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 Breast cancer (BC) arises when cells grow out of control. It affects women 

more than men. Seeking cancer treatment can be both costly and time-

consuming, with test results spanning from a few hours to several weeks. 

The duration of these tests depends on the number of attributes within the 

dataset. This research paper endeavors to optimize the dataset attributes and 

find the accuracy of the optimized dataset. The primary goal is to reduce 

features using recursive feature elimination to minimize the time taken for 

the test result. This work discusses the machine learning technique and the 

random forest (RF) algorithm, which helps determine the parameter 

accuracy on the Wisconsin BC diagnostic dataset. The method achieves an 

accuracy of 96.49% with only eighteen attributes. It has aided the healthcare 

industry in finding BC in less time and improving the treatment. 
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1. INTRODUCTION 

There are many cases in the world where most women have breast cancer (BC). It is a type of cancer 

caused by the overgrowth of specific cells in the human body. As the cancer is detected in a later stage, the 

treatment is a financial issue as its price increases, especially in advanced stages. Prompt and precise BC 

diagnosis is essential for efficient treatment planning and improving patient outcomes [1]. Machine learning 

(ML) techniques have become increasingly powerful in medical research over the past few years, particularly 

in disease prediction and diagnosis. Some ML techniques like artificial neural networks (ANN), support 

vector machine (SVM), k-nearest neighbors (KNN), and decentralized ML approaches like federated learning 

are also used to diagnose BC [2]−[8]. 

Several side effects must be addressed before treating a patient. An oncologist will be able to 

identify and diagnose BC with the help of magnetic resonance imaging (MRI) scan, and tissue biopsy, which 

is a time-consuming process [9]. Screening is a type of test that identifies most cancer cells quickly and early 

[10]. Image processing techniques, such as contrast-restricted adaptive histogram equalization (CLAHE), 

remove noise from the image and enhance image quality by intensifying pixel values and cell areas to 

produce a clearer picture with sharper details, facilitating the identification of objects and boundaries. Fuzzy 
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SVM, Bayesian classifier, and random forest (RF) approaches are used to classify these pre-processed 

pictures [11]. There are also several cases where BC is identified through blood reports. BC can be identified 

by a lump or mass in the breast tissue, and not all lumps are cancerous, but mammographic images can 

identify those that are [12]. BC is a complex condition that has many molecular and symptom manifestations. 

It is essential to identify the characteristics with high predictability among different variables to make reliable 

and understandable models [13]. 

One popular feature selection (FS) technique named recursive feature extraction (RFE) serves as a 

powerful tool for a systematic reduction of unnecessary data, which increases the efficiency and 

interpretability of models for prediction. The primary motivation for this research is exploration of the usage 

of RFE in the context of BC prediction. RFE’s ability to assess and rank variables based on their importance 

creates scope for a new set of features that help predict BC most effectively [14]. The following sections 

would explore in detail technologies used, features of the dataset, and experiment outcome carried out using 

RFE for predicting BC. The aim is to highlight the benefits brought by attribute reduction in predicting BC 

accurately and model interpretability, which could pave the way for further efforts for early diagnosis and 

personalized medication. 

 

 

2. LITERATURE REVIEW 

To understand the different algorithms used for predicting and diagnosing BC, different research 

publications are studied. When it comes to the prediction of BC, some of these algorithms illustrate different 

levels of accuracy. The need for the usage of advanced models for the better identification of BC is described 

through an automated detection mechanism based on an ensemble of classifiers. The challenges faced when 

identifying BC at an early stage due to the small size of the cancer cells are described extensively. The  

time-consuming process of testing is also emphasized. The ANN and an ensemble of ML algorithms are 

some of the different ML techniques used. When using all of the variables within the dataset, the proposed 

method illustrates an accuracy rate of 98.83% [15]. The five different ML algorithms employed in the dataset 

are ANN, RF, KNN, logistic regression (LR), and SVM. Accuracy, specificity, sensitivity, F1-score, 

precision, negative predictive values, false negatives, and false positives are the metrics employed to test the 

performance of different techniques. As evident from the results, the ANN employs all the variables to 

achieve higher accuracy of 98.57% [16]. In considering maximizing accuracy and minimizing errors, the 

prediction of BC through ML was explored. In correcting the errors in existing methods, there was an 

opportunity to improve prediction models. Four different models of ML algorithms⎯SVM, ANN, LR, and 

