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Abstract
Timely detection of breast cancer is crucial for improving patient outcomes. While machine learning (ML)
models have shown promise in supporting diagnosis, there is still a need for frameworks that combine
predictive accuracy with model interpretability and balanced evaluation.

This study compares three widely used supervised ML algorithms, Support Vector Classifier (SVC),
Random Forest, and XGBoost, using the Wisconsin Diagnostic Breast Cancer dataset. To address class
imbalance, the dataset was balanced using the Synthetic Minority Oversampling Technique, and
hyperparameter tuning was also performed through GridSearchCV. Each model was evaluated using
accuracy, precision, recall, F1-score, and receiver operating characteristic area under the curve.

XGBoost exhibited the best results, achieving 98.60% accuracy and perfect recall for malignant cases,
which are crucial for reducing false negatives in clinical settings. Random Forest also demonstrated better
results, while SVC showed slightly lower accuracy, but it still maintained balanced class-wise
performance. Feature importance analysis was applied to these models to enhance clarity and highlight
key diagnostic features. SVC could not generate feature importance output due to its kernel-based
approach.

This study presents a reproducible and interpretable ML-based framework for breast cancer classification.
By integrating model optimization, class balancing, and explainability, the proposed approach provides a
robust foundation for future clinical decision-support systems.

Categories: AI applications, Algorithm Analysis, Predictive Analytics
Keywords: breast cancer prediction, machine learning, feature selection, xgboost and random forest, predictive
analytics, medical diagnostics, ai-driven disease detection

Introduction
Breast cancer is among the most prevalent and life-threatening diseases globally, posing a significant
public health challenge, and exerts a substantial burden on healthcare systems. According to the World
Health Organization (WHO), breast cancer was the most commonly diagnosed cancer in 2020, accounting
for approximately 2.3 million new cases and 0.68 million deaths worldwide [1]. Early and accurate
detection of breast cancer is critical to improve survival rates and to enable timely treatment. The
conventional diagnostic techniques such as mammography, physical examinations and biopsies are widely
adopted and clinically effective, but these methods, although essential, can occasionally be time-
consuming and resource-intensive, and there still remains a possibility of human interpretation
variability. In particular, distinguishing between malignant and benign lesions, especially in early-stage
breast cancer, can be challenging and may lead to occasional diagnostic uncertainty [2].

Integrating artificial intelligence (AI) and machine learning (ML) techniques into the diagnostic workflow
holds promise in complementing existing practices by enhancing accuracy, reducing variability and
assisting clinicians in making more informed decisions. ML techniques can identify patterns present in
complex medical dataset, which might not be detected by traditional methods, which can help in early
diagnosis. It has been observed that combination of AI and ML techniques can achieve equivalent or in
some cases better performance than an expert, as shown by Esteva et al. [3], where deep neural networks
achieved performance comparable to or exceeding that of expert radiologists.

ML-based models have a potential to improve the diagnostic reliability by reducing interpretation time
and minimizing human error [4,5]. Feature selection is one of the key factors for the success of ML-based
models in the field of medical. Medical datasets are often high-dimensional and not all features contribute
meaningfully to model performance. By detecting the relevant features, accuracy as well as efficiency of
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the model can be improved, thereby reducing the overall computational costs. In breast cancer diagnosis,
identifying critical predictive features can also support transparency and trust in AI-driven systems, which
is vital for clinical integration.

Many ML techniques are available; therefore, choosing the effective technique out of all is crucial. This
study focuses on three widely used classifiers - Support Vector Classifier (SVC), Random Forest (RF) and
XGBoost - to study their complementary strengths in handling non-linear patterns, ensemble learning and
feature prioritization. The study evaluates and compares these three models using metrics such as
accuracy, precision, recall and F1-score. These models are evaluated in the context of breast cancer
classification using a well-known diagnostic dataset. The novelty of this study lies in presenting a well-
structured, comparative evaluation of these three ML models for breast cancer detection, aimed at
improving both predictive accuracy and actionable insights for clinical use.

Materials And Methods
Literature review
The application of ML techniques in breast cancer detection has been widely explored. Many studies
achieved high classification accuracy using models such as SVM, Artificial Neural Networks (ANN), k-
Nearest Neighbors (k-NN), Decision Trees (DT), RF and XGBoost. Table 1 summarizes some notable
research that has applied these algorithms across various breast cancer datasets.
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Reference Dataset Used
Feature
Selection
Applied?

