower 
dimension, where each feature in 𝑌	is a linear combination of the features in 𝑋. With this 
transformation, data analysis can be done more easily, and visualizations can be made clearer without 
losing valuable information. 

2.3. K-Nearest Neighbor (KNN) 

The K-Nearest Neighbors (KNN) algorithm determines classify unlabeled data observations by 
positioning those data to the most similar labeled class sampled [57]. In KNN, the classification 
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decision is based on the majority of the classes of the 𝑘 nearest neighbors [58] present in Algorithm 
1. The class assigned to a test sample is determined by a majority vote of its 𝑘 nearest neighbors, 
where the class with the most members among the k neighbors will be the predicted class. The distance 
calculation used to calculate proximity in KNN is the straight-line distance, commonly known as the 
Euclidean distance [59] as demote in (5).  

 𝑑(𝑥, 𝑋) 	= 	D-(𝑥! − 𝑋!))
%

!&'

 (5) 

The formula for calculating the distance between each test sample 𝑥	and training data point 𝑋 
with elements 𝑥 = (𝑥', 𝑥), . . . , 𝑥%) and 𝑋! = (𝑋', 𝑋), . . . , 𝑋%) i-th training data point present in 𝑑(𝑥, 𝑋). 

Algorithm 1. K-Nearest Neighbor 

  Input:  
    - Dataset with n data points (𝑥%, 𝑥&, ..., 𝑥') 
    - Label classes (𝐶%, 𝐶&, ..., 𝐶') 
    - 𝑥: data point to be classified 
    - 𝑘: number of nearest neighbors 
  Output:  
    - Class of data point 𝑥 
  Begin 

1. calculate the Euclidean distance 𝑑(𝑥, 𝑋) 
2. calculate 𝑛 Euclidean distances.  
3. let 𝑑 be the sorted list of distances. 
4. find the corresponding 𝑘 data point for these 𝑘 distances let  {𝑥%, 𝑥&, . . . , 𝑥(} be the 𝑘 nearest point. 
5. initialize a frequency counter for each class: 

let class_count = {𝐶%: 0, 𝐶&: 0, . . . , 𝐶): 0} //where m is the number of classes 
6. for each of the 𝑘 nearest do 

                    increment the count for the class of point 𝑥$  

                 end for 
7. find the class with the highest frequency. 
8. return the class of data point 𝑥 as the classification result. 

  End 
 

2.4. Grey Wolf Optimizer (GWO) 

Grey Wolf Optimizer (GWO) algorithm inspired by the hunting behavior of gray wolves in nature 
[60]. GWO is employed to determine the most suitable 𝑘 value for the K-Nearest Neighbors (KNN) 
algorithm, thereby improving its classification performance. Selecting the optimal 𝑘 is critical: a small 
𝑘 might cause the model overly sensitive to noise, while a large 𝑘 is likely to produce smooth out 
important class distinctions, reducing accuracy [61]. 

In the Grey Wolf Optimizer (GWO), each candidate solution is presented as a "wolf." Each wolf 
represents a potential value of the nearest neighbor 𝑘 for KNN within a predefined range of 
[𝑘*!%, 𝑘*+,]. This mapping allows the optimization process to treat each possible 𝑘 value as a 
position in the search space. During the iterations of GWO, the wolves adjust their positions, exploring 
different 𝑘 values and gradually moving toward the one that maximizes KNN’s classification accuracy 
or minimizes its error. 

 The wolves are guided by the positions of the four best solutions. First, α (Alpha) presents the 
leader wolf with the best solution, which is closest to the optimal solution. β (Beta) is the second-level 
wolf with a better solution than the one below it, but not as good as α. δ (Delta) shows the third-level 
wolf with a helpful solution, but lower than β. Last, ω (Omega) presents the lowest level that functions 
to support wolves α, β, and δ in surrounding and hunting prey (optimal solution). The wolves at level 
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ω are tasked with helping wolves α, β, and δ surround and capture prey (optimal solution) following 
the mathematical formulation in (6) and (7). 

 𝑑 = G𝑏 × 𝑋-+./0- − 𝑋1G, (6) 

 𝑋%02 = 𝑋-+./0- − (𝑍 ∗ 𝑑), (7) 

where 𝑋-+./0- is the position of the prey at the iteration, and 𝑋1 and 𝑋%02 denote as current and new 
positions. Distance between the wolf and the prey present in (6) where coefficient 𝑏 controls the wolf 
moves toward the prey. 𝑋%02 influence by distance 𝑑 and coefficient 𝑍 approaching 𝑋-+./0-.  

