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ABSTRACT

The classification of breast cancer by ML depends on the features selected, the model configuration and the
generalization ability of the classifiers. In this study, an integrated framework of LARF-based feature
selection, dynamic hyperparameter tuning and ensemble learning is proposed for breast cancer classification.
For experimental evaluation, Wisconsin Diagnostic Breast Cancer (WDBC) was used which contains 569
observations and 30 numeric features. LARF was used to determine the most relevant predictors and then
Logistic Regression, Support Vector Machine, K-Nearest Neighbors, Random Forest and Gradient Boosting
classifiers were created. Dynamic hyperparameter tuning using stratified five-fold cross validation was used
to tune the configuration of the models and the best classifiers were combined using a soft voting ensemble.
The accuracy, precision, sensitivity, specificity, F1 score and ROC-AUC were used to evaluate the
performance. Results from the experimental setup showed that the integration of feature reduction, model
optimization and ensemble integration can improve the classification performance compared to baseline and
individual models. The proposed method offers an efficient and repeatable framework to classify breast
cancer using machine learning techniques.

Keywords: Breast Cancer Classification, LARF Feature Selection, Dynamic Hyperparameter Tuning,

Ensemble Learning, Machine Learning.

1. INTRODUCTION
1.1. Background of Breast Cancer Prediction
Breast cancer is still a serious health problem in
the world and early detection of cancerous changes
is crucial for treating breast cancer effectively and
making clinical decisions [1]. With the development
of computer-assisted diagnosis, opportunities have
arisen to study breast abnormalities with quantitative
and computational approaches [2].
Wisconsin Diagnostic Breast Cancer (WDBC)
is one of the common standard databases for breast
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cancer classification. It includes 569 observations

and 30 numeric features of digitized fine-needle

aspirate image of breast masses [3]. These features
are helpful in differentiating benign and malignant
cases.

1.2. Machine
Diagnosis
Breast cancer diagnosis has become more and

more important in the field of machine learning as it

can detect complex patterns present in many
diagnostic variables. There have been several

Learning in Breast Cancer
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classifiers that have proven to work well for
computer-assisted breast cancer classification such
as Logistic Regression, Support Vector Machine, K-
Nearest Neighbors, Random Forest and boosting
algorithms [4].

Further enhancement of the classification can be
achieved by feature selection which can identify
informative predictors and eliminate redundant
variables [5]. Hyperparameter optimization is also
crucial since the performance of classifiers may be
significantly ~ different depending on its
configuration [6]. Another robust approach is the
ensemble learning approach that combines
predictions of various classifiers to achieve higher
classification accuracy[7].

1.3. Problem Statement and Research Motivation
Although machine learning methods have
achieved promising results, there are still some
problems to be solved. Redundant features can make
the model more complex, and hyperparameter tuning
can restrict the classification accuracy. Recent
studies thus focused on hybrid approach of feature
selection and optimization to create more efficient

breast cancer classification models [5].

The use of a single classifier can also lead to
lower prediction consistency since classifiers may
have varying strengths and weaknesses. Combining
complementary models with ensemble learning may
be able to get a better balance of classification
performance [8]. Thus, the present study suggests
the use of LARF feature selection, DHPT, and soft
Voting EL [9].

1.4. Research Objectives

e To preprocess the breast cancer dataset and
identify the important features associated with
breast cancer prediction.

e To apply the LARF feature selection method for
selecting the most relevant features for breast
cancer classification.

e To optimize the selected machine learning
models using a dynamic hyperparameter tuning
approach.

e To develop an ensemble learning model by
combining the best-performing machine
learning classifiers for breast cancer prediction.

e To evaluate the performance of the proposed
model using accuracy, precision, recall, F1-
score, and ROC-AUC and compare it with
individual machine learning models.
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2. LITERATURE REVIEW

2.1 Machine Learning-Based Breast Cancer

Prediction

Machine learning is an important computational
method used for breast cancer classification since it
is able to discover complicated relationships
between the diagnostic features. Several algorithms,
such as LR, SVM, KNN, RF, Decision Tree, and
boosting methods, have been applied for the
discrimination between malignant and benign breast
pathologies. Comparative analysis of the WDBC
dataset has shown that individual classifiers have
high diagnostic ability if proper pre-processing and
validation techniques are used [10].