Feature Selection Technique ML Algorithm Used Results & Findings

[6]
UCI Machine
Learning
Repository

No RapidMiner 5.0
Discriminant Analysis,
ANN, DT, LR, SVM,
NB, k-NN

SVM achieved the best accuracy
(96.5%) for breast cancer diagnosis.

[7]
Wisconsin
Original Breast
Cancer Dataset

No - SVM, RF, BN
Random Forest had the best
discriminatory power for malignant
vs. benign cases.

[8]
Wisconsin Breast
Cancer Dataset

Yes Feature Selection
SVM, ANN, LR, DT, k-
NN, BN

SVM outperformed all classifiers
(97.28%).

[9]
Wisconsin Breast
Cancer Dataset

No - ANN, SVM
SVM outperformed ANN with
99.51% accuracy

[10] BreaKHis dataset Yes DenseNet Feature Extractor
Deep Learning
XGBoost

Achieved 97% accuracy

[11]
Wisconsin Breast
Cancer Dataset

Yes Box Plots XGBoost Achieved 94.74% accuracy

[12]
Wisconsin Breast
Cancer Dataset

No -
SVM, k-NN, RF,
AdaBoost, XGBoost

XGBoost achieved highest accuracy
(98%), followed by SVM (96%)

[13]
Wisconsin Breast
Cancer Dataset

No -
RF assembled with
Adaboost

Accuracy of 98.57%

[14]
MIAS 2012
dataset

No - CNN-XGBoost XGBoost improved 7-class accuracy

[15]
Wisconsin Breast
Cancer Dataset

Yes SMOTE
XGBoost with
combination of NV,
RF, DT

XGBoost + RF give best accuracy
(98.2%)

[16]
Wisconsin Breast
Cancer Dataset

Yes
Pearson Correlation Coefficient,
Recursive Feature Elimination, LR, and
Univariate Selection

RF, SVM, k-NN, DT,
Multilayer Perception

RF gives best accuracy (99%)

[17]
Dataset from
Internet

No -
LR, DT, k-NN, NB,
SVM, RF

RF gives best accuracy (98%)

TABLE 1: Literature Review of Machine Learning Application for Breast Cancer Detection
AdaBoost, Adaptive Boosting; ANN, Artificial Neural Network; BN, Bayesian Network; CNN, Convolutional Neural Network; DT, Decision Tree; k-NN, K-Nearest
Neighbors; LR, Logistic Regression; ML, Machine Learning; NB, Naïve Bayes; RF, Random Forest; SMOTE, Synthetic Minority Over-sampling Technique;
SVM, Support Vector Machine; XGBoost, Extreme Gradient Boosting

Among these studies, SVM can be seen as a strong performer by achieving accuracy rates above 96% in
classifying malignant and benign tumors [6,8,9,11]. From this table, it can be seen that RF also delivered
excellent results because of its ability to leverage multiple decision trees, which in turn reduce overfitting
and improve predictive reliability [7,13,16,17]. XGBoost, a gradient boosting framework, is known for its
speed and precision because of which it can be helpful for medical diagnosis tasks. Studies that included
XGBoost [10-12,14,15] exhibited accuracy up to 97% or more. XGBoost when combined with deep learning
led to even greater improvements such as a 7% accuracy boost in multi-class classification using
mammogram images.

Although existing studies have shown high accuracy, there are certain concerns that need to be addressed.
Feature selection methods that are essential for reducing the model complexity have not been
implemented by many studies. In some studies [10,11,16], techniques like Pearson correlation, recursive
feature elimination and information gain were used, but they are not universally adopted. Apart from
reducing model complexity, feature selection methods also provide clarity and confidence to clinicians by
highlighting which features the model uses for its predictions.

Another concern that was observed is that the datasets used to carry on the research are not balanced.
They contain larger number of benign cases and lesser number of malignant cases. When model is trained
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using imbalanced data, it tends to become biased towards majority class and as a result might miss the
malignant cases, which is dangerous in medical diagnosis because it could mean failing to detect cancer in
a patient. Class imbalance is not being addressed in most of the studies. It has been handled by only few
studies such as that by Mahesh et al. [15] where they have employed balancing techniques like SMOTE to
improve fairness in classification performance.