The coefficient 𝑍 decreases with each iteration. Then, the wolf’s position is updated towards the 
prey's position with a distance calculated as in (8) and (9). 

 𝑍 = (2𝑎 ∗ 𝑟𝑎𝑛𝑑') − 𝑎, (8) 

 𝑏 = 2 ∗ 𝑟𝑎𝑛𝑑). (9) 

Where Z and b are coefficients to present the move of grey wolves approaching their prey. These 
formulas guide the approach of the fittest of exploration and exploitation. Thus, the updated position 
of the wolves is presented in (10), (11), and (12). 

 𝑑3 = |𝑏' × 𝑋3 − 𝑋1|, (10) 

 𝑑4 = G𝑏) × 𝑋4 − 𝑋1G, (11) 

 𝑑5 = |𝑏6 × 𝑋5 − 𝑋1|, (12) 

Moreover, those equations present distance calculation between the wolf position ω and the wolf 
positions α, β, and δ. Meanwhile, the updated wolves based on the previous distance exhibit in (13), 
(14), and (15). 

 𝑋3% = 𝑋3 − 𝑎' × 𝑑3 , (13) 

 𝑋4% = 𝑋4 − 𝑎) × 𝑑4 , (14) 

 𝑋5% = 𝑋5 − 𝑎) × 𝑑5 , (15) 

 𝑋%7 =
𝑋3% + 𝑋4% + 𝑋5%	

3
, (16) 

where 𝑋*', 𝑋+', and 𝑋,'	present update wolf position, while 𝑋'- integrating information from the three 
main positions, thus increasing the efficiency of the solution search based on 𝑋*', 𝑋+', and 𝑋,'	 by 3 
represent in (16). 

3. Results and Discussion 
The result and discussion of the K-Nearest Neighbor (KNN) classifier for breast cancer detection 

using the Grey Wolf Optimizer (GWO) are described in the following section. Section 3.1 Wisconsin 
Breast Cancer Dataset Analysis. Section 3.2 Experiment Discussion. 

3.1. Analysis of Wisconsin Breast Cancer Dataset 

Wisconsin Breast Cancer Dataset consists of 30 numerical features measured using standard error 
(SE) and worst case (worst value). This Wisconsin dataset [62], [63] is declared clean and usable 
because there are no missing values. Furthermore, detail feature description in each column present 
as follows id (unique identification for each tumor sample), diagnosis (tumor classification), 𝑀 
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(malignant), 𝐵 (benign), radius_mean (tumor average radius), texture_mean (tumor average texture), 
perimeter_mean (tumor average perimeter), area_mean (tumor average area), smoothness_mean 
(average of tumor surface smoothness), compactness_mean (tumor average density), concavity_mean 
(average depth of concavity in the tumor), concave points_mean (average number of concave points 
in the tumor), symmetry_mean (tumor average symmetry), and fractal_dimension_mean (tumor 
average fractal dimension).  

The stage of EDA is essential to guide the preprocessing steps and to select meaningful features 
for further analysis. The EDA process identifies relevant features and uncovers the characteristics, 
structure, and patterns of the data as an initial step in the analysis. The EDA data distribution shown 
in Fig. 2 assists data examination by recognizing distribution pattern for each feature in the Wisconsin 
Breast Cancer Dataset. 

 
Fig. 2. Data distribution in the EDA stage 

Each plot combines a histogram (bar chart) that shows frequency counts and a smooth curve 
indicating data density. The height of the bars represents the frequency of specific values, while the 
curve highlights areas where data clusters or spreads. Peaks in the curve indicate higher data 
concentrations in specific regions.  

By combining histograms with smooth density curves, the figure makes it easier to observe the 
general shape and behavior of the data. Most features exhibit a noticeable right-skewed pattern, where 
lower values appear frequently, while higher values are less common. These patterns suggest that most 
cells are relatively small or within normal size ranges, while a smaller portion displays unusually large 
measurements, which are often linked to malignant cases. Standard error (SE) features show sharp 
peaks near zero, meaning that most measurements exhibit low variability, although some malignant 
cases present higher instability. The "worst" features, representing the most abnormal cell regions, 
tend to have wider and more spread-out curves, capturing the extreme values frequently observed in 
cancerous tissue. Overall, these density plots highlight the features that are stable, those that are more 
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variable, and those that provide the strongest signals to distinguish between benign and malignant 
samples.  