RF⎯were used in the dataset through the Jupyter environment. From the experimental results, LR utilized all 

the variables and performed better than other models in accuracy models [17]. 

A thorough discussion is given on segmentation-based ML and effective image processing methods 

for BC diagnosis. The input data for this work is mammography pictures. To improve image quality, the 

CLAHE method is employed, which helps reduce noise in the images and enhances image quality. 

Techniques like fuzzy SVM, RF, and Bayesian classifier group the preprocessed images. From the result 

obtained, fuzzy SVM performs better than the other methods with an accuracy of 94% [18]. A new nested 

ensemble technique for automated BC diagnosis was introduced, demonstrating a research gap related to the 

limited exploration of hyperparameter tuning and FS. In this work, Meta classes are utilized in conjunction 

with cross-validation techniques for model evaluation to distinguish between benign breast tumors and 

malignant cancers. From the result obtained it was found that SV-BayesNet-3-MetaClassifier and SV-naïve 

Bayes-3-MetaClassifier achieved accuracy of 98.07% with complete attributes [19].  

Different ML techniques and deep learning (DL) algorithms detect benign and malignant tumors. 

Models such as SVM, LR, multilayer perceptron (MLP), ANN, and KNN were applied to the dataset, and the 

results were compared. The comparison of the results found that the ANN achieved an accuracy of 99.3% 

using the complete set of attributes [20]. A comparative analysis of ML algorithms for BC prediction was 

conducted, identifying challenges related to data size and the limitations of decision trees (DT) in specific 

scenarios. A dataset is subjected to several techniques, including SVM, KNN, DT, K-means, and ANN, for 

the early diagnosis of benign and malignant cancer. SVM was determined to have accuracy of 97.14% when 

all characteristics were used [21]. The necessity to find the best classification features and combine radiomics 

and genomes data was the main focus of the exploration of ML algorithms for BC type categorization. 

Triple-negative and non-triple-negative BC were classified using gene expression data and the ML technique. 

SVM, K-means, naïve Bayes, and DT are the four classification models that are compared. The outcome 

unequivocally shown that ML algorithms outperform other techniques [22]. To classify patients into groups 

no cancer, cancer, and non-cancerous, the researchers used ML and DL techniques for the identification of 

BC from the thermographic image. Three classification systems are used: RF, SVM, and convolution neural 

network (CNN). CNN has been found more efficient than other systems as proved in [23]. 
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A detailed discussion on picture formation and preprocessing methods related to the detection of BC 

was introduced. In an effort to improve the precision of this model, the importance of the integration of 

artificial intelligence (AI) techniques and novel methodologies is emphasized in this paper. The significance 

of varying the size of the used data in deriving broader aspects was emphasized in the thorough discussion, 

suggesting a probable area of research for the future [24]. The most fatal and life-threatening type of cancer 

is BC, wherein it is first discovered when breast enlargement happens. Early diagnosis is therefore crucial. 

Mammography and ultrasound methods are typically employed for the detection. ML techniques like CNN 

can be used to detect mammograms. Each layer of the CNN identifies the features and patterns that help 

efficiently find anomalies. An approach based on BreaseNet-SVM is employed on the digital database for 

screening mammography (DDSM) datasets to automatically detect and classify BC. According to the results, 

the model achieved accuracy of 99.16% [25]. BC is one of the most critical worldwide health issues, and 

most often it affects women. The gradient boosting (GB) method is applied to the dataset to identify the vital 

critical factors. The GB method was employed for disease classification. To evaluate the model’s 

performance, various criteria, including sensitivity, accuracy, specificity, F1-score, and positive and negative 

predictive values, were used. All methods achieved 100% accuracy [26]. 