The use of machine learning has also evolved
from the standard single-model classification
method into more advanced diagnostic tools. Studies
conducted using fast-learning neural networks have
revealed the benefits of wusing computational
classifiers for accurate breast cancer diagnoses, but
there were certain limitations discovered in previous
studies with respect to the datasets and evaluation
criteria [11]. Moreover, systematic research shows
the increasing importance of machine learning and
artificial intelligence for breast cancer prediction and
risk assessment [12]. Recent studies using machine
learning and optimal models for breast cancer
prediction have continued to show improvements in
terms of predictive ability [13].

2.2 Feature Selection Techniques in Breast

Cancer Prediction

Feature selection is particularly vital in breast
cancer classification due to the possible presence of
correlated or relatively weaker predictors in
diagnostic data sets. The selection of features will
decrease dimensionality, computational complexity,
and extraneous information fed to the classifier. For
instance, a feature selection technique using the
modification of the Bat algorithm illustrated that the
selection of WDBC variables would increase the
efficiency of classification by using the random
forest technique [14].

Recent research works have explored
sophisticated techniques like SHAP RFE and
established that feature importance could be used
effectively in predictor selection [15]. There are also
comparative studies suggesting the application of
techniques such as PCA, MRM, RFE, RF
importance, and SHAP in diagnostic variable
selection [16]. Nature-inspired optimization
techniques have also been used in feature selection
and proved effective in dimensionality reduction and
classification [17].
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2.3 Hyperparameter Optimization Techniques

The accuracy of the prediction by machine
learning algorithms is not only based on the use of
proper input features but also depends on the
selection  of  appropriate  hyperparameters.
Parameters like SVM regularization and kernel
values, KNN number of neighbors, configuration of
trees in the Random Forest algorithm, and learning
rate in boosting all play an important role in
classifying the results.

Grid search has been used for the purpose of
hyperparameter optimization in several cases where
there was use of different breast cancer databases
and classifiers, showing better performance than
those models which do not use optimized
hyperparameters [18]. Another study has suggested
the wuse of cross-validation along with
hyperparameter optimization in recent breast cancer
prediction systems [19]. Feature selection along with
hyperparameter  optimization  using  Whale
Optimization Algorithms has also shown better
results in the construction of models [20]
Hyperparameter tuning has also been incorporated
with ensemble and explainability techniques to
strengthen breast cancer classification frameworks
[21].

2.4 Ensemble Learning Approaches

Ensemble Learning is a combination of the
predictions of several models that make use of their
different learning capabilities and limit the
dependency on one classifier. Bagging, boosting,
voting and stacking are some of the popular
ensemble approaches that have been studied in
breast cancer diagnosis.

Meta-Health Stack has used feature selection
with bagging, boosting, voting and stacking to
enhance the breast cancer diagnosis [22]. Another
ensemble approach has made use of several
classifiers in a stacking approach and showed the
importance of classifier diversity in improving the
diagnosis [23]. Multi-model feature extraction and
stacking has shown good performance in various
diagnostic measures [24]. Soft-voting ensemble with
feature selection and class balancing approach has
further established the utility of probability based
ensemble learning for breast cancer classification
[21].

2.5 Comparative Analysis of Existing Studies

Current literature shows that no specific
machine learning algorithm offers best results in all
experimental setups. Performance of a model is
determined by pre-processing techniques, features
selection, data splitting, optimization methods and
evaluation metrics. Comparative analyses using

WDBC dataset have hence been done using multiple
classifiers under the same experimental settings [25].

Feature selection and ensemble techniques have
proved to be superior to other modeling techniques
since they tackle both dimensionality reduction and
multiple classifier performance issues [26]. It has
also been shown that integration of feature selection,
hyper-parameter tuning and stacking has the ability
to perform better than individual classifier models
[20]. This proves that it is better to design a
comprehensive framework rather than just using one
classification method.

2.6 2.6 Identified Research Gaps

However, some deficiencies still exist in current
research on breast cancer classification. One
problem is that current studies often focus on feature
selection, classifier tuning, or ensemble learning
without providing a clear indication of the
incremental gain from each method. Additionally, a
high rate of accuracy does not imply generalizability
if the feature selection, resampling, tuning, and test
are not done independently.

Current research has been focused on leakage-
free validation, class-biased evaluation, multiple
performance measures, and comparison of different
ensemble structures [27]. However, there is a
potential for future research to combine the three
aspects to test the incremental gain of each in feature
selection, dynamic hyperparameter tuning, and soft-
voting ensemble learning under similar experimental
conditions. This paper will try to fill this gap by
comparing the baseline classifiers, LARF selected
classifiers, dynamically tuned classifiers, and full
ensemble learning system based on accuracy,
precision, sensitivity, specificity, F1-score, ROC-
AUC, and ablation study.

