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Abstract 

Breast cancer classification plays a critical role in early diagnosis and clinical decision-making. However, medical datasets are often 

high-dimensional and contaminated with outliers, which can degrade classification performance. While Principal Component 

Analysis (PCA) is commonly used for dimensionality reduction, its sensitivity to outliers limits its effectiveness in medical data 

analysis. To address this limitation, this study proposes a robust PCA (RPCA) approach based on the Minimum Regularized 

Determinant (MRCD) estimator for dimensionality reduction and named the proposed method as Robust MRCD-PCA (RMPCA). 

The classification using proposed RMPCA is evaluated using Support Vector Machine (SVM), Artificial Neural Network (ANN), 

and K-means classifiers, and compared against baseline and PCA-based models. A total of nine classification models is examined 

using a breast cancer dataset, with performance assessed using accuracy, precision, recall, and F1-score. Experimental results 

demonstrate that RMPCA achieves more consistent and reliable classification performance, particularly when combined with 

supervised classifiers such as SVM, outperforming both baseline and PCA-based approaches. These findings highlight the 

importance of robust dimensionality reduction as an effective preprocessing strategy for improving machine learning-based breast 

cancer classification. The proposed method is also found to be promising and applicable method for classification. The findings 

support more reliable clinical decision-making, thereby contributing to improved healthcare outcomes and reduced socio-cultural 

burden associated with misdiagnosis. 
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1. Introduction1 

Over 2.1 million new cases of breast cancer are reported each year, making it a major global health concern (Rahman 

et al., 2025). The classification of breast cancer is a critical endeavour in medical data analysis, as it aids in facilitating 

early identification and informing therapeutic decision-making. Developments in machine learning have facilitated the 

creation of automated classification models that aid in differentiating between benign and malignant instances. 

However, breast cancer datasets frequently exhibit high dimensionality, feature redundancy, and outliers due to 

measurement mistakes and biological variability (Rahman et al., 2025; Yaqoob et al., 2025). These issues can negatively 

impact the performance and stability of machine learning classifiers, especially when implemented directly in the 

original feature space. 

Dimensionality reduction techniques are frequently utilised to mitigate these challenges by converting high-

dimensional data into a more concise and practical representation. Principal Component Analysis (PCA) is widely 

used for this purpose, due to its ability to retain maximal diversity and minimise information loss (Mohammed et al., 

2023) . Studies by Adiwijaya et al. (2018) and Kartini et al. (2025) have demonstrated that PCA improves classification 

performance when employed in conjunction with machine learning models, and it has been successfully applied in a 

variety of biological classification applications, including cancer data processing. However, the sensitivity of classical 

PCA to outliers and deviations from normality restricts its usefulness in real-world medical datasets that frequently 

contain outliers. 
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Robust PCA has been proposed as a solution to this problem, utilizing robust estimators to lessen the impact of outliers 

during feature extraction (Midi et al., 2025). Robust Principal Component Analysis (RPCA) exhibits enhanced stability 

and reliability in managing abnormal data compared to classical PCA (He et al., 2023). Recent studies indicate that 

robust feature extraction can improve classification accuracy by yielding clearer and more distinctive feature 

representations, especially in high-dimensional biological contexts such as in Alessandrini et al. (2022) and He et al. 

(2023). The Minimum Regularized Covariance Determinant (MRCD) estimator, an established robust estimator, is 

incorporated into the PCA in this study to overcome the problem of high-dimensional data. Studies done by Boudt et 

al. (2020) and Zahariah and Midi (2023) have demonstrated the MRCD's efficacy as a reliable estimator for high-

dimensional data. 

Motivated by these findings, the objective of this study is to propose robust PCA for dimensionality reduction using 

the MRCD estimator, called Robust MRCD-PCA (RMPCA). Machine learning models are subsequently employed to 

classify the breast cancer dataset. Although Robust MRCD-PCA (RMPCA) has shown promise in handling high-

dimensional and contaminated data, its integration within end-to-end breast cancer classification frameworks remains 

limited, and its impact on downstream machine learning classification performance has not been systematically 

evaluated. To address this gap, this study compares the proposed method with baseline models (K-means, Artificial 

Neural Network (ANN), and Support Vector Machine (SVM)) and classical PCA-based models to assess how robust 

dimensionality reduction enhances classification performance. 