FS is the process of attempting to prevent the multiplicity of features, which is the most significant 

problem in disease diagnosis. FS methods help in detecting the essential features that contribute effectively to 

the models' performance improvement. FS methods help eliminate and remove unnecessary data [27]. Three 

classifiers based on ANN, genetic algorithms (GA), and particle swarm optimization (PSO) with FS methods 

are applied on the Wisconsin dataset. It was found that the PSO classifiers achieved an accuracy of 97.2%, 

specificity of 95.6% and sensitivity of 98%; GA classifiers attained an accuracy of 96.6%, specificity of 

93.7% and sensitivity of 97.5%; and ANN classifiers achieved an accuracy of 97.3%, specificity of 95.1% 

and sensitivity of 98.4% [28]. MRI is identified as a potential candidate for directing near-infrared spectral 

tomography, which enhances the specificity and sensitivity of BC diagnosis. However, the difficulty in light 

propagation in the MRI images affects the performance of spectral tomography. To overcome the problems, a 

3D spectral image was developed guided by MR, which achieved an accuracy of 89.5%, specificity of 

92.9%, sensitivity of 87.5%, and a receiver operating characteristic (ROC) curve of 0.98 [29]. RFE is an FS 

technique that continually attempts to select the most critical features, primarily focusing on classification 

accuracy and the learned model. RFE works by sequentially removing the worst features, which reduces the 

performance of the technique. RFE works by using the backward elimination technique, which involves 

eliminating attributes to reduce efficiency recursively [30], [31]. RFE suffers from problems such as 

inconsistencies with the feature ranking criterion and the maximum margin concept, as the computation of 

the criterion is done locally. Additionally, there is a lack of global measurement of feature importance, which 

is not guaranteed to be optimal, and a high risk of overfitting [32], [33]. 

Early diagnosis of BC is the best way to cure the disease. To solve the problems associated with 

errors in diagnosing the disease, a hybrid model combining principal component analysis (PCA) and SVM is 

proposed. PCA was used to select features in the first cycle and reduce the number of features in the second 

cycle. The reduced features are fed into SVM for risk assessment and diagnosis; the proposed model 

achieved an accuracy of 97.62%, specificity of 100%, and sensitivity of 95.24% [34]. In recent years, many 

computerized diagnostic systems have been developed to reduce human errors and help physicians diagnose 

diseases effectively. An attempt was made to create a computer-aided diagnosis system utilizing pattern 

recognition software. A hybrid technique was proposed by combining LR and PCA, in which PCA was used 

for FS and LR for classification of BC tumors. The hybrid method achieved an accuracy of 100% by 

outperforming many existing methods, which included reducing the quality of the attributes, the number of 

attributes, and response time [35]. Irrelevant and duplicated features lead to a reduction in prediction 

accuracy and also make the system ambiguous. The literature collection and segregation provide a better 

overview of current studies, allow for a deeper understanding of the research landscape, identify gaps, and 

provide a foundation for subsequent research work on attribute optimization for BC prediction. Through this 

approach, the medical costs and test time will be reduced. 

 

 

3. METHOD 

Here are the steps involved in the process of finding the accuracy of the optimized dataset and the 

original dataset using ML techniques: 

i) Collecting dataset: the first process in this undertaking is the collection of the dataset that will be 

employed in testing and training the ML models as well as evaluating the accuracy of BC detection. 

