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ABSTRACT


Breast cancer remains a critical global health concern, requiring advanced and reliable diagnostic methods for early detection and effective intervention. This work introduces an integrated ensemble framework that combines multiple dimensionality reduction (DR) techniques, including Principal Component Analysis (PCA), Non-negative Matrix Factorization (NMF), and Singular Value Decomposition (SVD), with robust machine learning (ML) classifiers for improved breast cancer detection. The publicly available Wisconsin Breast Cancer Dataset (WBCD) was utilized, with rigorous data preprocessing performed to address missing values, anomalies, and class imbalance through stratified sampling and median imputation. To mitigate overfitting and underfitting, dimensionality reduction was coupled with cross-validation and ensemble strategies. The predictive performance of Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), Decision Tree (DT), and Multi-Layer Perceptron (MLP) was systematically evaluated. Experimental results show that SVM consistently achieves a maximum accuracy of 97.9 % across all applied DR techniques, while MLP and LR also reach 97.9 % accuracy with PCA and NMF, though MLP exhibits performance variability depending on the selected DR method. The findings provide practical guidance for healthcare practitioners and researchers, supporting the adoption of explainable and scalable AI-driven diagnostic tools. Limitations include the reliance on a single dataset and the need for further validation on larger and more diverse clinical cohorts. Future work will focus on enhancing model interpretability, external validation, and real-world deployment in resource-constrained settings.
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1. Introduction

Millions of people worldwide suffer from breast cancer, which has a high death rate (Abdullah, 2023). Early and accurate prediction is fundamental for improving patient outcomes and survival rates, but timely identification remains a clinical challenge. In recent years, the integration of ML and data science into breast cancer diagnostics has enabled the development of novel, data-driven methodologies that enhance the precision and efficiency of disease detection (Ashokkumar et al., 2022; He et al., 2023)

In response, the field has witnessed a growing adoption of ML and data-driven methods for breast cancer diagnostics, aiming to support clinicians with enhanced predictive accuracy and efficient decision-making (Fatima et al., 2020). One key challenge in leveraging ML for medical data analysis is the high dimensionality inherent in clinical datasets, which often leads to increased computational complexity, the risk of overfitting, and reduced interpretability (Jaiswal et al., 2023; ). DR techniques, such as PCA, NMF, and SVD, have become essential tools in addressing these challenges and transformed high-dimensional data into a more compact representation, preserving the most informative features while mitigating noise and redundancy. Applied ML models, including both classical and ensemble approaches, to achieve improved generalization, computational efficiency, and robustness.

Our primary objective is to get the optimal number of components for which these techniques give the best accuracy in breast cancer diagnosis while addressing the computational challenges associated with high-dimensional data. To achieve this goal, we explore a range of DR methods, including PCA, NMF and SVD. In Table 1, we have explored a list of abbreviations in this study.


Table 1. List of abbreviations




	S/N

	Keyword

	Full form






	1

	SVM

	Support Vector Machine




	2

	ML

	Machine Learning




	3

	PCA

	Principal Component Analysis




	4

	SVD

	Singular Value Decomposition




	5

	NMF

	Non-Negative Matrix Factorization




	6

	DR

	Dimensionality Reduction




	7

	BC

	Breast Cancer




	8

	CM

	Confusion Matrix




	9

	RF

	Random Forest




	10

	DT

	Decision Tree




	11

	MLP

	Multilayer Perceptron




	12

	ANN

	Artificial Neural Networks




	13

	KNN

	K-Nearest Neighbour




	14

	WBCD

	Wisconsin Breast Cancer Database








1.1. Research Motivation

Breast cancer is considered to be one of the most frequent and dangerous diseases globally (Feng et al., 2018). Early and accurate detection is crucial for successful treatment and improved patient outcomes. DR techniques can potentially enhance the performance of breast cancer detection models, making them more effective in clinical practice. These challenges can be addressed by reducing the dimensionality of the data while preserving critical information.

1.2. Research Contribution

In our study, we have made several significant contributions to the field of breast cancer detection by employing DR techniques. Our research has aimed to address the following:



• Conduct an extensive comparative analysis: Various ML Algorithms using DR techniques have been studied, including PCA, NMF, and SVD.

• Apply DR techniques: We have effectively reduced the dimensionality of the breast cancer dataset.

• Connects ML to clinical practice: This research encourages healthcare providers to use DR approaches by showing their efficacy in breast cancer diagnosis.