The remainder of this paper is organized as follows. Section 2 describes the dataset, the proposed Robust MRCD-PCA 

framework, and the machine learning models employed in this study. Section 3 presents and discusses the classification 

results obtained from the proposed method in comparison with baseline and classical PCA-based models. Finally, 

Section 4 concludes the paper by summarizing the main findings and outlining potential directions for future research. 

2. Methods 

This section presents the experimental results for one benchmark dataset, the Breast Cancer Wisconsin Diagnostic, 

obtained from the UC Irvine Machine Learning Repository. The use of a benchmark dataset is important in this study 

to ensure a fair and consistent evaluation of the proposed method, allowing comparison with existing approaches 

reported in the literature such as in Cakmak and Pacal (2025) and Li (2023). Details about the dataset used are shown 

in Table 1. The machine learning models used in this study are K-means, Artificial Neural Network (ANN), and Support 

Vector Machine (SVM). These classifiers are implemented using the original dimension as well as dimension obtained 

through classical PCA and the Robust MRCD-PCA (RMPCA). All computational experiments were conducted using 

R and Python.  

Table 1. Details of the dataset. 

Dataset Sample size Dimension Group 

Breast Cancer Wisconsin 

Diagnostic 
569 30 

Benign (357 observations) 

Malignant (212 observations) 

Figure 1 illustrates the overall workflow of the proposed study. The process begins with obtaining the breast cancer 

dataset from the UC Irvine Machine Learning Repository. The two primary scenarios of the workflow are classification 

with dimensionality reduction and classification utilising the original dimensions. In the second scenario, two 

dimensionality reduction methods are used which are the suggested Robust MRCD-PCA (RMPCA) and classical PCA. 

Subsequently, the dataset is divided into training and testing data, with 80% of the data allocated for model training and 

20% reserved for performance evaluation.  

Three baseline classifiers (K-means, ANN, SVM) are used in the model's implementation stage. The same classifiers 

are applied to the reduced dimensions to create PCA-based and Robust MRCD-PCA (RMPCA) models in addition to 

the baseline models. This makes it possible to systematically assess classification performance across various 

dimensions. Finally, the performance of all models is evaluated and compared using accuracy, precision, recall, and 

F1-score. The overall workflow is illustrated in Figure 1 and summarized in Algorithm 1. 
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Figure 1. Flow chart of the study 

Tabel 2. Breast Cancer Classification Framework 

Algoritm 1. Breast Cancer Classification Framework 

Require: Breast cancer dataset D from UC Irvine Machine Learning Repository 

Ensure: Performance comparison across Baseline, PCA-based, and RMPCA-based models 

 

1:   Acquire dataset D 

2:   Perform data cleaning and preprocessing on D and get D_clean 

 

3:   Apply PCA to D_clean and get D_PCA 

4:   Apply RMPCA to D_clean and get D_RMPCA 

 

5:   Split D_clean, D_PCA, and D_RMPCA into Training (80%) and Testing (20%) 



Mutalib et.al |  Journal of Applied Science, Engineering, Technology, and Education, 2026, 8(2): 400–413 

 

403 

 

 

6:   Define Models {Baseline, PCA-based, RMPCA-based} 

7:   Define Classifiers {K-means, ANN, SVM} 

 

8:   For each M_i in Models do 

9:      If M_i = Baseline then 

10:          For each C_i in Classifiers do 

11:               Train C_i using Training D_clean 

12:               Predict on Testing D_clean 

13:               Compute Accuracy, Precision, Recall, F1-score 

14:          End For 

 

15:      Else if M_i = PCA-based then 

16:          For each C_i in Classifiers do 

17:               Train C using Training D_PCA 

18:               Predict on Testing D_PCA 

19:               Compute Accuracy, Precision, Recall, F1-score 

20:          End For 

 

21:      Else // RMPCA-based 

22:          For each C_i in Classifiers do 

23:               Train C_i using Training D_RMPCA 

24:               Predict on Testing D_RMPCA 

25:               Compute Accuracy, Precision, Recall, F1-score 

26:          End For 

27:      End If 

 

28: Compare performance across all model categories 

2.1. Dimensionality Reduction Techniques 

In this section, two dimensionality reduction techniques are described, namely PCA and the proposed robust MRCD-

PCA (RMPCA). These techniques are used to reduce the dimensionality of data and extract meaningful features before 

classification. While PCA is effective under uncontaminated data, robust PCA is incorporated to reduce the influence 

of outliers, as the robust method is insensitive to outliers. 