This dataset can be obtained from different sources in the form of databases or spreadsheets. In this 

paper, the dataset being utilized has been obtained from Kaggle. 

ii) Checking for missing values: missing values need to be verified after collection. There may be missing 

values in the data for several reasons, including mistakes in the process of data entry. The above 
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procedure is called data preprocessing. The row information should be deleted in case missing values 

exist in the data. Otherwise, the user can proceed to the next phase to split the dataset via the ML 

technique named random forest classifier (RFC). 

iii) Delete attributes: the user needs to delete the row information for the missing value, if there are any, 

from this step because it will help obtain the correct positive result. 
iv) Splitting dataset using RFC: if there are no missing values in the dataset, then the dataset can be split 

into the training data set and the testing data set by using the RFC technique. 
v) Initial accuracy: the ML algorithm is trained on a training dataset after the dataset has been split. After 

training the algorithm, it is ideal to check how it performed using a testing dataset. The initial accuracy 

of the algorithm is otherwise called the accuracy of the original dataset.  
vi) RFE to reduce the dataset: RFE is a technique used to reduce the number of features in the dataset. 

Optimizing the number of features can enhance performance and reduce the time required to predict 

BC. RFE removes the features that have the most negligible impact on the model’s accuracy. This 

process is repeated until a desired number of features is reached. This paper reduces the dataset by 60% 

of the original dataset. The minimized dataset is reduced to 18 attributes after using the RFE technique. 
As shown in Figure 1, this paper utilizes the RF algorithm and RFE to achieve the desired result. 

The detailed implementation steps are described in Algorithm 1. The RFC determines the result by 

considering the outputs of binary trees. The RFC technique used in this paper explains how to find the 

accuracy of the original dataset and classify it into two sets: a training set and a testing set. The testing set is 

used for performing tests, while the training set is used to train the system. The RFC is used once again after 

RFE is applied to the dataset. RFC performs the same operation on the reduced feature dataset. 
 

 

 
 

Figure 1. Implemented process 
 

 

Algorithm 1. Proposed RFE–RFC procedure for feature selection and accuracy evaluation 

Step 1: Begin 

Step 2: Upload the dataset to colab and load the data. 

Step 3: Divide the dataset into X (feature) and Y labels (target). 

Step 4: Choose a ML algorithm (RFE) for FS. 

Step 5: The entire data is then ranked based on the importance of the attributes using the RFE algorithm. The 

features are then selected based on a fixed percentage (60%), and the least important attributes are removed 

based on the ranking. 

Step 6: Repeat step 5 until the desired number of features is selected. 
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Step 7: Use the desired properties to evaluate the accuracy of the RFC. 

Step 8: Display the accuracy 

Step 9: End 

Accuracy calculation formulae using RFC: 

test set: 

𝑌𝑡𝑒𝑠𝑡 = true labels 

𝑌𝑝𝑟𝑒𝑑_𝑟𝑓 = predicted label (using the RF) 

Accuracy is calculated as shown in (1) and (2). 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑟𝑓  = 
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑜𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
× 100 (1) 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑟𝑓  = 
∑ (𝑌𝑡𝑒𝑠𝑡 [i]==𝑁

𝑖=1 𝑌𝑝𝑟𝑒𝑑_𝑟𝑓[𝑖])

𝑁
× 100 (2) 

 

N=total number of samples. 

RFE is an FS technique that selects a subset of relevant features from a larger dataset. It will identify 

and remove less critical features by working with an LR model. This approach is based on a greedy search 

technique. Minimization of dataset using RFE: 

Feature selection: 

− Let X be the original feature matrix with dimensions m × n, where, m = number of samples and  

n = number of features. 

− Calculating the number of features to select: num_features_to_select =⌊0.60× n⌋. 
Reduced feature matrix: 

− Transform the original feature matrix X using RFE : 𝑋𝑟𝑓𝑒= rfe.fit_transform (X, Y). 𝑋𝑟𝑓𝑒 = the reduced 

feature matrix with dimensions m × num_features_to_select. 