2. Related Work

Recent advancements in ML have significantly enhanced breast cancer detection methodologies. A study by Li et al. (2023) identified a hybrid approach combining dimensionality reduction with ensemble classification, demonstrating improved diagnostic accuracy over traditional methods. Similarly, Paul et al. (2024) explored various dimensionality reduction techniques, emphasizing their role in refining diagnostic precision and model interpretability.

Regarding a dataset in this field, WBCD comes from a well-known ML database known as the UCI ML database (Islam et al., 2020). used the WBCD dataset with a variety of ML techniques to assess the efficacy and utility of these algorithms in diagnosing malignant and benign BC. (Bansal et al., 2022) provided a comparative evaluation of five ML algorithms to anticipate BC with models such SVM, K-NN, RF, ANN, and LR. In this study, Harinishree et al. (2021) compared three commonly used ML techniques for predicting breast cancer: NB, RF, and KNN. The WBCD data set was used as a training set to examine the effectiveness of several ML algorithms in terms of crucial characteristics, such as precision and accuracy. Naji et al. (2021) employed the ML algorithms only after collecting the data, and they compared and assessed how well these various classifiers performed.

In the field of deep learning, a novel convolutional neural network model was proposed to detect breast cancer across mammograms with varying densities, achieving notable accuracy improvements. Complementing this, Pérez-Núñez et al. (2024) developed a computer-aided diagnosis system utilizing deep feature transfer learning, which enhanced the classification of breast tumours in histopathology images. Table 2 shows an examination of several strategies utilized for the diagnosis of BC. This examination included an analysis of the methodologies employed, the dataset utilized, and the corresponding accuracy information.


Table 2. Existing methods and their corresponding accuracies




	Author / Year

	Methodology

	Dataset

	Accuracy




	WBCD

	OTHERS






	(Sengar et al., 2020)

	LR and DT

	✔

	
	95 %




	(Ara et al., 2021)

	SVM, LR, K-NN, DT, NB and RF classifiers

	✔

	
	96.5 %




	(Kabiraj et al., 2020)

	XGBoost, RF

	✔

	
	74.18 %




	(Al-Fahaidy et al., 2022)

	SVM

	
	MIAS dataset of mammogram images

	87.10 %




	(Binsaif, 2022)

	DT, RF, K-NN, ANN, SVM and LR

	
	BC Database of Coimbra (UCI)

	64 %




	(Dwarakanath and Bhairagond, 2023)

	SVM and CNN

	
	Histopathological images

	95 %




	(Botlagunta et al., 2023)

	XGBoost, LR, KNN, DT, RF, SVM,

	
	BIACH and RI as a semi-structured

	83 %




	(Yu et al., 2024)

	AI-CAD

	
	398 consecutive patients with 414 breast cancers

	91.5 %




	(Esfahani et al., 2024)

	deep neural network

	
	4,621 breast cancer mammogram images.

	84 %,




	(Tai et al., 2024)

	CNN

	
	253 patients

	87.7






This study mainly addresses these limitations by introducing an integrated ensemble framework that combines multiple DR techniques, PCA, NMF, and SVD, with a suite of advanced ML classifiers using the widely recognized WBCD. We employ comprehensive data preprocessing steps, including missing value imputation, anomaly detection, and stratified sampling to handle class imbalance. Cross-validation and ensemble learning approaches are incorporated to further mitigate overfitting and enhance model robustness.



However, current studies still face notable gaps, including insufficient handling of class imbalance, limited data quality, and concerns regarding the interpretability and scalability of ML models for clinical deployment ). Additionally, many previous studies have evaluated DR or classification models in isolation, rather than integrating both into a unified, comparative framework that aligns with the needs of contemporary healthcare.

3. Materials and Method

This section provides a comprehensive overview of the methodological framework employed in this study. The overall workflow is illustrated in Figure 1, which outlines the sequential processes involved in our strategies. The proposed classification model integrates multiple machine learning algorithms to enhance feature representation, and DR techniques are utilized. The flowchart describes the key stages of the approach: dataset collection, data preprocessing, feature extraction, feature analysis, DR techniques, and ML Classifiers. Each of these components is detailed in the subsequent sections.
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Figure 1. Proposed approach


3.1. Dataset Description

The dataset utilized in this work was found from the UCI ML Repository, which is affiliated with the University of California, Irvine (UCI). The UCI ML repository is a publicly accessible repository that hosts several datasets suitable for doing empirical examinations of ML algorithms. The dataset was initially provided by the University of Wisconsin and consists of 569 samples (212 malignant and 357 normal), each with 32 characteristics. These characteristics represent the basic properties of breast mass cell nuclei.

