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Abstract. One of the most prevalent and fatal tumors that impact women globally
is breast cancer. Traditional diagnostic methods, while effective, can be costly.
The goal of this research is to improve the precision and effectiveness of breast
cancer detection by combining feature selection techniques with machine
learning models. Seven machine learning models were trained and assessed using
the Wisconsin Diagnostic Breast Cancer (WDBC) dataset in conjunction with
three feature selection strategies: filter method, univariate selection
(SelectKBest), and embedded method (Random Forest importance).
Experimental results show that neural networks achieved the highest
performance when using all features, while ensemble models performed best
when used with filter feature selection. The study found that the choice of feature
selection method should be aligned with the nature of the model, and combining
suitable selection strategies with machine learning models can significantly
enhance diagnostic performance. This approach can reduce misdiagnosis and
improve early treatment outcomes.
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1 Introduction

Breast cancer is a disease that is frequently encountered and has resulted in numerous
fatalities among women worldwide. Over 2.3 million new cases and 670,000 fatalities
were reported in 2022 [1]. Early diagnosis and prediction are essential to raising patient
survival rates. Although mammograms and other traditional diagnostic methods are
useful, they can also be costly and subject to human error [2]. The development of
systems that are based on machine learning (ML) has been facilitated by these limita-
tions, with the aim of improving the accuracy and efficiency of diagnosis [3]. The use
of machine learning in breast cancer diagnosis has been prevalent over the past two
decades. A wide range of ML algorithms have been applied to medical datasets with
promising results [3—6]. The Wisconsin Breast Cancer Dataset (WBCD) is one of the
benchmarks utilized in these studies. It comprises 30 numerical features that are derived
from digitized images of FNA of breast masses.

Early work by Street et al. showed the effectiveness of linear models using features
like cell radius and texture [7]. SVMs have demonstrated high accuracy (>95%) for
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tumor classification, while Random Forest and Decision Trees are used for their inter-
pretability and resistance to overfitting [4, 5].

However, as medical datasets grow in size and complexity, the role of feature selec-
tion has become increasingly important. According to Guyon and Elisseeff, eliminating
redundant features enhances model performance and makes it easier to spot trends in
the datasets [8]. Filter methods (like SelectKBest), wrapper methods (like Sequential
Feature Selection), and embedding methods are the three general categories into which
feature selection approaches are usually divided. Each has its strengths and weaknesses
regarding computational cost, performance, and generalizability [9].

As datasets have grown, feature selection has become more important to remove
redundant variables and improve both model performance and clarity [8]. Feature se-
lection techniques include filter, wrapper, and embedded methods, each with their own
advantages regarding efficiency and generalizability [9].

Despite these advancements, few studies have compared feature selection methods
across multiple classifiers using the WBCD. This study aims to fill the gap by analyzing
how different feature selection strategies impact the performance and simplicity of ML
models for breast cancer diagnosis.

2 Methodology

2.1 Description of the Dataset

There are 569 cases of FNA from breast masses in the WDBC dataset [10]. The first
property in each row is an identifying number; the second is a binary diagnostic (M for
malignant and B for benign); the following 30 attributes are real-valued qualities de-
rived from the properties of cell nuclei. Measures like radius, texture, area and perime-
ter are examples of these characteristics. Three values are given for each of these met-
rics: the mean, the standard error, and the worst value. Note that the WDBC dataset
contains slightly unbalanced class (357 benign, 212 malignant), which may bias the
models.

2.2 Dataset Preprocessing

Given the dataset’s lack of missing attribute values, no data imputation is necessary.
The column ‘id’ was discarded as it is unrelated to model training. The categorical "di-
agnosis" attribute was transformed into a binary numerical variable, where "M" was
encoded as 1 (malignant) and "B" as 0 (benign) to simplify upcoming ML modeling.
To ensure the validity of the experimental results, the dataset was randomly selected
using a fixed random seed (42) to create an 80% training set and a 20% test set. This
split allows for the evaluation of the model on general data, which is a critical step when
validating the model's performance.
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2.3. Machine Learning Models

A variety of ML algorithms was employed to evaluate classification performance
across different modeling paradigms. Note that all random seeds used for ML models
were set to 42 for consistent results.

In feature space, instances are grouped by the majority vote of their k-nearest neigh-
bors using a non-parametric model known as K-Nearest Neighbors (KNN). KNN was
chosen for its simplicity and its ability to capture local patterns in the data without
making strong assumptions about their distribution. In this study, k was set to 5 to bal-
ance local and global similarity.