Yet another important aspect that remains underexplored is hyperparameter tuning. Many of the studies
have overlooked it and have used the default settings of the algorithms, which might not be the best for
the specific dataset or problem. While methods like Grid Search or Bayesian Optimization have shown
effectiveness in other domains, their adoption in the reviewed literature is sparse [18-20]. This
inconsistency in parameter tuning makes it hard to fairly compare the results from different studies. One
model may look better than another just because it was better tuned - not because it is inherently better.
So, proper hyperparameter tuning is important for both performance and fair comparison.

In addition, many previous studies, as shown in Table 1, have compared these ML models using different
datasets and feature selection methods as well as experimental settings, making it difficult to fairly
compare their performance and determine which model is most suitable for breast cancer diagnosis. In
response to these gaps, the present study proposes a structured and comprehensive comparison of three
widely used classifiers, SVC, RF, and XGBoost, using the Wisconsin Diagnostic Breast Cancer dataset. To
ensure a fair and clinically relevant evaluation, the study incorporates SMOTE for class balancing,
GridSearchCV for systematic hyperparameter tuning and feature importance analysis for interpretability
in tree-based models. Each model is assessed using a consistent set of evaluation metrics, including
accuracy, precision, recall, F1-score and area under the curve (AUC). By consolidating these elements into
a single experimental pipeline, this research aims to provide a reproducible and interpretable ML
framework tailored for breast cancer prediction and clinical decision support.

Dataset description
The dataset employed in this research is the Breast Cancer Wisconsin (Diagnostic) dataset, curated by
Wolberg et al. [21]. It is a benchmark dataset frequently used in ML research for breast cancer diagnosis. It
contains features extracted from digitized images of fine needle aspirate (FNA) samples of breast tissue,
offering a rich source of information to distinguish between malignant (cancerous) and benign (non-
cancerous) cases [21]. The key characteristics of the dataset are as follows:

Number of Instances: 569 samples, each representing a unique case of breast tissue analysis.

Number of Features: 30 numerical attributes that describe various properties of cell nuclei.

Class Distribution: Malignant - 212 instances (representing cancerous cases). Benign - 357 instances
(representing non-cancerous cases).

The dataset comprises 30 numerical features extracted from FNA images of breast masses, representing
critical geometrical and textural properties of cell nuclei. These features are grouped into three categories,
each capturing different statistical aspects of the measurements:

Mean Values

These represent the average measurement for each property, providing an overall estimate of the cell
nuclei’s shape, size and texture.

Features: radius_mean, texture_mean, perimeter_mean, area_mean, smoothness_mean,
compactness_mean, concavity_mean, concave points_mean, symmetry_mean, fractal_dimension_mean.

Standard Errors

These measure the variability or spread of each property, offering insights into the consistency and
reliability of the observed measurements.

Features: radius_se, texture_se, perimeter_se, area_se, smoothness_se, compactness_se, concavity_se,
concave points_se, symmetry_se, fractal_dimension_se.

Worst Values

These indicate the largest measurement observed among the three largest cell nuclei in each image,
highlighting potential extremes associated with malignancy.
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Features: radius_worst, texture_worst, perimeter_worst, area_worst, smoothness_worst,
compactness_worst, concavity_worst, concave points_worst, symmetry_worst, fractal_dimension_worst.

Methodology
The following methodology was implemented to develop an optimized ML-based Breast Cancer Prediction
System. Figure 1 provides a visual representation of the workflow.

FIGURE 1: Stages for Breast Cancer Prediction

Data Acquisition and Loading

The breast cancer dataset was acquired in CSV format and loaded into the Python environment using the
Pandas library. This step ensured that all data attributes and records were correctly read into a structured
DataFrame for subsequent processing and analysis. The use of CSV format ensures compatibility and
simplicity during import, while Pandas provides efficient and flexible tools for data manipulation, making
it a standard in data science workflows [22].

Data Preprocessing

Preprocessing was performed to prepare the dataset for effective ML model training. The following sub-
steps were executed:

Column removal: The id column was removed from the dataset as it serves as a unique identifier without
any contribution to prediction. Including such non-informative features may introduce noise and
unnecessarily increase dimensionality [23].

Categorical encoding: The target variable diagnosis, originally labeled as 'M' (Malignant) and 'B' (Benign),
was encoded into binary values using Label Encoding, where 1 denotes Malignant and 0 denotes Benign.
Binary encoding is appropriate for categorical variables in binary classification tasks and ensures
compatibility with ML algorithms that require numerical input [24].