2.1.1. Principal Component Analysis (PCA) 

The procedure involved in PCA is explained in this section. PCA procedures involve data standardisation, calculation 

of covariance matrices, eigen decomposition, and projection onto selected principal components.  

Step 1:  Compute the sample mean, jx  and covariance matrix, S  from the dataset, X . 

Step 2:  Standardise the data using Eq. (1) so that each variable contributes equally to the analysis.  

1, 2, , 1, 2, , .
ij j

j

j

x x
z i n j p

s

−
= = =  (1) 

Step 3: Obtain eigenvectors and eigenvalues of the sample covariance matrix S  and let the eigenvalue 

eigenvector pairs ( ) ( ) ( )1 1 2 2, , , , , ,p p  e e e  where 
1 2 0p      .  

Step 4:  The eigenvectors are arranged in descending order based on the corresponding eigenvalues, and the 

principal components are selected based on the proportion of variance explained, typically retaining 

components that account for 80% or 90% of the total variance (Hubert et al., 2005).   

Step 5:  Finally, the data are projected onto the selected principal component axes to obtain the reduced 

representation.   
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2.1.2. Proposed Robust MRCD-PCA (RMPCA) 

The formulation of an enhanced robust PCA is achieved by incorporating principal component analysis with the 

Minimum Regularised Covariance Determinant (MRCD) estimator.  

Step 1:  Obtain the MRCD-based robust sample means, 
,j MRCDx  and covariance matrix, 

MRCDS  is obtained. 

Step 2:  Standardise the data using Eq. (2) so that each variable contributes equally to the analysis.  

,

,

1, 2, , 1, 2, , .
ij j MRCD

j

j MRCD

x x
z i n j p

s

−
= = =  (2) 

Step 3:  Find the eigenvectors and eigenvalues of the sample covariance matrix, 
MRCDS  and let the eigenvalue-

eigenvector pairs ( ) ( ) ( )1 1 2 2, , , , , ,p p  e e e  where 
1 2 0p      .  

( ) 0 1,2, ,MRCD j jU j p− = =S I   (3) 

( )det 0MRCD − =S I  (4) 

Step 4:       The eigenvectors are ordered in descending order based on the corresponding eigenvalues, and the 

principal components are selected based on the proportion of variance explained, typically retaining 

those that account for 80% or 90% of the total (Hubert et al., 2005).    

Step 5:  In the final step, the data are projected onto the selected principal component axes to obtain the 

reduced representation. 

2.2. Machine Learning Models 

In this section, three machine learning models are explained, namely K-means, Artificial Neural Network (ANN), and 

Support Vector Machine (SVM). These models are used to classify the dataset into benign or malignant. 

2.2.1. K-means 

K-means is an unsupervised learning algorithm widely used for partitioning data into K distinct clusters based on 

similarity (Gholami et al., 2023; Zhu et al., 2021). The objective of the algorithm is to minimise the within-cluster sum 

of squared distances between data points and their corresponding cluster centroids. Let  1 2, , , nx x x represent a set 

of input data points in a multidimensional feature space. 

The K-means algorithm begins by specifying the number of clusters K and initialising K centroids, typically selected 

randomly from the dataset. Each data point is then assigned to the cluster whose centroid is closest, based on the 

Euclidean distance measure. After the assignment step, new centroids are computed as the mean of all data points 

belonging to each cluster (Aggarwal, 2015). The resulting clusters are analysed to identify inherent patterns in the data. 

When true class labels are available, clustering results may be compared against ground truth using external evaluation 

measures.  

Let  1 2, , , , d

n iX x x x x=  , be a dataset consisting of n data points in a 𝑑-dimensional feature space. The goal of 

K-means is to partition the dataset into K disjoint clusters  1 2, , , KC C C C=  , by minimising the objective function in 

Eq. (5). 

2

1

,
i Ck

K

i kx
k

J x 


=

= −  (5) 



Mutalib et.al |  Journal of Applied Science, Engineering, Technology, and Education, 2026, 8(2): 400–413 

 

405 

 

where 
k  denotes the centroid of the cluster 

kC , and   represents the Euclidean norm. The centroid 
k  is defined as 

the mean of all data points assigned to a cluster 
kC  , as in Eq. (6). 