A sigmoid function is used in the linear model known as logistic regression to predict
the target class's probability. It is suitable for binary classification and provides inter-
pretable coefficients. Logistic Regression was chosen for its ability to serve as a strong
baseline, and its simplicity helps mitigate overfitting in smaller datasets. The maximum
training iteration was set to 10000 for quick model training.

A radial basis function kernel is used by the discriminative Support Vector Machine
(SVM) model to map input into a high-dimensional space. SVMs typically achieve
strong performance thanks to their flexibility in handling complex decision boundaries.
The maximum training iteration was set to 500 for efficient model training.

The Classification and Regression Tree method serves as the foundation for the De-
cision Tree tree structure model, which constructs a binary tree by recursively separat-
ing the feature space to complete the classification of data. Decision trees are useful
because they may represent intricate relationships, highlight significant characteristics,
and keep the decision-making process transparent.

Random Forest, which ensembles a group of decision trees, can improve perfor-
mance and resilience by lowering variance through bagging and random feature selec-
tion. Random Forests are favored for their strong empirical performance, robustness to
noisy data, and interpretable feature importance scores. To balance performance and
training duration, 100 estimators were used.

Gradient Boosting is also an ensemble method. It is based on decision trees and fo-
cuses on misclassified instances to improve prediction accuracy gradually. This model
was selected for its high predictive accuracy, especially in handling tabular datasets
with complex relationships and class imbalance. The XGBoost implementation was
used for its efficiency and performance.

A feedforward neural network (NN) with one hidden layer, which has 16 nodes, and
a rectified linear unit (ReLU) activation function is implemented using PyTorch. It was
chosen for its ability to capture intricate, complex feature interactions that traditional
models may miss. The model was trained with the Adam optimizer and binary cross-
entropy loss for 100 epochs, allowing it to learn characteristics of the features.

2.4 Performance Metrics

Using a range of assessment measures, the model's performance was carefully exam-
ined. In medical diagnosis, precision measures the model's ability to minimize false
positives, while accuracy shows the overall proportion of correct predictions. Recall
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assesses the model's ability to detect genuine positive instances, which lowers the num-
ber of missed diagnoses. The F1 score, which takes the harmonic mean of accuracy and
recall, is particularly useful when dealing with imbalanced data. Additionally, using the
area under the receiver operating characteristic curve (AUC), the model's ability to dis-
tinguish between classes across a variety of classification criteria was assessed.

2.5 Feature Selection Methods

Filter method. To reduce complexity and improve model efficiency, a manual filter
approach was employed. The filter method is chosen for its efficiency and its wide use
over biomedical ML tasks [9].

First, a variance threshold was applied to remove features with low discriminative
ability (variance < 0.01). This is because features with less variation are unlikely to
contribute significantly to classification. Second, features with high pairwise correla-
tions (Pearson’s r > 0.6) were discarded to reduce redundant features.

This combined approach ensured that the remaining features were both informative
and clean, which enhances the interpretability and performance of subsequent models.

Univariate feature selection. The SelectKBest method, with k=5, was used to iden-
tify the top 5 features. Using the Analysis of Variance (ANOVA) F-value as the scoring
function, this approach evaluates each feature’s statistical significance in distinguishing
between benign and malignant classes without considering feature interactions [8]. This
approach produced a number of features that are better suited for training machine
learning models.

Embedded feature selection. To assess feature importances, the entire feature set
was used to train a Random Forest classifier. This embedded method captures the rela-
tive importance of features in an ensemble model with a tree structure. This can account
for interactions between features. The top 5 features were selected. In contrast to the
filter technique and univariate selection, this methodology offers a supplementary strat-
egy that may improve the model's ability to identify intricate patterns in the data.

3 Results

3.1 Feature Selection Outcomes

The filter feature selection approach reduced the 30 initial features to 18 attributes. The
Univariate Selection (SelectKBest) method was implemented to identify the top 5 fea-
tures. All of them showed significant univariate associations with the diagnosis
(ANOVA F-values > 600). The top 5 features determined by the Random Forest model
have importances ranging from 0.6 to 0.15.
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3.2 Model Performance with all Features

After training and evaluating the models using all features (i.e., without feature selec-

tion), the performance metrics are shown in Fig. 1.
Performance for All Models (All Features)

1.00
KNN 1.0000
0.98
Logistic Regression 0.9750
0.96
SVM 1.0000
0.94
Decision Tree 0.9302

Model
Score

0.92
Random Forest 0.9756

-0.90
Gradient Boosting 0.9524
-0.88
NN 0.9767

F1 Score Accuracy Precision
Score Type

Fig. 1. Performance for all models (all features) (Photo/Picture credit: Original).