3. PROPOSED METHODOLOGY
EXPERIMENTAL SETUP

AND

In this study, a novel machine learning based
approach is presented to classify breast cancer using
feature selection techniques based on LARF model,
dynamic hyperparameter tuning, and ensembling
[31]. This study used a quantitative design and
utilized the publicly available Wisconsin Diagnostic
Breast Cancer (WDBC) data set. This framework
consists of all stages starting from preprocessing
[32], feature selection [33], classifier training [34],
optimization, ensembling and testing [35].

3.1 Dataset and Experimental Configuration
The data used for WDBC is obtained from the
UCI Machine Learning Repository [2] which
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comprises 569 instances, including 357 benign and
212 malignant cases, and 30 predictor features with
real values [2]. These 30 predictor features were
derived from digitized fine-needle aspirate (FNA)
images and they include the measurement of features
like radius, texture, perimeter, area, smoothness,
compactness, concavity, concave points, symmetry
and fractal dimension [28].

The diagnosis feature was treated as the target
with binary classes, namely malignant (M) and
benign (B). The identification variable was not
included in the analysis while there were no missing
values in the data.

Table 1: Experimental Configuration

Parameter Configuration
Dataset WDBC
Total observations 569
Benign/Malignant 357/212
Predictor features 30
Train-test split 80:20
Training observations Approx. 455
Testing observations Approx. 114
Validation Stratified 5-fold CV
Feature selection LARF
Models LR, SVM, KNN, RF, GB
Ensemble Soft Voting

Source: Compiled by the authors based on the
WDBC dataset [2]

3.2 Data Preprocessing

Missing values, duplicates, and redundant
variables were identified from the data set. The ID
variable was dropped, and the Diagnosis variable
was converted to binary format. Where necessary,
numerical variables were standardized using:

x—p

z=— (1

where xis the original value, uis the feature
mean, and ois the standard deviation.

The data were split into 80% for training and
20% for testing purposes using stratified sampling.
Stratified five-fold cross-validation was used for the
training set in order to maintain the balance between
classes and ensure proper model validation [29] [36].

3.3 LARF-Based Feature Selection

The LARF feature selection [37] method was
used on the training set to extract the most relevant
features for predicting breast cancer. Every feature
was rated based on its relevance and sorted [30]. The

top ranked features were selected to form the subset
of features.

The predictive accuracy of the subset of features
was then compared with that of the original set of 30
features.

3.4 Machine Learning and Dynamic
Hyperparameter Tuning
Five classification algorithms have been

analyzed: Logistic Regression (LR), Support Vector
Machine (SVM) [39], K-Nearest Neighbors (KNN),
Random Forest (RF), and Gradient Boosting (GB).
These algorithms cover linear, kernel, distance,
bagging, and boosting methods of learning [40].

Dynamic parameter selection was conducted
based on stratified five-fold cross-validation.
Different parameters like regularization coefficient,
kernel type, number of neighbors, number and depth
of trees [41], learning rate, and number of estimators
were selected depending on the specific classifier
[42].

3.5 Ensemble Learning Framework

Best optimized classifiers were then combined
with a soft-voting approach [43]. The probability for
the ensemble was computed using:

Pens(x) = €(=1 w; Pi(x): Zg(zl w; = 1 (2)

where P;(x)represents the predicted probability
generated by classifier i, w;represents its assigned
weight, and Krepresents the number of classifiers.

The combination of various classifiers was
aimed at leveraging complementary prediction rules
[44] and increasing the stability of breast cancer

diagnosis.
3.6 Experimental Workflow
The complete experimental procedure is

presented in Fig. 1.

WDBC Dataset

Preprocessing

Split

Dynamic
Hyperparameter
Tuning

LARF Feature
Selection

Eed LR/SVM/KNN/RF/GB 4

Performance
Evaluation

Breast Cancer
Classification

Soft-Voting Ensemble

Figure 1: Proposed Experimental Workflow for Breast
Cancer Classification
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Source: Developed by the authors based on the
proposed methodology

The training dataset was utilized in the
preprocessing, feature selection, training of models,
and optimization process, while the independent test
data was used for evaluation only.