Class balancing with SMOTE: The dataset exhibited slight class imbalance, with benign samples
outnumbering malignant ones. Class imbalance can bias models toward the majority class, leading to poor
recall on the minority class [25]. To address this, SMOTE was employed. SMOTE generates new synthetic
examples of the minority class rather than duplicating existing ones, effectively improving classifier
performance on the underrepresented class [26].

Data Splitting

To evaluate the model's generalization capabilities, the preprocessed dataset was split into 80% for
training, used to fit the models and learn patterns, and 20% for testing, used to evaluate the models'
performance on unseen data. This stratified split was performed using the train_test_split() function from
the scikit-learn library, which maintains the original class distribution across subsets, ensuring a balanced
and fair model evaluation [27].

Feature Selection and Hyperparameter Tuning

These two processes were critical to optimize model performance and interpretability:

Feature selection: For tree-based models such as RF and XGBoost, feature_importances_ was used to
identify and visualize the most significant features. Feature selection reduces overfitting, improves
accuracy and enhances interpretability by removing irrelevant or redundant features [24]. Feature
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importance was used as a post-training interpretability tool, rather than a pre-training feature selection
filter. This approach allowed for better insight into model decision-making while retaining all features
during training to maintain consistency across models. For models like SVC that do not directly provide
feature importance, this step was not applied.

Hyperparameter tuning: A GridSearchCV strategy was implemented to identify the optimal combination
of hyperparameters for each classifier. This approach performs an exhaustive search over a predefined
parameter grid using 5-fold cross-validation, ensuring robust performance across different
training/validation splits. Hyperparameter tuning is crucial for avoiding underfitting/overfitting and
improving model generalization [18].

Model Selection and Training

Three ML classifiers were selected for comparative analysis, representing diverse learning paradigms:

SVC: A kernel-based margin classifier known for effectiveness in high-dimensional, low-sample-size
datasets [28].

RF: An ensemble method that combines multiple decision trees and aggregates their outputs to reduce
overfitting and improve accuracy [29].

XGBoost: A gradient boosting algorithm that builds sequential trees to minimize classification error,
optimized for speed and predictive power [30]. It is widely used in medical ML applications due to its
superior handling of complex patterns and feature interactions.

All models were trained using the training data with the best hyperparameter combinations obtained via
GridSearchCV.

Model Evaluation

Each trained model was evaluated using the following metrics:

Accuracy: The proportion of correctly predicted instances across all predictions.

Precision: The proportion of true positive predictions among all predicted positives, critical in clinical
scenarios to avoid false alarms.

Recall (Sensitivity): The ability to correctly identify actual malignant cases; a high recall is crucial in
medical diagnosis to minimize false negatives.

F1-Score: A harmonic mean of precision and recall, offering a balanced assessment when class
distribution is imbalanced.

In addition to the above standard performance metrics, this study incorporated visual tools such as
confusion matrices and receiver operating characteristic curves to better compare the models. The
confusion matrices offered a clear view of how each model classified benign and malignant cases, while
the ROC curves provided insight into how well the models distinguished between the two classes at
different threshold levels. Feature importance graphs were made for both the tree-based models, i.e. RF
and XGBoost, to highlight which features had the most influence in making predictions.

Results
All experiments were executed on Python 3.11 (64-bit) on a Windows 10 machine with an Intel Core i5
(11th Gen) processor and 8 GB of RAM. Model building and visualization were done in a Jupyter Notebook
setup.

The Wisconsin Breast Cancer Diagnostic dataset was imported in CSV format with the help of the pandas
library. The uninformative id column was dropped, and the target variable diagnosis was label-encoded as
malignant with value 1 and benign with value 0. Mild class imbalance was present in the dataset, which
was handled by utilizing the SMOTE method from the imblearn library.

The data was divided into 80% train and 20% test sets via train_test_split() with a fixed random state for
reproducibility. Three supervised classifiers were tested: SVC, RF and XGBoost. Each model was
hyperparameter tuned via GridSearchCV with 5-fold cross-validation. Models were tested on the test set
with accuracy, precision, recall, F1-score and AUC-ROC. For tree models (RF and XGBoost), feature
importance scores were calculated to rank important predictor variables. Visualizations such as confusion
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matrices, ROC curves and feature importance plots were created using matplotlib and seaborn.

This part deals with the performance of these three ML models, SVC, RF, and XGBoost model, in predicting
the breast cancer cases. Table 2 enlists the optimal hyperparameters chosen for each model. The SVC
performed best with a regularization parameter of C = 1 and a gamma of 0.001, which made it sensitive to
fine patterns in the feature space. RF model was better with 200 decision trees, presumably gaining more
diversity in the ensemble to enhance generalizability. XGBoost performed optimally with 100 estimators,
striking a nice balance between obtaining high accuracy and preventing overfitting. The final accuracy
figures indicate how good each model is at generalizing and performing well on previously unseen data.