1

i k
k ix C

k

x
C




=   (6) 

The K-means clustering process consists of the following sequential steps (Shrifan et al., 2022). 

Step 1:  Specify the number of clusters K before execution. The choice of K may be guided by domain 

knowledge or exploratory techniques such as the elbow method (Aggarwal, 2015). 

Step 2:  Initial centroids  1 2, , , k   are selected, commonly by randomly choosing K data points from the 

dataset. These centroids serve as the initial cluster centers. 

Step 3:  Each data point 
ix  is assigned to the cluster whose centroid is closest according to the Euclidean 

distance criterion as given in Eq. (7). 

 if  ,i k i k i jx C x x j k  −  −    (7) 

This step partitions the dataset into K clusters based on proximity to centroids. 

Step 4:  For each cluster 
kC , a new centroid is computed as the mean of the data points assigned to that cluster 

using Eq. (8). 

( ) 1

i k

new

k i

x Ck

x
C




=   (8) 

This update step relocates the centroid to the center of its assigned data points. 

 Step 5: Steps 3 and 4 are repeated iteratively until convergence is achieved, which occurs when cluster 

assignments remain unchanged, centroid updates fall below a predefined threshold, or a maximum 

number of iterations is reached. Upon convergence, the final cluster assignments and centroids are 

obtained. 

2.2.2. Artificial Neural Network 

An Artificial Neural Network (ANN) is a supervised machine learning approach designed to model complex and 

nonlinear relationships between input features and output targets. ANNs have gained significant attention in recent 

years due to their strong predictive capability and flexibility across various classification and prediction tasks. Recent 

studies highlight the effectiveness of ANN architectures, particularly Multilayer Perceptrons (MLPs), in learning 

nonlinear decision boundaries from data (A. R. Khan et al., 2025). In this study, a Multilayer Perceptron (MLP) 

architecture is employed, consisting of an input layer, one or more hidden layers, and an output layer. Fully connected 

neurons and nonlinear activation functions enable the network to approximate complex functions (Aziz et al., 2022). 

The ANN architecture employed in this study follows a standard Multilayer Perceptron (MLP) structure consisting of 

an input layer, one hidden layer, and an output layer. Let ( )1 2, , , ,
T

dx x x x=  denote an input feature vector of 

dimension 𝑑. The input layer contains 𝑑 neurons corresponding to the input features, the hidden layer consists of h  

neurons, and the output layer contains 𝑐neurons representing the class labels. 

Each neuron in a layer is fully connected to neurons in the subsequent layer via weighted connections. Information 

flows forward through the network in a process known as forward propagation, where neuron activations are computed 

sequentially from the input layer to the output layer. For a hidden neuron j , the net input is computed as in Eq. (9). 

1

d

j ij i ji
z w x b

=
= +  (9) 
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where 
ijw  represents the weight connecting input neuron i  to hidden neuron j, and 

jb  is a bias term. The neuron output 

is obtained by applying a nonlinear activation function ( ).f  in Eq. (10). 

( )j ja f z=  (10) 

In recent ANN implementations, the Rectified Linear Unit (ReLU) activation function is commonly used in hidden 

layers due to its computational efficiency and effectiveness in mitigating vanishing gradient problems (Mienye & Swart, 

2024). At the output layer, Sigmoid or Softmax activation functions are employed depending on whether the 

classification task is binary or multi-class. 

The learning objective of the ANN is to minimise a loss function that measures the discrepancy between predicted 

outputs and true class labels. For classification tasks, cross-entropy loss is widely adopted and is defined as in Eq. (11). 

( )
1

ˆlog
C

k kk
L y y

=
=  (11) 

where 
ky  denotes the true class label and ˆ

ky  represents the predicted probability for class .k Cross-entropy loss 

provides stable gradients and efficient convergence in modern neural network training (Ulku & Akagündüz, 2022). 

2.2.3. Support Vector Machine 

Support Vector Machine (SVM) is a supervised learning algorithm widely used for classification and regression tasks. 

SVM constructs an optimal decision boundary that separates data points of different classes with the maximum possible 

margin, thereby improving generalisation performance on unseen data. Recent studies confirm that SVM remains a 

strong baseline classifier, particularly for structured and medium-sized datasets, due to its solid theoretical foundation 

and robustness to overfitting (Nandi et al., 2023). The decision boundary in SVM is defined by a subset of critical 

training samples known as support vectors, which lie closest to the separating hyperplane. 