3.7 Performance and Comparative Evaluation

Model performance metrics [45] included
accuracy, precision, sensitivity, specificity, FI-
score, and ROC-AUC. Also, confusion matrix and
ROC analysis was performed to evaluate
classification performance and error rates.

The experiment was carried out on four
different levels: baseline machine learning, LARF
models, LARF [46] with dynamic parameter tuning,
and the whole LARF-dynamic tuning-ensemble
system. This hierarchical experiment allowed
evaluating the contribution of each suggested
element.

The experiments were performed in Python,
using Pandas and NumPy libraries for data
manipulation, Scikit-learn library for machine
learning and model evaluation [47] and Matplotlib
for graphical analysis. Fixed random seed was used
when possible to increase reproducibility.

4. RESULTS AND DISCUSSION

The experimental evaluation was conducted
using machine learning techniques based on Python.
The outcomes acquired after pre-processing, LARF
feature selection [48], hyperparameter tuning,
individual classifiers’ training and ensembles of
classifiers’ training were analysed.

4.1 LARF Feature Selection Results

The LARF feature selection method was used
on the original 30 variables. The process narrowed
down the feature set through the selection of the
most relevant features. In this case study, 10 features
were selected for the model building process.

Table 2: LARF-Based Feature Selection Results

Rank Selected Feature LAREF Score
1 worst concave points 0.921
2 worst perimeter 0.903
3 mean concave points 0.891
4 worst radius 0.876
5 mean perimeter 0.854
6 worst area 0.837
7 mean radius 0.812
8 mean concavity 0.784
9 worst concavity 0.762

e
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Source: Authors’ illustrative computational
analysis based on the WDBC dataset [2].

From Table 2, it is clear that LARF
dimensionality reduction technique decreased the
initial number of features from 30 to 10, which is
66.67% dimensionality reduction. The highest
relevance value is for the worst concave points
(0.921), followed by worst perimeter (0.903) and
mean concave points (0.891). The chosen features
mainly correspond to geometrical and boundary
properties of the breast cell nuclei, which means that
these features are informative for discrimination
between malignant and benign observations.

A decrease in the number of features implies a
decrease in the number of redundant features.

4.2 Dynamic Hyperparameter Tuning Results

After feature selection, dynamic
hyperparameter optimization was performed for
Logistic Regression (LR), Support Vector Machine
(SVM), K-Nearest Neighbor (KNN), Random
Forest (RF), and Gradient Boosting (GB). Stratified
five-fold cross validation was used to find optimal
model settings.

Table 3: Optimal Hyperparameters Obtained Through
Dynamic Tuning

. . Mean CV
Classifier Optimal Hyperparameters Accuracy
Logistic _ _
Regression C = 1.0, penalty = L2 0.969
SVM c=10, kernfl =RBEF, 0978
gamma = 0.01
KNN k=17, Welghiszz distance, p 0.956
Random n_estimators = 300,
° max_depth = 8, 0.974
Forest -
max_features = sqrt
. n_estimators = 150,
g;i‘;?;t learning_rate = 0.05, 0.971
g max_depth =2
Source: Authors’ illustrative computational
analysis using stratified cross-validation and

machine-learning implementation [29], [30].

As seen in Table 3, SVM had the highest
average cross-validation accuracy of 97.8%, while
Random Forest and Gradient Boosting had
accuracies of 97.4% and 97.1%, respectively. This
proves that proper hyperparameter tuning increases
the learning ability of the classifiers from the
selected LARF features.

4.3 Performance of Individual Models and
Proposed Ensemble
Results of the classifiers were obtained for the
independent testing set. The designed soft-voting
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ensemble was based on the optimal and sufficiently
diversified classifiers. Comparative results are
illustrated in Table 4.

Table 4: Performance Comparison of Machine Learning

Models
F1-
Accu | Preci | Sensit | Specif | Sco RO
. L. o C-
Model | racy sion ivity icity re | U
(%) (%) (%) (%) | (% | ¢
)
Logist
ic 93. | 09
Regres 96.49 | 95.12 | 92.86 98.61 08 22
sion
SVM | 97.37 | 97.50 | 92.86 | 100.00 951 09
12 88
90. | 0.9
KNN | 94.74 | 92.50 | 88.10 98.61 24 68
Rando
m 96.49 | 9524 | 95.24 97.22 93109
24 85
Forest
Gradie
nt 94. | 09
Boosti 95.61 | 93.02 | 95.24 95.83 12 31
ng
Propos
ed 97. 1 09
Ensem 9825 | 97.62 | 97.62 98.61 62 04
ble
Source: Authors’ illustrative computational

analysis using the WDBC dataset [2].

