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| ABSTRACT

Breast cancer is among the causes of cancer related deaths globally with the greatest impact being in the low resource and high
volume health care facilities where timely and accurate screening is paramount. This research report is a explainable machine
learning model of breast cancer diagnosis based on quantitative features of fine needle aspirate images of breast masses. The
data set contains 569 samples and 30 real-valued predictors of cell nuclei morphology, and it does not contain missing values,
and the class distribution is moderate. It uses a structured preprocessing pipeline, such as the division of data into training and
held-out test sets, feature normalization, and the careful management of class imbalance.Several classification models are
compared, among them, Random Forest and Gaussian Naive Bayes, to compare the predictive accuracy and reliability of the
model. Experimental outcomes have shown that the Random Forest model obtains the best performance with an accuracy of
0.96 on the held out test set, and balanced precision and recall on the benign and malignant classes. The confusion matrix shows
that there is low misclassification rate and only false positive and false negative are three and three respectively. Contrastingly,
Gaussian Naive Bayes has a higher accuracy of 0.93, and is less sensitive to malignant cases because of its independence
assumptions which are not completely met in the dataset as verified by correlation analysis. These results are also supported by
receiver operating characteristic analysis, whose area under the curve value is 1.00 in random forest and 0.99 in Gaussian naive
bayes.The findings emphasize the role of model selection in clinical decision support systems, especially in cases where false
negatives have to be minimized. The suggested structure focuses on interpretability and high practical use thus appropriate in
deployment-oriented screening processes in resource-constrained settings. This paper shows that explainable machine learning
models are trained on structured cytological features and can give effective and reliable support in early detection of breast
cancer.

Copyright: © 2023 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
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Introduction

Breast cancer is a common malignancy and the number one cause of cancer-related deaths among women in the world. Early
diagnosis is a very important factor in enhancing the survival rate and alleviating the burden of treatment. Nevertheless, in low-
resource and high-volume healthcare facilities, it is common to have limited access to advanced imaging systems and professional
radiological interpretation. In these circumstances, the dependable, cost efficient, and scalable diagnostic support systems are
necessary to aid in making of clinical decisions as well as to direct the high-risk cases towards further examination.Fine needle
aspirate (FNA) cytology is among those diagnostic tests that can be done on a mass in the breast with minimal invasiveness. The
digitalization of FNA samples allows the isolation of quantitative attributes that characterize morphological attributes of cell nuclei,
such as size, shape, texture, and structural anomalies. These characteristics can be used to give important information on
differentiating between benign and malignant tumors. As more structured biomedical data becomes available, machine learning
techniques have become a viable way of processing such characteristics and assisting in automated diagnosis.

Although machine learning is increasingly being used in medical diagnostics, there are still various challenges. To begin with, most
of the classical models suppose independence of features, which is usually broken in biomedical data which have strong
correlations between morphological properties. Second, the performance of a model, in its own right, is not enough to be adopted
in clinical practice; interpretability and cross-class consistency are also crucial, especially in the context of screening where false
negatives may be fatal. Third, small to medium data sizes involve the need to design an experiment with great caution to prevent
overfitting and to provide a dependable assessment of data not seen.In the research, a machine learning interpretable framework
is constructed to analyze breast cancer based on structured features of FNA images. Analysis is performed on an established
diagnostic dataset of 569 samples having 30 real-valued features and without missing values. Data integrity (such as proper data
partitioning and normalization) is maintained with the help of a controlled preprocessing pipeline. Two model types, Random
Forest and Gaussian Naive Bayes are compared to analyze how the assumptions of the model influence the performance of the
classification. The comparative analysis is not only centered on accuracy but also on class-wise precision, recall and distribution of
errors with specific attention being on the detection of malignant cases.There are three times the contributions of this work. Firstly,
it offers a tight assessment of machine learning models on structured cytological data in an experimental environment that can be
replicated. Second, it emphasizes the deficiencies of independence-based models when there are correlated biomedical features,
which is justified by correlation analysis. Third, it illustrates the appropriateness of ensemble-based techniques in providing
balanced and reliable performance and hence are suitable in deployment-oriented screening support in resource-constrained
healthcare.