When evaluated on the full 30-feature set, the neural network demonstrated the high-
est performance with the highest F1 score, accuracy, and recall. Gradient Boosting and
Random Forest both had respectable results across the board. However, KNN, Logistic
Regression, and SVM all have relatively low recall, scores meaning that they reported
many false positives on the testing dataset.

3.3 Impact of Feature Selection Methods

The percentage change in performance measures is calculated after feature selection
techniques have been applied to every model. As F1 score is the most important metrics
that the study focus on, due to its ability to represent a model's ability to balance recall
and precision, only the percentage change in F1 scores is shown Fig. 2 illustrates the
percentage change in F1 scores for various models after feature selection methods were
applied. Fig. 2, the x-axis is the different models implemented while the y-axis repre-
sents the different feature selection methods, including filter methods, SelectKBest, and
embedded methods. Each number, which represent the percentage change in F1 score,
is color coded for readability (orange means improvement while blue indicates perfor-
mance drop).
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Percentage Change in F1 Score
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Fig. 2. Percentage change in F1 score (Photo/Picture credit: Original).

For the filter method, most models maintained constant F1 scores.There were no
significant changes in the F1 scores of models like KNN, SVM, and Logistic Regres-
sion, while Random Forest and Gradient Boosting exhibited slight improvements, with
their F1 scores increasing by approximately 1% and 2%, respectively.

In contrast, the SelectKBest method produced mixed outcomes. Models relying on
simpler mechanisms, such as KNN and Logistic Regression, experienced minor gains
in F1 scores of roughly 1% to 3%, likely due to better alignment with the statistically
significant features selected. However, more complex models suffered performance de-
clines ranging from 1% to 3%.

The random forest selection method exhibited a negative outcome. KNN, Logistic
Regression, and Random Forest recorded considerable performance drops, with F1
scores decreasing by as much as 6%. Meanwhile, SVM, Decision Tree, Gradient Boost-
ing, and the neural network showed either neutral changes or slight negative impacts.
This trend probably means that the embedded feature selection method is less compat-
ible with linear models and models that are based on distance.

4 Discussion

The neural network performed the best overall across all measures when all character-
istics were included, which is consistent with other research showing how well deep
learning captures high-dimensional and non-linear patterns in medical data [6]. The
network's capacity to recognize intricate patterns among features is responsible for this
outcome.

The implementation of feature selection methods showed varying effects depending
on the model architecture.

The filter method had a particularly positive impact on ensemble models. This sup-
ports findings by Chandrashekar and Sahin, who noted that filtering irrelevant features
benefits model performance when computational budget is limited, especially in mod-
els that aggregate multiple weak learners [9].
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The SelectKBest univariate approach benefited simpler models like Logistic Regres-
sion and KNN. These models typically do not capture feature interactions well, so the
selection of statistically significant features aligns with their mechanisms [3]. However,
this approach caused performance drops in ensemble and neural models, possibly due
to the loss of important relationships among features.

The Random Forest-based embedded selection did not improve performance despite
its theoretical advantage of identifying important features. One reason could be that
using the most important features derived from it alone may exclude feature combina-
tions important to other classifiers. This is consistent with research that warns against
blindly transferring feature importance across different model types [9].

Another observation is that feature selection did not benefit all models equally. The
lack of improvement in neural network performance after feature selection suggests
that neural networks might inherently learn to ignore irrelevant features through their
internal mechanisms. This means that feature reduction is less needed for neural net-
works.

5 Conclusion

The WDBC dataset was used in this work to evaluate how three feature selection meth-
ods affected seven machine learning models for breast cancer diagnosis. Results
showed that the filter method maintained stable performance for simpler models and
slightly enhanced ensemble models like Gradient Boosting and Random Forest. Se-
lectKBest delivered mixed outcomes, marginally benefitting simpler models while re-
ducing the effectiveness of models that rely on feature interactions. The embedded
method, based on Random Forest feature importance, performed poorly for all experi-
mented models, likely due to the exclusion of critical feature combinations.

Neural networks achieved the best overall performance when trained on all features,
making them suitable for clinical deployment, while Gradient Boosting paired with the
filter method offered a strong balance of accuracy and interpretability.

Future studies should address class imbalance, refine neural network architectures,
and explore deep learning techniques for direct image analysis to further enhance diag-
nostic tools. This work emphasizes how crucial it is to match feature selection tactics
with model attributes in order to maximize machine learning performance in the detec-
tion of breast cancer.
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