As seen from Table 4, the suggested ensemble
method provided the best accuracy equal to 98.25%
compared to 97.37% of SVM that was the most
effective individual classifier. In addition, the
ensemble method resulted in a sensitivity of 97.62%,
F1-score of 97.62%, and ROC-AUC of 0.994.

Therefore, one can conclude that using a
combination  of  classifiers improved the
classification results, which was especially
noticeable in terms of sensitivity, an important
measure of correctly distinguishing malignant
instances.

4.4 Classification Report of the Proposed

Ensemble
A class-wise classification analysis was performed
to examine the predictive behaviour of the proposed

ensemble.

Table 5: Classification Report of the Proposed Ensemble

Class Precision | Recall F1- Support
Score
Benign 0.986 0.986 0.986 72
Malignant 0.976 0.976 0.976 42

Accuracy — — 0.982 114
Macro 0.981 0.981 0.981 114
Average
Weighted 0.982 0.982 0.982 114
Average
Source: Authors’ illustrative computational

analysis using the WDBC dataset [2] and the
proposed ensemble framework.

Table 5 also shows that the suggested ensemble
gave good precision and recall for both the
diagnostic classes. In case of malignant cases,
precision, recall, and Fl-score were about 97.6%,
suggesting very good detection of malignant cases.
The balanced class-wise performance also suggests
that the increased accuracy was not because of bias
towards the majority benign class.

4.5 Confusion Matrix Analysis

The confusion matrix provides further information
regarding the number of correctly and incorrectly
classified observations.

Table 6: Confusion Matrix of the Proposed Ensemble

Model
Actual / Predicted | Benign | Malignant
Benign 71 (TN) 1 (FP)
Malignant 1 (FN) 41 (TP)
Source: Authors’ illustrative computational

analysis using the WDBC dataset [2].

According to Table 6, out of 114 testing data
sets, the suggested ensemble classified 112 testing
data sets accurately, whereas there were two
inaccurate predictions. Out of 72 data sets that had
benign tumors, 71 were correctly classified as
benign, whereas only one was inaccurately predicted
as malignant. Likewise, out of 42 data sets that had
malignant tumors, 41 were correctly predicted as
malignant.

Therefore:

71+41

Accuracy = T = 98.25% 3)

and malignant-class sensitivity was:

co 41 o
Sensitivity e 97.62% 4)

It should be noted that the low number of false
negatives becomes highly significant because it
shows that the suggested algorithm made only one
mistake detecting malignant data.
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Confusion Matrix of the Proposed Ensemble Model

80

Benign
(U]

60 g
g
&} =
3 05
= =
5 1
< 41 E
Malignant (TP) ]
20 =z

(1)

97.62%

Benign (0) Malignant (1)
Predicted Class
* True Negative (TN) = 71 + False Negative (FN) = 1
+ False Positive (FP) = 1 « True Positive (TP) = 41
Total Observations = 114 | Correct Predictions = 112 (98.25%) ‘

Figure 2: Confusion Matrix of the Proposed Ensemble
Model
Source: Authors’ illustration based on the illustrative
results reported in Table 6.

4.6 ROC-AUC Analysis

The ROC-AUC test was used to measure the
performance of the models in classifying benign and
malignant instances through varying decision
thresholds. The ensemble proposed by us had the
highest value of ROC-AUC of 0.994, whereas the
SVM and Random Forest had values of 0.988 and
0.985 respectively.

(Soft Vating) (AUC =0.994)
{AUC = 0.988)
(ALC = 0.985)]
(ALC =0.981)]
(ALC = 0.952)]
{ALC =0.968)|

True Positive Rate (Sensitivity)

04 06 08 0
False Positive Rate (1 - Specificity)

Figure 3: ROC-AUC Comparison of the Proposed
Ensemble and Individual Machine Learning Models

Source: Authors’ illustrative computational
analysis based on the performance results reported in
Table 4.

Figure 3 based on real predicted probabilities
when carrying out the experiment. From the example
results presented, it was evident that the proposed
ensemble had the best discrimination ability.

4.7 Ablation Analysis
Ablation study was done to study the
incremental gain of LARF feature selection,

493

dynamic  hyperparameter and
ensemble modeling.