To ensure robust evaluation, the dataset was divided into training and testing subsets, with 80 % for training and 20 % for keeping as an unseen split, preserving the original ratio of malignant and benign cases. The split details are presented in Table 3.


Table 3. Training and testing split of the dataset




	Split Type

	Number of Instances

	Malignant

	Benign






	Training Set (80 %)

	455

	170

	285




	Testing Set (20 %)

	114

	42

	72








3.2. Preprocessing

Data preprocessing is an important step that helps to reduce noise, inconsistencies, and redundancy to provide high-quality data that increases performance (Maharana et al., 2022). Here, we first checked for missing values in this dataset, then removed any duplicates and handled the missing data by filling them in with the median of the respective values. Anomalies and outliers were identified using z-score analysis and visual inspections. Outlier handling was performed by either capping extreme values or removing them to ensure the reliability of the dataset.

3.3. Feature Extraction

Feature selection is a helpful stage in data modelling that aids in removing unnecessary and noisy data (Bhatia et al., 2019). The suggested study uses important factors to pick them. How the number of cancerous and benign cells connect to the traits may be seen graphically. This enables us to determine the features to consider when projecting the outcome.

3.4. Feature Analysis

Feature analysis, which is often referred to as feature engineering or feature selection, plays a vital role in the ML process. The task involves the procedure of choosing, modifying, or generating related characteristics (input variables or attributes) from the unprocessed data to enhance the efficacy of an ML model. It has been shown that the malignant cells exhibit greater mean values compared to the benign cells across these parameters, as well as the remaining 20 columns representing standard error and worst values for these 10 parameters.

3.4.1. DR Technique

DR: It plays a vital role in ML by allowing the transformation of data that is highly dimensional into a lower-dimensional environment, while at the same time retaining the fundamental characteristics of the data. It enhances the efficient use of data while concurrently alleviating the computational workload on automated operations (Gupta and Janghel, 2019.

PCA: It is a widely employed approach in the fields of ML and data analysis for the purpose of reducing the dimensionality of a dataset. Its primary objective is to minimize the number of features while retaining a significant portion of the initial variance. The algorithm is designed to process a data matrix X with dimensions m x n, where m represents the number of observations and n represents the number of variables.

Covariance Matrix Calculation in the Context of Breast Cancer: Compute the covariance matrix for the centred breast cancer data. In this context, the covariance between two features, representing aspects of the breast cancer dataset, denoted as i and j, is determined using the following formula:

cov(Featurei,Featurej)=1n−1∑k=1n(Featureki−μi)(Featurekj−μj)                  (1)

This computation yields an m x m covariance matrix, which is significant for breast cancer analysis and is denoted as Σ.

SVD: The SVD is a fundamental approach for matrix factorization that is widely employed in the fields of linear algebra and numerical linear algebra. We will take three matrices, namely U, Σ, V, for decomposing any matrix C of order n x d. For any matrix C ∈ Rn×d, U and V are the two orthogonal matrices of order n x n and d x d. Σ is a nonnegative, “diagonal” matrix Σ ∈, Rn×d. Mathematically, for a given matrix A, SVD factorizes it as follows:

Let A denote the initial matrix with dimensions m x n.

The matrix U is a m x m orthogonal matrix, satisfying the condition UUT = I, where I represents the identity matrix. The matrix Σ is a diagonal matrix of dimensions m x n, where the diagonal elements consist of non-negative real numbers. These numbers are referred to as singular values and are arranged in decreasing order, denoted as σ₁ ≥ σ₂ ≥... ≥ σr ≥ 0, where r is the rank of matrix A. The transpose of matrix V, denoted as V^T, is an orthogonal matrix of size n x n, satisfying the property VVT = I. The left singular vectors of matrix U are denoted as the columns and serve as representations of the directions that exhibit the highest variation among the rows of matrix A.

The right singular vectors, denoted as V, in matrix A are referred to as the columns that indicate the directions of highest variance in the columns of A. It starts with the original matrix A. AT * A and A * AT are computed. These are called the Gramian matrices. Then, the eigenvalues and eigenvectors of both A^T * A and A * A^T are computed.

Σ=[σ12◻◻◻σ22◻…◻◻σ32]                  (2)

The square root of the eigenvalues of AT * A (or A * AT) forms the singular values (Σ) in descending order. These singular values are non-negative and represent the importance of the corresponding singular vectors. The eigenvectors are normalized to form the columns of U and V. The left singular vectors (U) correspond to the eigenvectors of A * AT, and the right singular vectors (V) correspond to the eigenvectors of AT * A. Once U, Σ, and V have been obtained, the original matrix A can be reconstructed using the formula.