Model Best Parameters Accuracy

Support Vector Classifier C = 1, gamma = 0.001 0.9091 (90.91%)

Random Forest n_estimators = 200 0.9720 (97.20%)

XGBoost n_estimators = 100 0.9860 (98.60%)

TABLE 2: Model Hyperparameters and Accuracy

Table 3 presents class-wise performance, which is particularly relevant in healthcare applications where
both precision and recall for malignant cases are critical. While SVC showed reasonably balanced
performance (F1 = 0.91 for both classes), its lower recall for malignant cases (0.89) could translate to a
higher false negative rate. RF demonstrated strong overall performance and higher recall for malignant
cases (0.99), indicating its robustness in clinical screening scenarios. XGBoost achieved a perfect recall of
1.00 for malignant tumors while maintaining high precision, making it ideal for minimizing the risk of
undetected cancer cases.

Model Class Precision Recall F1-Score Support

Support Vector Classifier 0 (Benign) 0.89 0.93 0.91 69

 1 (Malignant) 0.93 0.89 0.91 74

Random Forest 0 (Benign) 0.99 0.96 0.97 69

 1 (Malignant) 0.96 0.99 0.97 74

XGBoost 0 (Benign) 1 0.97 0.99 69

 1 (Malignant) 0.97 1 0.99 74

TABLE 3: Classification Report – Class-Wise Metrics

The confusion matrices, shown in Figure 2, provide a detailed view of the classification performance of the
three models. The SVC model correctly identified 64 benign and 66 malignant cases, but misclassified 5
benign as malignant and 8 malignant as benign. The RF model demonstrated improved accuracy,
misclassifying only three benign and one malignant case. Notably, the XGBoost model achieved the
highest classification accuracy, correctly identifying all 74 malignant cases and misclassifying only 2
benign cases.
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FIGURE 2: Confusion Matrices of Support Vector Classifier (SVC),
Random Forest and XGBoost Models, Illustrating the Classification
Performance Across Benign (Label 0) and Malignant (Label 1) Tumor
Classes

These results highlight XGBoost’s superior capability in distinguishing between the two classes, especially
in minimizing false negatives - a critical metric in medical diagnosis where failing to detect a malignant
tumor could lead to severe consequences. RF also performed well with minimal errors, whereas SVC, while
still effective, showed relatively higher misclassification.

Figure 3 displays ROC curves for the SVC, RF and XGBoost classifiers. The ROC curve illustrates how each
model balances sensitivity (true positive rate) and specificity (1 - false positive rate) across various
classification thresholds. It serves as a valuable tool for evaluating a model’s ability to discriminate
between classes.

In this study, SVC achieved an AUC score of 0.97, which reflects that it can distinguish between malignant
and benign cases well, but its ROC curve showed slightly more distance from the ideal top-left corner
compared to the other models, suggesting that there were still some instances where it could not predict.
AUC score of RF and XGBoost is coming out to be exact 1.00, and their ROC curves closely followed the
top-left boundary of the plot, indicating better predictive power than SVC. These results align with the
findings from the confusion matrix as discussed above.

FIGURE 3: ROC Curves of SVC, Random Forest and XGBoost Models,
Showing Their Ability to Distinguish Between Benign and Malignant
Tumor Classes. AUC Values Are Also Indicated for Each Model
AUC, Area Under the Curve; ROC, Receiver Operating Characteristic; SVC, Support Vector Classifier

Following the ROC analysis, it is also important to examine performance metrics that encapsulate model
behavior across both classes. These include macro and weighted averages for precision, recall and F1-
score, as summarized in Table 4.
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Model Macro Precision Macro Recall Macro F1 Accuracy

Support Vector Classifier 0.91 0.91 0.91 0.91

Random Forest 0.97 0.97 0.97 0.97

XGBoost 0.99 0.99 0.99 0.99

TABLE 4: Macro and Weighted Averages for All Models

Macro and weighted averages, shown in Table 4, provide a holistic view of model performance across
imbalanced datasets. Macro averaging ensures both classes are given equal importance, while weighted
averaging reflects class frequency. XGBoost achieved near-perfect scores across all metrics, reinforcing its
effectiveness in addressing both class sensitivity and balanced performance.