Let ( )   
1

, , , 1, 1
n d

i i i ii
x y x y

=
  − +  denote a labeled training dataset. The objective of a linear SVM is to find a 

hyperplane 0Tw x b+ =  that separates the two classes with maximum margin. This is achieved by solving the following 

optimisation problem given in Eq. (12). 

2

,

1

2
min

w b

w  (12) 

subject to ( ) 1, 1,2, , .T

i iy w x b i n+  =   Maximising the margin corresponds to minimising 
2

w , which leads to better 

generalization (Chhajer et al., 2022). For real-world data that may not be perfectly separable, SVM introduces slack 

variables 
i  to allow misclassification. The optimisation problem becomes, 

2

, , 1

1

2
min

n

i
w b i

w C



=

+   (13) 

subject to ( ) 1 , 0.T

i i i iy w x b  +  −   

When data are not linearly separable, SVM employs kernel functions to implicitly map input data into a higher-

dimensional feature space where linear separation becomes possible. This approach is known as the kernel trick. 

Common kernel functions include linear kernel, polynomial kernel and radial basis function (RBF) kernel. Among 

these, the RBF kernel is widely used due to its ability to model nonlinear decision boundaries given in Eq. (14). 

( ) ( )2

, expi j i jK x x x x= − −  (14) 

where   determines the influence of individual training samples. Recent literature emphasizes careful tuning of C 

and  to achieve optimal performance. 

Once trained, the SVM classifier assigns a class label to a new data point x using the decision function in Eq. (15). 
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( ) ( ),i i i j

i SV

f x sign y K x x b


 
= + 

 
  (15) 

where 𝑆𝑉 denotes the set of support vectors and 
i  are Lagrange multipliers are obtained during training. Only support 

vectors contribute to the decision function, making SVM efficient during prediction (Chhajer et al., 2022). The 

regularisation parameter C controls the trade-off between maximising the margin and minimising classification error. 

A larger C places greater emphasis on correct classification, while a smaller C promotes a wider margin. 

2.3. Model Configurations 

In this study, various feature extraction methods were combined with machine learning algorithms to create nine 

classification models. Based on the feature representation that was employed, the models were divided into three 

groups. The baseline models, which include K-means, Support Vector Machine (SVM), and Artificial Neural Network 

(ANN), were created using the original dimensions. Principal Component Analysis (PCA) and Robust MRCD-PCA 

(RMPCA) were used for dimensionality reduction before classification, producing models based on PCA and RMPCA. 

All models were evaluated using the same dataset, experimental settings, and performance metrics to ensure a fair 

comparison. Table 2 summarizes the classification models and dimension extraction techniques considered in this 

study. 

Table 2. Summary of model configurations.  

Category Description 

Baseline models K-means, ANN, SVM 

PCA-based models PCA+K-means, PCA+K-ANN, PCA+SVM   

Robust MRCD-PCA models RMPCA+K-means, RMPCA+ANN, RMPCA+SVM   

2.4. Performance Evaluation 

The performance of the nine models was evaluated using accuracy, precision, recall, and F1-score, which are widely 

used metrics in classification problems. Since this study is based on binary classification, Eqs. (16) – (19) can be used 

to evaluate the performance of the model (Asif et al., 2025; Singh et al., 2022). 

Accuracy
TP TN

TP TN FP FN

+
=

+ + +
 

(16) 

Precision
TP

TP FP
=

+
 

(17) 

Recall
TP

TP FN
=

+
 

(18) 

( )

( )

2* Recall*Precision
F1 Score

Recall+Precision
=  

(19) 

3. Results and Discussion 

3.1.  Comparative Performance Analysis 

In this section, the results of the comparative performance analysis of nine models for breast cancer classification are 

presented and discussed. Table 3 reports the accuracy, precision, recall, and F1-score used to evaluate the performance 

of these models. The highest values are bold to indicate the better model. 
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Table 3 shows that SVM outperforms ANN and K-means among the baseline models, indicating that supervised and 

margin-based classifiers are well-suited for breast cancer classification tasks, as they can maximize class separation. In 

contrast, the comparatively weaker performance of K-means highlights the limitations of this unsupervised clustering 

method. With a lack of label information, K-means struggles to learn complex decision boundaries in such settings (An 

et al., 2023; I. K. Khan et al., 2024). 