A=UΣVT                  (3)

NMF: NMF is a matrix factorization technique used in linear algebra and data analysis. Unlike SVD, which factorizes a matrix into the product of three matrices, NMF factorizes a matrix into the product of two non-negative matrices, which makes it particularly useful for certain types of data analysis, including feature extraction, image processing, and text mining. Mathematically, for a given non-negative matrix X of size m x n, NMF seeks two non-negative matrices, W (m x r) and H (r x n), with r usually less than m and n. As a factorization:

X=WH                  (4)

Where X is the original non-negative matrix to be factorized. W is a non-negative matrix of size m x r. Each column of W represents a basis vector, and these basis vectors are combined to approximate the data in X. H is a non-negative matrix of size r x n.

Dimensionality reduction is crucial in medical data analysis to combat the “curse of dimensionality,” which can hinder model performance and increase computational demands. Techniques such as PCA transform correlated variables into principal components that capture the majority of data variance, enabling more efficient and accurate learning by classifiers.

3.5. ML Classifiers

In this section, we have discussed classification models mainly using LR, SVM, DT, RF and MLP.

3.5.1. LR

LR is a statistical and ML model commonly employed for binary classification tasks. This model enables the prediction of one of two potential outcomes by utilizing a collection of input information. In binary classification problems, there are two possible outcomes, often labelled as 0 and 1, or “Benign” and “Malignant”. LR uses a set of input features (also called independent variables or predictors) to make predictions. These features can be numeric or categorical. LR models the relationship between the input features and the probability of the positive outcome. It does this by taking a linear combination of the input features, weighted by coefficients:

Log⁡(Odds)=Log⁡(P(Y=Malignant∣X)P(Y=Benign∣X))=Logit(P(Y=Malignant∣X))=β0+β1X1+β2X2+…+βn∗Xn                  (5)

P(Y= Malignant) represents the probability of the patient having cancer where X1, X2,..., Xn are the input features, β0 is the intercept, and β1, β2,..., βn are the coefficients associated with each feature.

To ensure that the output is between 0 and 1 (representing probabilities), the linear combination is passed through a logistic function also known as the sigmoid function:

P(Y=Malignant)=11+e−z                  (6)

Where z is the linear combination. The sigmoid function transforms the linear combination into a value between 0 and 1, which can be interpreted as the probability of the positive outcome. To make a binary prediction, you need to choose a decision threshold (usually 0.5). If the predicted probability is greater than or equal to the threshold, the model predicts the positive class (1); otherwise, it predicts the negative class (0).

3.5.2. SVM

SVM is widely acknowledged as a prominent approach in the domain of supervised learning. It is frequently utilized for both classification and regression tasks. In this study, SVM was utilized as one of the core classification algorithms for breast cancer detection. Outstanding in its robust handling of high-dimensional data and binary classification tasks, SVM is particularly well-suited for medical diagnostic applications such as distinguishing between cases of benign and malignant breast cancer.

Mathematically, it aims to classify an optimal hyperplane that separates two classes with the maximum margin. Given a labelled training dataset {xi,yi}i=1n, where xi∈Rd

represents the input features and yi ∈ {-1, +1} denotes the class labels, the decision boundary is defined as:

wTx+b=0                  (7)

3.5.3. DT

The DT technique is widely utilized in supervised ML for the purposes of classification and regression. In this study, DT was utilized as one of the classification algorithms to assess its performance in conjunction with DR techniques for breast cancer prediction. A decision tree recursively partitions the input space based on feature values, forming a tree-like structure where each internal node represents a decision based on a feature, each branch corresponds to an outcome of the decision, and each leaf node denotes a class label. The model aims to learn a set of if-then rules that can accurately classify input samples.

The main purpose of this algorithm is to select the feature that provides the maximum information gain or reduction in impurity at each split. The most used metric is the Gini Index, defined as:

Gini(t)=1−∑i=1Cpi2                  (8)

where:

t is a node,

C is the number of classes,

pi is the proportion of samples belonging to class i at node t.