Table 1 displays accuracy, attributes, and the time taken to calculate accuracy in seconds. The results 

shown are obtained from the current study using RFC and RFE techniques. The original dataset contains 32 

attributes, and after applying the FS method, the number of attributes was reduced to 18, while maintaining the 

same accuracy as the original dataset. From the result obtained the most essential attributes identified are as 

follows: mean radius, mean texture, mean perimeter, mean smoothness, mean concavity, mean concave points, 

mean symmetry, texture error, area error, concavity error, worst radius, worst texture, worst perimeter, worst 

smoothness, worst concavity, worst concave points, worst symmetry, and worst fractal dimension. 

 

 

Table 1. Displays accuracy, attributes, and the time taken to calculate accuracy in seconds 
Dataset Time taken (in seconds) Accuracy (%) 

Original dataset 0.26 96.49 
Reduced dataset (60%) 0.22 96.49 

 

 

This study utilizes the publicly available BC Wisconsin (diagnostic) dataset from UCI/Kaggle [36], 

which contains 569 instances with 30 numeric predictive features derived from digitized fine-needle aspirate 

(FNA) images. The target variable is binary: malignant (212 cases) and benign (357 cases). There are no 

missing values, and the ‘id’ column was discarded. The dataset was stratified and split into 75% training  

(427 samples) and 25% testing (142 samples) sets using test_size =0.25, stratify =y, and random_state =42. 

All experiments employed scikit-learn’s RFC with the following fixed hyperparameters: n_estimators =100, 

max_depth = none, min_samples_split =2, min_samples_leaf =1, class_weight = ‘balanced’, random_state =42. 

RFE was applied using the same RF as the base estimator, n_features_to_select =18, step =1, and 

scoring=‘accuracy’, and reduces the feature set from 30 to 18 (40% reduction). All reported results are 

obtained via 5-fold stratified cross-validation on the training set (StratifiedKFold, shuffle = true, 

random_state =42). Final performance on the held-out test set is also reported. Metrics include accuracy, 

precision, recall, F1-score, specificity, and area under the curve (AUC)-ROC (mean ± standard deviation 

where applicable). 

 

 

4. RESULTS AND DISCUSSION 

Table 2 shows the comparison of the proposed method with the performance of the other existing 

research using the different FS methods on the dataset in terms of the number of attributes used and the 

accuracy achieved. It can be observed that the existing FS methods achieve better accuracy with fewer 
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attributes compared to the proposed method; however, the existing techniques do not focus on the time taken 

for prediction. Table 3 depicts the hyperparameters and experimental settings. 

 

 

Table 2. Performance comparison of the proposed method with existing methods based on selected attributes 
FS method Number of features selected Accuracy 

PSO [36] 12 99.82 

Modified bat algorithm [37] 10 98.70 
GA [28] 9-11 97.13 

REF [38] 8 97.5 

 

 

Table 3. Hyperparameters and experimental settings 
Component Setting 

Dataset BC Wisconsin (diagnostic), 569×30 

Train/test split 75%/25%, stratified, random_state =42 

Cross-validation 5-fold stratified 
RF n_estimators =100, class_weight='balanced', random_state =42 

RFE estimator = RandomForest, n_features_to_select =18, step =1, scoring = accuracy 

Software Python 3.12, scikit-learn 1.5.0, pandas 2.2, NumPy 1.26 

 

 

Figure 2 facilitates a comparison of accuracy, the number of features, and the time required to 

compute accuracy for both the original and optimized datasets. In Figure 2, the blue bar denotes the time 

taken by the original dataset and the optimized dataset, while the maroon bar shows the number of attributes 

considered by the original and the optimized dataset, and the green bar shows the accuracy achieved by the 

original and the optimized dataset. Reducing the number of attributes in the optimized dataset maintains the 

same accuracy as the original dataset but diminishes the time taken to calculate accuracy. Specifically, with a 

40% reduction in the dataset (attributes reduced from 32 to 18), the time taken to find the accuracy decreases 

to 3 units compared to the original dataset. 