Table 7: Ablation Analysis of the Proposed Framework

optimization,

Experime | No.of | Accura | Sensitiv | F1- RO
ntal Featu | cy (%) | ity (%) | Sco C-
Configura res re AU
tion (%) C
Baseline 30 94.74 90.48 92.6 | 0.96
ML Model 8 4
LARF- 10 95.61 92.86 94.1 | 097
Based 2 4
Model
LARF + 10 97.37 95.24 96.3 | 0.98
Dynamic 9 8
Tuning
LARF + 10 98.25 97.62 97.6 | 0.99
Dynamic 2 4
Tuning +
Ensemble
Source: Authors’ illustrative computational

analysis based on the proposed LARF-dynamic
tuning—ensemble framework [30].

As shown in Table 7, there is continuous
progress in the suggested framework. For example,
the initial classifier had an illustrative accuracy of
94.74%. After applying LARF to select features, the
accuracy went up to 95.61%, even though the
number of input features was reduced from 30 to 10.
By employing dynamic hyperparameter
optimization, the accuracy became 97.37%, whereas
the accuracy with the full ensemble framework was
98.25%.

In the same way, sensitivity grew from 90.48%
of the initial model to 97.62% of the full framework,
whereas ROC-AUC went up from 0.964 to 0.994.

5. DISCUSSION OF MAJOR FINDINGS

In addition to showing the feasibility of the
approach, the illustrative findings highlight the
benefits of combining feature selection, optimization
and ensemble learning in breast cancer
classification. Firstly, LARF resulted in reducing the
initial number of 30 predictor variables to 10, which
is equivalent to 66.67% dimensionality reduction.
However, classification performance increased,
rather than decreased, which suggests that the
retained variables had discriminative power.

Secondly, hyperparameters were tuned
dynamically, which enhanced the performance of the
individual classifiers. In particular, the optimal
individual models had SVM accuracy equal to
97.37%, and RF demonstrated sensitivity. Hence,
there are some differences between individual
classifiers that correspond to their ability to capture
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different characteristics of the diagnostic feature
space.

Thirdly, the suggested ensemble outperformed
other methods, having 98.25% accuracy, 97.62%
sensitivity, 97.62% F1-score, and 0.994 ROC-AUC.
The confusion matrix revealed only one false
negative and false positive prediction in the
illustrative dataset.

Fourthly, the ablation study revealed that there
was a gradual performance increase going from the
baseline model to the proposed framework.
Therefore, the combination of LARF feature
selection, dynamic hyperparameter tuning, and
ensemble learning appears to be methodologically
justified, compared to using each technique
separately.

In summary, the objectives of the study were
addressed by showing the feature reduction through
LAREF, optimization through dynamic
hyperparameter tuning, building of an ensemble
classifier, and comparing performance based on
several classification metrics.

6. CONCLUSION AND FUTURE WORK

This research study proposed an integrated
machine learning framework that combines LARF-
based feature selection, dynamic hyperparameter
tuning, and ensemble learning to classify breast
cancer cases. In order to validate the proposed
framework, 30 diagnostic features and benign and
malignant class labels from WDBC dataset were
used. LARF-based feature selection provided a way
to select the most relevant predictors in the dataset
and dynamic hyperparameter tuning helped
configure individual machine learning classifiers
effectively. Logistic Regression, SVM, KNN,
Random Forest and Gradient Boosting were
examined in this study, and then the strongest
models were integrated into an ensemble using the
soft-voting strategy.

The conducted experiment revealed that the
combination of the feature reduction, optimization,
and ensemble learning within the framework can be
highly effective in the context of breast cancer
diagnosis task. The suggested ensemble yielded
98.25% accuracy, 97.62% sensitivity, 97.62% F1-
score, and 0.994 ROC-AUC value that surpasses the
results of all the models used during the experiments.
The ablation analysis showed that each component
contributes to the performance increment in the
framework gradually. Overall, the introduced
approach allows for efficient and systematic
differentiation between malignant and benign breast

cancer observations with the use of feature selection
technique.

Further research is required to test the
introduced framework on larger, independent and
multicenter breast cancer datasets in order to
estimate the generalizability of the proposed
framework. The framework can be expanded to
other types of medical imaging (such as
mammograms and ultrasounds), histopathology
images and clinical information in addition to
current diagnostic indicators. Optimization methods
and Explainable Al techniques, such as SHAP, can
be used to make the model more interpretable.
Further research will also have to focus on external
validation and calibration, computation performance
and clinical trials before applying it to clinical
practice.
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