The comparison bar chart of Malignant (M) and Benign (B) Wisconsin Breast Cancer Dataset 
bar chart in Fig. 3 presents values around 200 (37.3%) and 350 (62.7%), respectively. The red bars 
represent malignant cases, which refer to tumors with the potential to spread to other parts of the body. 
In contrast, the blue bars indicate benign cases, representing tumors that are generally less harmful 
and unlikely to spread. Then, the dataset splits into two main components: features (X) and labels (y). 
The features (X) include all independent variable columns that describe cancer characteristics, while 
the label (y) corresponds to the diagnosis column, serving as the dependent variable for prediction. 
Subsequently, the data is split into training and testing sets using the train_test_split method. The split 
80% of the data is allocated for training and 20% for testing based on [64], [65].  

 
Fig. 3. Number of malignant and benign cancer diagnoses 

Then, the correlation matrix in Fig. 4 shows that many tumor features are very closely related to 
each other. Measurements that describe tumor size such as radius, perimeter, and area, for both 
average and worst cases are almost perfectly related (r ≈ 0.94–0.99). This makes sense because if the 
tumor gets bigger in one way, the other size measurements naturally increase too. The features that 
describe how irregular or bumpy edges of the tumor are like concave points and concavity also show 
strong connections (r > 0.85). All these features all capture similar information on how uneven the 
tumor’s surface is, which is often seen in more aggressive cancers. The diagnosis variable is most 
strongly related to both the size and irregularity features. This means that malignant tumors tend to be 
larger and have more uneven edges. Among these, the worst of the concave points is one of the best 
indicators (r ≈ 0.79). In general, the heatmap suggests that tumor growth and aggressiveness can be 
identified through a group of strongly linked size and shape features.  

3.2. Experiment Discussion 

During data processing preparation, the contribution data for each column is determined 
specifically. First, eliminate irrelevant columns to achieve an efficient and accurate model. Second, 
the diagnosis column is transformed into a numeric format, where benign cases are represented as "0" 
and malignant cases as "1". The experiment compared three classification strategies: (a) GWO-
optimized KNN, (b) KNN with PCA, and (c) a hybrid KNN-GWO-PCA model. Euclidean distance 
was used for robust measurement, as dataset features are continuous physical variables. GWO feature 
selection employed 12 wolves over 35 iterations to balance search power and efficiency. Odd K-values 
(3–13) helped avoid voting ties. The models were assessed using confusion matrices, precision, recall, 
and F1-scores for a comprehensive evaluation.  

3.2.1. Encoding and Fitness Function 
Each candidate solution (wolf) in the GWO population is encoded as a real-valued vector 𝑋, 

representing the potential value of 𝑘. The continuous value is discretized denoted in (17). 

𝑘 = 𝑟𝑜𝑢𝑛𝑑(𝑋!)		𝑠. 𝑡.			𝑘 ∈ {𝑜𝑑𝑑	𝑖𝑛𝑡𝑒𝑔𝑒𝑟𝑠} (17) 
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The fitness function 𝑓(𝑋) aims to minimize the classification error rate during cross-validation. 
It is defined in (18). 

f(X) = 1 − Accuracy89 (18) 

where Accuracy./ is the mean accuracy obtained from 5-fold Stratified Cross-Validation. This 
ensures that the selected 𝑘 generalizes well to unseen data segments. 

 
Fig. 4. Top ten correlated features based on dataset 

3.2.2. Determination Parameter 𝑲 values of KNN 
According to Chen [66], selecting the right 𝐾 value that reflect the number of neighbors is 

essential to make a prediction, balance bias and variance, steer clear of typical, challenges, and 
maintain strong performance. To explore the impact of the 𝐾 value on the accuracy of the model, an 
evaluation was conducted using various k values 3, 5, 7, 9, 11, and 13 [67]. As the value of 𝐾 increases 
[68], the decision boundary becomes smoother because more neighbors are considered, which can 
help reduce the effect of noise on the data. However, the relationship between 𝐾 and "distance" is 
more about how many data points influence the prediction, rather than the distance from its current 
position. The fittest 𝐾 value controls the optimal number of neighbors that would improve the 
predictive power of KNN enhancement model as shown in Table 1.  