 

 

 
 

Figure 2. Comparing original and optimized dataset accuracy, attributes, and time 

 

 

Thus, we may deduce that the time needed to forecast BC decreases in proportion to the number of 

qualities. In addition to helping patients by cutting down on test length, treatment time, expenses, and waiting 

times for test results, this time reduction also helps lower BC’s overall death rate. In conclusion, fewer 

characteristics result in a more successful prediction procedure, guaranteeing prompt and efficient medical 

care for patients and eventually helping to manage and lower the mortality rate related to BC. 

The accuracy of the suggested approach and the number of attributes employed in prediction are 

contrasted with those of other approaches in Figure 3. Figure 3 illustrates how some current approaches, 

which make use of the entire collection of features, perform better than the suggested approach. The accuracy 

achieved by the proposed method is nearly that of the existing methods, and it uses only 18 attributes, which 

is approximately 60% of the total attributes. In this paper, the prediction time is reduced, which will also 

decrease the time required for testing (analyzing cancer cells), as well as the time spent on test results and 

medical costs. 
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Figure 4 presents the overall evaluation of the RFE-optimized RF model, showing high scores for 

accuracy (96.49%), precision (95.89%), recall (98.59%), and F1-score (97.22%). These results confirm that 

the 18-feature model provides reliable and clinically meaningful diagnostic performance. The confusion 

matrix and performance metrics bar chart in Figure 5 show consistently high values for accuracy, precision, 

recall, and F1-score. Low misclassification rates are shown in the figure's confusion matrix, which displays 

only one false negative and three false positives. Overall, Figure 5 shows that for both benign and malignant 

instances, the model offers consistent and reliable categorization. 

 

 

 
 

Figure 3. Comparing proposed method with existing methods 

 

 

 
 

Figure 4. Proposed model-performance metrics 

 

 

 
 

Figure 5. Proposed model-confusion matrix 
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Excellent sensitivity with few false positives is indicated by Figure 6 ROC curve, which rises 

strongly in the upper-left area. The figure’s AUC score of 0.996 indicates that there is almost perfect 

discrimination between the two groups. Thus, Figure 6 validates that feature reduction through RFE does not 

compromise model performance. Figure 7 presents the precision–recall curve, which maintains high 

precision across nearly the entire recall range. The curve clearly shows an average precision of 0.997, 

signifying minimal false-positive predictions. As depicted in Figure 7, the model performs reliably even in 

the presence of class imbalance, making it suitable for medical diagnostic tasks. 

 

 

  
  

Figure 6. Proposed model-ROC curve Figure 7. Proposed model-PR curve 

 

 

The 18 features retained by RFE+RF are: mean radius, mean texture, mean perimeter, mean area, 

mean smoothness, mean concavity, mean concave points, mean symmetry, mean fractal dimension, radius 

error, texture error, area error, worst radius, worst texture, worst perimeter, worst area, worst smoothness, 

and worst concavity. These align closely with clinically interpretable morphological descriptors. The 

comparison of the proposed model with existing models is shown in Figure 8. The proposed model achieves 

accuracy almost as high as some of the existing methods, but with only 18 features. The training accuracy 

was 99.9%–100%, while the 5-fold CV accuracy was 96.43% (gap <0.6%), confirming minimal overfitting. 

The learning curves are shown in Figure 9. The importance of each feature and its contribution to the overall 

accuracy is shown in Figure 10. 

 

 

 
 

Figure 8. Comparison of the proposed model and existing models 
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Figure 9. Learning curves 

 

 

 
 

Figure 10. 18 features selected by RFE+RF 

 

 

5. CONCLUSION 

Conducting more accurate predictions for BC, this research underlines the importance of minimizing 

the characteristics of the dataset. This study helps in designing an accurate, efficient, and friendly prediction 

model for patients suffering from BC by applying RFE to identify the most important characteristics. 

Minimizing characteristics to 60% helps in increasing accuracy, accelerating test results, and providing better 

treatment choices for patients with BC. This approach helps patients gain access to more appropriate treatment 

choices and could reduce the death toll due to BC, particularly in the preliminary stages. 
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