From an overall perspective, incorporating dimensionality reduction techniques improves the classification 

performance of machine learning models for breast cancer classification, which is consistent with findings reported in 

previous studies of Koca and Aktepe (2024) and Athisayamani et al. (2025). This improvement is observed in both 

PCA and RMPCA models, which generally achieve higher performance compared to baseline approaches.  However, 

the performance gains of PCA-based models are not consistent across all classifiers, as the baseline SVM slightly 

outperforms its PCA-based counterpart. This result reflects a known limitation of classical PCA, which is sensitive to 

outliers and deviations from normality, factors that commonly arise in medical datasets due to biological variability and 

measurement errors (Chen et al., 2020; Hubert et al., 2005). 

The most dependable and consistent performance is shown by RMPCA-based models, especially when paired with 

supervised classifiers like SVM and ANN. The better performance of RMPCA-based models implies that robust 

dimensionality reduction successfully reduces the impact of outliers. Robust dimensionality reduction improves the 

SVM by offering cleaner and more informative feature representations. Enhanced accuracy achieved through the 

proposed method may lead to more reliable diagnoses, reducing unnecessary psychological burden and supporting 

better patient management. 

Table 3. Classification performance of machine learning models for test data. 

Model Accuracy (%) Precision Recall F1-score 

Baseline models 

K-means 89.47 0.901 0.872 0.883 

ANN 96.49 0.967 0.957 0.962 

SVM 98.25 0.986 0.976 0.981 

PCA-based models 

PCA + K-means 90.35 0.910 0.880 0.890 

PCA + ANN 97.37 0.980 0.960 0.970 

PCA + SVM 97.37 0.970 0.970 0.970 

Robust MRCD-

PCA models 

RMPCA + K-

means 
91.23 0.920 0.890 0.900 

RMPCA + ANN 97.37 0.970 0.970 0.970 

RMPCA + SVM 98.25 0.990 0.980 0.980 

  

Figure 2 reflects the findings shown in Table 3, providing a visual representation of the classification performance 

across different models. As illustrated in Figures 2(a)–(c), the baseline model still shows significant mixing of the two 

groups, indicating that the separation between classes is still unclear and poorly defined. This suggests that the model 

without dimensionality reduction is less effective in handling the complexity and potential outliers in the data. 

In contrast, a clearer separation between the two groups can be observed when the PCA and RMPCA-based models are 

used. The combination of dimensionality reduction techniques improves the data structure, allowing the model to better 

distinguish between classes. Notably, the RMPCA-based model shows a more consistent and clear clustering pattern, 

indicating increased robustness against outliers. 

Overall, these findings demonstrate that combining RMPCA with machine learning models leads to more stable and 

reliable classification performance. The improved separation highlights the effectiveness of the proposed approach in 

capturing the underlying data structure. Therefore, RMPCA serves as a valuable preprocessing technique for breast 

cancer classification, especially in high-dimensional settings where traditional methods may contain outliers. 
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3.2. Performance Analysis by Class 

In this section, the class-wise performance of the two best-performing models identified in Section 3.1 is analysed to 

provide a more detailed understanding of their classification behaviours. Specifically, the baseline SVM and RMPCA 

+ SVM models are evaluated in distinguishing between benign and malignant breast cancer cases, highlighting 

differences in predictive performance across classes. This class-level analysis is important, as overall accuracy may not 

fully reflect performance for each category. By examining precision, recall, and F1-score, a more comprehensive 

evaluation is achieved. The detailed classification results for both models are presented in Table 4. 

Table 4. Performance analysis for SVM and RMPCA+SVM by class 

Model Class Precision   Recall F1-score 

SVM 
Benign 0.973 1.000 0.986 

Malignant 1.000 0.952 0.976 

RMPCA + SVM 
Benign 0.970 1.000 0.990 

Malignant 1.000 0.950 0.980 

 

 
(a) K-means 

 
(b) SVM 

 
(c) ANN 

 
(d) PCA+K-means 

 
(e) PCA+ SVM 

 
(f) PCA+ANN 

 
(g) RMPCA+K-means 

 
(h)  RMPCA+SVM 

 
(i) RMPCA+ANN 

Figure 2. Comparison of classification visualisations for K-means, ANN, and SVM classifiers under original, PCA-

based, and Robust PCA-based models. 
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From Table 4, benign samples are accurately identified by the baseline SVM model, which achieves a perfect recall 

score. The high precision and F1-score further indicate consistent classification performance for this class. For 

malignant cases, the baseline SVM model attains 100% precision, indicating that all samples predicted as malignant 

are correctly classified. However, the slightly lower recall for malignant cases suggests that some malignant samples 

remain undetected. 