Table 1.  Accuracy experiment results 𝑘 values 

KNN Enhancement 𝑲 values 
3 5 7 9 11 13 

KNN and GWO 0.970760 0.970760 0.970760 0.964912 0.964912 0.959064 
KNN and PCA  0.959064 0.959064 0.953216 0,953216 0.947368 0.947368 

KNN, GWO and PCA 0.959064 0.959064 0.953216 0,953216 0.947368 0.947368 
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Table 1 presents the accuracy results of the K-Nearest Neighbors (KNN) classification enhanced 
with different optimization or dimensionality‐reduction techniques, measured across a range of odd K 
values (3, 5, 7, 9, 11, 13). The three enhancement scenarios are: KNN and GWO (Grey Wolf 
Optimizer), KNN and PCA (Principal Component Analysis), and a combined KNN, GWO, and PCA 
approach. Examining the numerical patterns in this matrix reveals several clear trends and subtle 
differences that can guide interpretation. Across all methods, accuracy is highest at the smallest 𝐾 
values and gradually decreases as 𝐾 increases. 

For KNN and GWO, the accuracy remains at a strong 0.970760 for 𝐾 = 3, 5, 7, then lower slightly 
to 0.964912 at 𝐾 = 9 and 𝐾 = 11 and decreases again to 0.959064 at 𝐾 = 13. This shows a plateau of 
excellent performance up to 𝐾 = 7, followed by a gentle downward slope. The small stepwise decline 
indicates that adding more neighbors introduces a bit more variability or noise, which is consistent 
with the general behavior of KNN: a higher 𝐾 can reduce variance but may increase bias. The KNN 
and PCA configuration starts slightly lower than the GWO-enhanced version, achieving 0.959064 at 
𝐾 = 3 and 5, dipping modestly to 0.953216 at 𝐾 = 7 and 9, and then falling further to 0.947368 for 𝐾 
= 11 and 13. This is a steady monotonic decline, suggesting that PCA dimensionality reduction alone 
cannot maintain top performance as neighborhood size grows. The combined KNN, GWO and PCA 
method mirrors the PCA-only pattern almost exactly: 0.959064 at 𝐾 = 3 and 5, 0.953216 at 𝐾 = 7 and 
9, and 0.947368 at 𝐾 = 11 and 13. This indicates that adding GWO optimization after PCA 
dimensionality reduction does not yield additional accuracy gains. This outcome contradicts the initial 
hypothesis of hybridization but offers a critical insight: PCA effectively aggregates the dataset's 
variance into the principal components, thereby removing the redundant noise that GWO would 
typically filter out. Consequently, applying GWO on top of PCA-transformed data introduces 
computational overhead without contributing to feature discriminability. This finding underscores that 
GWO is most effective when applied to raw features (preservation of physical meaning) rather than 
the latent, pre-compressed feature space created by PCA. 

3.2.3. Measurement Model Using Confusion Matrix 

A confusion matrix [69] is an essential statistical method for assessing the effectiveness of a 
classification model by comparing its predicted labels with the actual labels in a dataset. This method 
is still preferable for measurement performance [70], [71]. It is usually displayed as a square matrix 
in which the rows correspond to the real classes and the columns represent the predicted classes, 
providing a clear picture of how accurately the model separates distinct categories, as shown in Fig. 
5. In a binary classification setting, the matrix is made up of four main elements: True Positives (TP), 
True Negatives (TN), False Positives (FP), and False Negatives (FN). True Positives represent cases 
where the model successfully identifies positive instances, while True Negatives refer to correctly 
recognized negative instances. False Positives often called Type I errors that occur when the model 
mistakenly predicts a positive outcome, whereas False Negatives, known as Type II errors, arise when 
the model fails to detect a positive case. 

 
Fig. 5. Statistical method confusion matrix 
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Detail description Confusion Matrix shown in Fig. 6 is exhibit in Table 2. The KNN enhancement 
of the model with GWO which produces optimum 𝐾 values at 3, 5, and 7 shows the predicted 
malignant number for 59 samples and the number of samples truly identified as malignant tumors 
according to the predicted malignant and actual malignant (TP). Moreover, based on predicted benign 
and actual benign (TN) present 107 samples, which means that the model correctly identified 107 
samples as Benign when they were Benign. Meanwhile, FP represent cases where the model 
incorrectly predicted a result as positive (malignant) when it was negative (benign). KNN and GWO 
result in zero (0) false positives, which means the model did not incorrectly classify any benign cases 
as malignant. FN of KNN and GWO shows cases where the model incorrectly predicted a result as 
negative (benign) when it was positive (malignant) with 5 false negatives, meaning the model failed 
to identify 5 malignant cases and classified them as benign. However, optimum 𝐾 values for the model 
of KNN and PCA and the model of KNN, GWO and PCA produce the same values at 3 and 5. 
Additionally, the numbers of values TP, TN, FP and FN for those two models generate 58, 106, 1 and 
6, respectively. Thus, KNN model enhanced with GWO indicates accurate malignant detection with 
only missing five malignant cases.  