3.5.4. RF

The RF algorithm is a popular ensemble learning approach in the field of ML, commonly employed for both classification and regression applications. In this work, a robust ensemble-based classification algorithm is used to assess its effectiveness in breast cancer detection, particularly when combined with DR techniques. RF works by constructing a collection of decision trees during training and aggregating their outputs to produce the final output. We have utilized classification tasks, which output the class with the majority vote among all trees in the ensemble. Each tree is trained on a bootstrapped sample of the dataset, and at each split, only a random subset of features is considered, thereby introducing diversity and reducing model variance.

Mathematically, let {T1(x), T2(x),...,Tk(x)} be the predictions of k individual decision trees. The final prediction y^ for an input sample x is given by:

y^=mode{T1(x),T2(x),…,Tk(x)}                  (9)

3.5.5. MLP

It is a type of feedforward artificial neural network, which was implemented in this study to evaluate its performance in classifying breast cancer cases when used in conjunction with various DR techniques. MLP is a powerful supervised learning model capable of capturing complex nonlinear relationships in data, making it a suitable choice for medical diagnostic tasks involving intricate feature patterns.

It mainly consists of an input layer, one or more hidden layers with non-linear activation functions, and an output layer. Each neuron in each layer is connected to all neurons in the subsequent layer, and the model learns the weights of these connections through backpropagation by minimizing a loss function, such as cross-entropy for classification.

3.6. Performance measures

Accuracy, Precision, Recall, Specificity, and F-measure are the assessment metrics used for classification. The components of CM, which provide information about projected and actual outcomes, are used to construct these measures. Real-world values of the following equations

represent the performance metrics.

True Positive= True

Malignant = TM, True Negative = True Benign=TB

Accuracy=TM+TBTM+TB+FM+FB                  (10)

Recall=TMTM+FB                  (11)

Precision=TM+TBTM+TB+FM+FB                  (12)

F1 Score=2×Precision×RecallPrecision+Recall                  (13)

Specificity=TBFM+TB                  (14)

3.7. Handling Class Imbalance

Class Imbalance is a critical task in ML. Given the moderate class imbalance in the dataset, we have adopted stratified sampling to maintain class proportions in both training and testing sets. For certain classifiers, such as SVM and LR, class weights were adjusted to compensate for imbalance, helping the models to better learn from minority class samples.

4. Experimental Setup and Result Analysis

In this section, the experimental procedures are defined, the setup is described, and the tools used for conducting a comparative analysis of DR techniques in the context of BC detection are discussed. We have imported essential libraries such as Scikit-Learn, Matplotlib, Pandas, and Seaborn for data analysis, DR, and visualization. We have employed various models, including LR, SVM, DT, RF and MLP for classification tasks on both the original and reduced-dimensional datasets. Hyperparameters for all classifiers and dimensionality reduction techniques were optimized using grid search combined with cross-validation. This approach facilitated optimal model configuration and minimized the risk of overfitting. We have assessed the performance of each model using metrics such as accuracy, precision, recall, and F1-score, as shown in Figure 4a. With NMF, we have achieved maximum accuracy from MLP, which is 97.9 %. After that, we applied PCA on the datasets and again trained all these models with all components. Finally, we have achieved accuracy in all models, and now we observe that some models' performance is improved, achieving higher accuracy. The application of SVM and PCA rendered an accuracy of 97.9 %, as shown in Figure 4b. Similarly, the combined use of LR and PCA also resulted in an accuracy of 97.9 %. Meanwhile, the implementation of MLP and PCA led to a slightly lower accuracy of 97.2 %. Then, we used another dimensionality technique, namely SVD, on the same dataset. We then evaluated the performance of different classifiers using the components produced by SVD, as shown in Figure 4c. Among these classifiers, SVM achieved the highest accuracy of 97.9 %. The next best accuracy came from MLP, at 97.2 %. In Figure 4d, we compared the performance of all the models, namely, LR, RF, DT, SVM, and and MLP combined with different DR techniques, specifically NMF, PCA and SVD. Here we can see that SVM consistently achieved an accuracy of 97.9 % across all the DR techniques. On the other hand, MLP achieved its best performance (97.9 %) with SVD, as also shown in Figure 4c, but its accuracy varied when using NMF and PCA. Similarly, LR showed strong results with NMF and PCA (both 97.9 %), but its accuracy declined when using SVD.


[image: ]

Figure 4a. Accuracy comparison for all models using NMF
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Figure 4b. Comparison of results with PCA
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Figure 4c. Comparison of results with SVD
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Figure 4d. Comparison of results of all models with DR Techniques


Finally, to address potential overfitting and underfitting, we have fully utilized dimensionality reduction techniques to eliminate redundant and noisy features. Here we can say the ensemble method, such as Random Forest, further reduces the risk of overfitting by aggregating predictions from multiple weak learners. Additionally, cross-validation was employed for hyperparameter selection, ensuring the generalizability of the models.