Comparable and marginally better class-wise performance is demonstrated by the RMPCA + SVM model. This model 

maintains perfect recall for the benign class, similar to the baseline SVM, while achieving slightly higher precision and 

F1-score values, indicating more consistent classification. This improvement suggests that incorporating RMPCA 

enhances dimensionality reduction by reducing the influence of errors or outliers, which are common in real-world 

medical datasets (Alessandrini et al., 2022). 

Overall, both models demonstrate excellent discriminative ability. As shown in Table 4, the RMPCA + SVM model 

demonstrates a slight improvement over the baseline SVM, particularly in terms of F1-score for both benign and 

malignant classes. Although the improvement is marginal, it indicates that the incorporation of RMPCA enhances the 

stability and robustness of the classification model, leading to more balanced performance. 

In Figure 3(a), the SVM trained on the original dimensions shows noticeable overlap between benign and malignant 

samples, indicating less distinct class separation in the original dimensions. In contrast, Figure 3(b) demonstrates that 

applying RMPCA prior to SVM classification results in a clearer separation between the two classes, with reduced 

overlap and more compact class distributions. This visual improvement supports the quantitative results in Tables 3 and 

4, confirming that robust dimensionality reduction enhances feature representation and contributes to more stable and 

reliable classification performance in breast cancer data. 

The results demonstrate that the proposed Robust MRCD-PCA (RMPCA) improves classification performance 

compared to the classical PCA approach. Beyond technical performance, this improvement has important socio-cultural 

implications. In clinical settings, reducing false positives is crucial, as misdiagnosis may lead to unnecessary 

psychological stress, anxiety, and social burden among patients (Samuel et al., 2026). Therefore, the robustness of the 

proposed method may contribute to more reliable diagnostic outcomes and improved patient well-being.  

The analysis in this study is conducted using a benchmark dataset to ensure a standardized evaluation of the proposed 

method. The primary objective is to assess the effectiveness of the Robust MRCD-PCA (RMPCA) in improving 

classification performance compared to the classical PCA approach. The results demonstrate that the robust method 

provides more reliable classification outcomes, indicating its ability to handle potential outliers. 

 

(a) SVM 

 

(b) RMPCA+SVM 

Figure 3. Visualisation of SVM using (a) original features and (b) Robust PCA. 

4. Conclusion 

This study compared baseline machine learning models with their PCA and RMPCA-based models to assess the effect 

of dimensionality reduction on breast cancer classification using breast cancer Wisconsin diagnostic dataset, obtained 

from the UC Irvine Machine Learning Repository. The results demonstrate that dimensionality reduction generally 
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improves classification performance compared to using the original dimensions. As evidenced in Tables 3 and 4, 

RMPCA-based models exhibit more consistent and reliable performance across different classifiers, highlighting the 

advantage of robust dimensionality reduction in handling contaminated medical datasets. 

Further analysis indicates that SVM-based classifiers achieve excellent classification performance among the evaluated 

machine learning models, demonstrating the effectiveness of margin-based learning for structured medical data. While 

incorporating PCA improves the performance of certain models, these improvements are not consistent across all 

classifiers, likely due to PCA’s sensitivity to outliers. In contrast, RMPCA mitigates the influence of outliers, resulting 

in more stable and consistent classification performance, particularly when combined with supervised classifiers such 

as SVM. In addition to improving classification performance, the proposed method has the potential to support more 

reliable clinical decision-making, which may reduce the socio-cultural burden associated with misdiagnosis. 

Overall, the findings show that RMPCA serves as an effective preprocessing step for improving the robustness and 

accuracy of machine learning-based breast cancer classification. Beyond demonstrating performance gains, this study 

provides a systematic comparison of baseline, PCA and RMPCA-based classifiers, offering insight into the role of 

robust dimensionality reduction in medical classification tasks. Future research may extend this work by evaluating 

additional medical datasets, exploring alternative robust dimensionality reduction techniques, and integrating advanced 

learning models to further enhance classification performance and generalizability. 
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