This consolidated summary in Table 5 highlights that while all three models performed admirably,
XGBoost consistently outperformed SVC and RF in every metric. Its perfect recall for malignant cases and
highest F1-score makes it a highly suitable model for critical applications such as cancer detection, where
the cost of false negatives is high.

Model Accuracy Precision Recall F1-Score

Support Vector Classifier 0.9091 0.9296 0.8919 0.9103

Random Forest 0.972 0.9605 0.9865 0.9733

XGBoost 0.986 0.9737 1 0.9867

TABLE 5: Model Performance Summary

Discussion
This section presents experimental results obtained by comparing SVC, RF and XGBoost on the task of
classifying breast cancer. Overall accuracy of 90.91% and F1-score of 0.91 were observed for the SVC
model. It was noted that it had equitable performance for both benign and malignant cases, and its recall
for malignant tumors was 0.89, which reflected an increased false negative rate. In clinical diagnosis, this
can be serious as it signifies a chance of missing cancer-positive cases. The confusion matrix validated
these results, revealing more misclassifications in the malignant class compared to the other models.

RF surpassed SVC in that it attained 97.20% accuracy and a recall of 0.99 for malignant samples. RF
classified only one malignant sample incorrectly as can be seen from its confusion matrix. The matching
ROC curve was near perfect, and its AUC value was 1.00, demonstrating high discriminatory power
between benign and malignant cases.

XGBoost surpassed both these models by having the highest accuracy of 98.60% as well as a recall of 1.00
for malignant cases. XGBoost identified all the positive cancer cases effectively and, therefore, is
extremely well-suited for use in diagnostic purposes where false negatives need to be minimized. The ROC
curve of XGBoost was closest to the top-left corner with an AUC value of 1.00, thus validating its best
classification performance.

To further understand the model decision-making process, feature importance plots were generated for RF
and XGBoost, as shown in Figures 4 and 5, respectively. In both models, perimeter_worst, radius_worst and
concave points_worst emerged as the most influential features in classifying breast cancer cases. These
attributes are related to tumor size, shape and margin irregularities - factors known to correlate strongly
with malignancy in clinical diagnostics. While RF distributed importance across a broader set of features,
XGBoost concentrated more weight on just a few key predictors, particularly perimeter_worst and
radius_worst, suggesting its effectiveness in narrowing down the most critical features for accurate
classification.
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FIGURE 4: Feature Importance Scores Generated by Random Forest

FIGURE 5: Feature Importance Scores Generated by XGBoost Models

It is important to note that SVC does not offer feature importance visualization due to its kernel-based
mechanism. SVC constructs a decision boundary in a higher-dimensional space, which while effective
makes it difficult to interpret the contribution of individual features in a manner similar to tree-based
models [31].

The experimental findings clearly demonstrate that XGBoost is the most effective model in this study,
both in terms of classification accuracy and clinical reliability. The use of SMOTE played an important role
in ensuring fair evaluation across classes particularly for the malignant class.

This research has few limitations, which need to be noted. The analysis was conducted with a
comparatively small dataset (Wisconsin Diagnostic Breast Cancer dataset), and its impact might reduce
the generalizability of the results. The research did not encompass external verification using
independent datasets. Future research will concentrate on remedying these points by using larger and
more diverse datasets and conducting external verification.

Conclusions
This study conducted a comparative evaluation of three supervised ML algorithms - SVC, RF and XGBoost
- for classifying breast cancer using the Wisconsin Diagnostic Breast Cancer dataset. The dataset was
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balanced using SMOTE, and each model was fine-tuned through GridSearchCV to optimize performance.
Among the classifiers, XGBoost delivered the best results with an accuracy of 98.60% and a perfect recall
for malignant cases, making it particularly effective in reducing false negatives - a critical aspect in
clinical diagnostics. ROC curve and confusion matrix analyses further supported the strong performance
of both XGBoost and RF in accurately distinguishing between benign and malignant tumors. Feature
importance plots from the tree-based models indicated that attributes such as perimeter_worst and
concave points_worst were most influential in classification. While SVC lacks built-in feature importance
due to its kernel-based design, it still maintained competitive accuracy above 90%.

To conclude, this study presents an interpretable and optimized ML framework for breast cancer
prediction, with XGBoost emerging as the most promising model. Future research will focus on validation
with larger and diverse clinical datasets and real-world integration into diagnostic support tools.
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