   
(a) 𝐾=3,5,7 (b) 𝐾=3,5 (c) 𝐾=3,5 

Fig. 6. Confusion matrix: (a) KNN and GWO; (b) KNN and PCA; (c) KNN, GWO and PCA 

Table 2.  Detail description confusion matrix enhancement of KNN 

KNN enhancement 𝑲 
Values 

True Positives 
(TP) 

True Negatives 
(TN) 

False Positives 
(FP) 

False Negatives 
(FN) 

KNN and GWO 3, 5, 7 59 107 0 5 
KNN and PCA 3, 5 58 106 1 6 

KNN, GWO, and 
PCA 3, 5 58 106 1 6 

 

3.2.4. Model Evaluation Matrix: Precision Recall, F1-Score 

 The evaluation of machine learning models using precision, recall, and the F-measure have been 
widely applied [72], especially when dealing with imbalanced datasets where overall accuracy may 
give a distorted view of performance. Precision represents the ratio of correctly identified positive 
cases to the total number of positive predictions, while recall reflects the percentage of actual positive 
instances accurately recognized by the classifier. The F-measure serves as the harmonic means of 
precision and recall, providing a single metric that balances the trade-off between these two 
complementary indicators. Table 3 presents the performance metrics for the KNN and GWO model. 
The performance of the model is measured across on different metrics for two classes: class 0 (benign) 
and class 1 (malignant). These metrics include precision, recall, F1-score, and support, with an overall 
accuracy of 97.77%. Based on precision values, the model demonstrates impressive performance 
across both classes, with class 0 achieving a precision of 0.9554 and class 1 attaining a perfect 
precision of 1. This suggests that the model is particularly accurate in predicting class 1, with no false 
positives. For recall, the model performs slightly better for class 1 with a value of 0.9219, indicating 
it correctly identifies about 92% of all malignant instances. Class 0 achieves perfect recall at 1, 
meaning it correctly classifies all benign instances. In terms of the F1-score, which is the harmonic 
mean of precision and recall, the results are highly favorable. Class 1 achieves an F1-score of 0.9594, 
while class 0 reaches 0.9772, reinforcing the strength of the model in accurately distinguishing 
between the two classes. The macro average, which gives equal weight to both classes, is 0.9708, 
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highlighting the balanced performance of the model across both benign and malignant cases. 
Similarly, the weighted average F1-score is 0.9772, which is close to the F1-score for class 0, again 
showing that the model is well-optimized for the dataset. These results demonstrate a high 
performance of KNN and GWO in high accuracy, precision, recall, and F1-score values. Therefore, 
KNN and GWO is well-suited for detecting malignant cases while minimizing errors, especially false 
positives determined clearly in Table 3. 

Table 3.  Performance model KNN and GWO 

 Precision Recall F1-Score Support 
Class 0 (Benign) 0.955357 1.000000 0.977169 107 

Class 1 (Malignant) 1.000000 0.921875 0.959350 64 
Accuracy 0.977679 0.960938 0.968259 171 

Macro avg 0.972066 0.970760 0.970500 171 
Weighted avg 0.955357 1.000000 0.977169 107 

 
Meanwhile, Table 4 exhibits the performance model of KNN and PCA and model of KNN, GWO 

and PCA. Based on the experiment results, these two models produce equal values of precision, recall, 
F1-score, and accuracy. For class 0, the two models in Table 4 achieve a precision of 0.9464, which 
is slightly lower than the KNN and GWO model’s precision of 0.9554. This indicates that although 
the two are highly effective in classifying benign cases, they have a slightly higher false positive rate 
compared to the KNN and GWO model. The recall class 0 of KNN-GWO produces it perfect recall, 
catching every true positive without missing any. It is desirable to see situations where missing 
positive cases are unacceptable. For Class 1 in Table 4 exhibits a precision of 0.9831, which is a bit 
lower than the KNN and GWO model’s perfect precision of 1. However, their recall for Class 1 
0.9063, which is lower than KNN-GWO model (0.9219), indicating that KNN and GWO is slightly 
better at identifying malignant cases, even though it is not perfect in avoiding false negatives. The F1-
score for Class 1 in Table 3 and Table 4 show quite close with difference values 0.016261, indicating 
that the KNN and GWO model still performs marginally better in balancing precision and recall for 
malignant cases. Moreover, the accuracy of the model in Table 4 is 0.9647, which indicates a small 
decrease compared to the KNN and GWO model with values 0.9777. Overall, all three models 
perform excellently. However, KNN-GWO model slightly outperforms compared to KNN and PCA 
model and KNN, GWO, and PCA in terms of precision for both classes and overall accuracy. 
Additionally, the performance of the three models is summarized and visualized in Fig. 7. 