5. Discussion

Our study demonstrates that DR techniques can significantly enhance the performance of ML classifiers in BC detection. The reduction in feature dimensionality not only simplifies the data but also improves the classifiers’ ability to capture essential patterns. PCA, NMF and SVD emerged as particularly effective techniques in our comparative analysis, and finally, we achieved a maximum accuracy of 97.90 %. This finding underscores the importance of feature selection and DR in optimizing the BC detection model. Table 4 shows that our model has good accuracy as compared to the existing model. The consistent improvement in classifier performance across these datasets highlights the robustness and generalization capabilities of DR techniques. The observed variability in MLP performance with different DR techniques is attributed to its sensitivity to feature transformations and scaling. MLP, as a neural network, can exhibit non-linear interactions with features, making its performance more variable. In contrast, SVM tends to maintain consistent results across different DR approaches due to its reliance on support vectors and margin maximization.


Table 4. Comparison of DR technique models




	Author

	DR Techniques

	Accuracy

	Year






	(Mishra and Rath, 2021)

	PCA and Auto encoder

	95.45

	2021




	(Rimi et al., 2022)

	kernel-PCA

	96.03

	2022




	(Mishra et al., 2023

	t-SNE, LLE and KPCA

	89.49

	2023




	(Kabir et al., 2023)

	PCA and Auto encoder

	95.50

	2023




	(Karuppasamy et al., 2024)

	NMF

	90.00

	2024




	Our Proposed Model

	PCA, SVD and NMF

	97.90

	2025








5.1. Comparison

Within the context of an ensemble strategy, every method for detecting breast cancer that makes use of a machine learning classifier and dimensionality reduction techniques has both scope and challenges. The properties of the dataset, the computational resources available, and the level of interpretability that is needed all play a role in the selection of the approach that is most appropriate. In Table 4, we have done comparisons only with DR techniques such as PCA, kernel PCA, and Autoencoder, with a Classifier using some existing model, and we compared with our proposed work, also, and achieved the best result as compared to previous research.

5.2. Limitations and Future Scope

It is essential to acknowledge certain limitations in our research. While we have demonstrated the effectiveness of DR techniques, the primary dataset is relatively small and may not fully reflect the heterogeneity of real-world clinical data. Additionally, our study primarily focused on established DR techniques. Consequently, external generalizability could be limited. While dimensionality reduction and ensemble methods help mitigate overfitting, further research is needed to enhance interpretability critical for clinical adoption. Future research can explore interpretable ML frameworks, novel DR techniques, and automated model deployment in diverse clinical scenarios. Models with high accuracy, such as MLP, may lack transparency. Clinicians frequently require interpretable models to understand, validate, and trust AI-powered decisions. Overdependence on non-interpretable models may result in unwillingness to adopt or in misdiagnosed concerns if the logic cannot be understood or disputed.

5.3. Clinical Implications

The integrated ensemble framework presented in this study can be leveraged by healthcare practitioners to improve the accuracy and efficiency of early breast cancer detection. By applying dimensionality reduction prior to classification, practitioners can efficiently handle high-dimensional clinical data and achieve robust diagnostic performance. Researchers are encouraged to validate and refine these methods on larger and more diverse patient cohorts for broader clinical adoption.

6. Conclusion

This study has mainly demonstrated the efficacy of integrating dimensionality reduction techniques with machine learning classifiers for the early detection of breast cancer. We have evaluated the performance of various widely used classifiers such as LR, SVM, DT, RF, and MLP in combination with three DR methods: PCA, NMF, and SVD. The DR techniques effectively reduced the high-dimensional feature space, thereby enhancing classification efficiency and reducing overfitting risk. Finally, the models were evaluated, with SVM consistently achieving the highest accuracy of 97.9 % across all three DR methods, highlighting its robustness and adaptability to transformed feature spaces. While PCA proved especially efficient for preprocessing large datasets, the variability observed with MLP and the differential performance of classifiers with different DR techniques underscore the importance of aligning the choice of preprocessing method with the specific characteristics of the classification algorithm. The findings prove a systematic comparative analysis and offer practical insights into the optimal combinations of dimensionality reduction and classification strategies for breast cancer detection. This research contributes to the growing field of AI-driven healthcare by presenting a scalable, generalizable, and interpretable framework that can guide clinicians and researchers in deploying robust diagnostic tools.
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