Table 4.  Performance model of KNN and PCA and model of KNN, GWO and PCA 

 Precision Recall F1-Score Support 
Class 0 (Benign) 0.946429 0.990654 0.968037 107 

Class 1 (Malignant) 0.983051 0.906250 0.943089 64 
Accuracy 0.964740 0.948452 0.955563 171 

Macro avg 0.960135 0.959064 0.958700 171 
Weighted avg 0.946429 0.990654 0.968037 107 

 

3.2.5. Comparison with State-of-the-Art 

To validate the proposed KNN-GWO model, we compared our optimal result (97.07%) against 
recent state-of-the-art methods applied to the same Wisconsin Diagnostic Breast Cancer dataset. As 
detailed in Table 2, our KNN-GWO approach outperforms the standard KNN optimization found in 
Assegie (94.35%) [24] and the Multi-objective KNN by Nataliani et al. (93.7%) [25]. Furthermore, it 
significantly exceeds the PSO-optimized KNN reported by Rizki et al. (73.61%) [26]. While formal 
t-tests were not feasible due to the single-dataset protocol, the robustness of the KNN-GWO approach 
is evident in its consistency; it maintained superior accuracy across all tested k values (3 to 13) 
compared to the PCA and baseline models. It is acknowledged that some recent studies utilizing Deep 
Learning (DL) or ensemble Neural Networks have reported accuracies exceeding 98% on this dataset. 
However, such "black box" models often sacrifice feature traceability for marginal accuracy gains. In 
medical diagnostics, the ability to trace a decision back to specific physical attributes (e.g., 
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concavity_worst) is often prioritized over raw accuracy. Our result of 97.07% represents a competitive 
optimal point that maintains clinical interpretability—a feature lost in PCA-based or Deep Learning 
approaches—while significantly outperforming standard geometric classifiers. 

 
Fig. 7. Results of the metric experiment KNN and GWO, KNN and PCA, and KNN, GWO, and PCA 

3.2.6. Feature Interpretability Analysis 

A key advantage of GWO over PCA is clinical interpretability. Although PCA components are 
linear combinations of all features, GWO identified a specific subset of features as the most diagnostic. 
The algorithm converged on critical morphological features, specifically concave points_worst, 
concave points_mean, perimeter_worst, texture_worst, and radius_worst. The selection of these 
specific attributes suggests that they are the primary biological indicators of malignancy, providing 
valuable, traceable feedback for pathologists that PCA-transformed data cannot offer. 

4. Conclusion 
This research systematically evaluated the performance of the KNN classification under three 

optimization frameworks: (a) KNN enhanced with GWO, (b) KNN with PCA, and (c) a hybrid KNN-
GWO-PCA model. Experimental results in varying 𝐾 values (3, 5, 7, 9, 11, 13) demonstrate that the 
KNN-GWO wrapper approach produces superior stability and accuracy, achieving a peak 
performance of 0.9707 at 𝐾=3, 5, and 7. Unlike PCA-based models, which exhibited a steeper 
performance decline as neighborhood size increased, the GWO-optimized model effectively isolated 
diagnostically relevant features, maintaining robustness. Crucially, confusion matrix analysis 
confirmed that the KNN-GWO model offers the best safety profile for medical diagnosis, achieving 
zero false positives for optimal 𝐾 values and outperforming comparative models in precision and 
recall for malignant cases (Class 1). However, it is acknowledged that this wrapper-based 
improvement comes with a higher computational cost during the training phase compared to the 
filter-based PCA approach, as the GWO fitness evaluation requires iterative model training. Future 
research will address this computational trade-off by exploring hybrid filter-wrapper techniques and 
benchmarking GWO against other emerging swarm intelligence algorithms, such as the Whale 
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Optimization Algorithm or Harris Hawks Optimization, to further validate these findings on larger, 
multi-center datasets. 
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