Related Work

Breast cancer diagnosis has been extensively studied using machine learning techniques applied to structured clinical and
cytological data [1,2]. Early approaches primarily relied on classical statistical models and conventional machine learning
algorithms, leveraging handcrafted features derived from fine needle aspirate and imaging data. Logistic regression, support vector
machines, and k-nearest neighbors have been widely explored due to their simplicity and interpretability[3,4]. These models
demonstrated reasonable performance on benchmark datasets; however, their effectiveness is often limited by linear assumptions
and sensitivity to feature scaling and multicollinearity [5,6].Ensemble learning methods have shown significant improvements in
classification performance for breast cancer detection tasks. Random Forest, in particular, has been widely adopted due to its
ability to model nonlinear relationships and handle high-dimensional feature spaces without requiring strict assumptions about
data distribution[7,8]. By aggregating multiple decision trees, Random Forest reduces variance and improves generalization,
making it suitable for biomedical datasets with correlated features. Several studies have reported strong performance using tree-
based models on cytological datasets, highlighting their robustness and reliability in binary classification tasks [9,10].
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Probabilistic models such as Gaussian Naive Bayes have also been applied to breast cancer classification. These methods are
computationally efficient and perform well under certain conditions, particularly when features are approximately independent
[11,12]. However, in real-world biomedical datasets, feature independence is rarely satisfied. Morphological descriptors such as
radius, perimeter, and area are inherently correlated, which can negatively impact the performance of Naive Bayes models [13,14].
As a result, although Gaussian Naive Bayes provides a useful baseline, its applicability is limited in scenarios with strong feature
dependencies.More recently, deep learning approaches have been explored for breast cancer diagnosis, particularly in image-
based settings such as mammography, histopathology, and ultrasound imaging [15,16]. Convolutional neural networks have
demonstrated strong performance in extracting hierarchical features directly from raw images, reducing the need for manual
feature engineering [17,18]. However, these approaches typically require large-scale annotated datasets and substantial
computational resources, which may not be feasible in low-resource healthcare environments. In contrast, structured datasets
derived from cytological analysis offer a more practical alternative for developing lightweight and interpretable models.Another
important direction in recent research is the incorporation of explainability into machine learning models for clinical applications
[19,20]. Explainable artificial intelligence techniques aim to provide transparency into model predictions, enabling clinicians to
understand the contribution of individual features to diagnostic decisions. This is particularly important in healthcare, where trust
and accountability are essential for adoption. Tree-based models, such as Random Forest, naturally support feature importance
analysis, making them more suitable for explainable diagnostic frameworks compared to black-box models.Despite these
advancements, several gaps remain in the literature. Many studies focus primarily on predictive performance without addressing
the impact of feature correlation, class imbalance, and experimental design on model reliability. Additionally, limited attention has
been given to deployment-oriented considerations, such as maintaining consistent performance across classes and minimizing
false negatives in screening applications. This study addresses these gaps by providing a structured and reproducible evaluation
of machine learning models on cytological features, with a focus on interpretability, robustness, and practical applicability in
resource-constrained clinical settings.

Methodology

The figure 1 shows the entire workflow of the machine learning pipeline applied in this study. It starts with data collection where
the data is collected and formatted to be analyzed. This is followed by a preprocessing step which involves cleaning the data,
normalizing the values of features and dividing the data into training and testing data.Exploratory data analysis follows
preprocessing to learn the distribution of features, as well as to examine variable relationships. The step assists in recognizing
patterns, correlations and possible problems including redundancy or imbalance in the data.The second step, which is the model
development stage, is the selection of the suitable machine learning algorithms and their subsequent training on the processed
training data. At this phase, model performance measures like the ability to classify and discriminate are also taken.After model
training, the evaluation phase measures performance on a basis of confusion matrix analysis and receiver operating characteristic
curves. The step gives a clue on the accuracy and error distribution of the models.Lastly, the findings are inferred and confirmed
to draw out significant information. This involves the determination of key features, model behavior validation and the evaluation
of the possible clinical utility of the system. Generally, the figure is organized and sequential pipeline that guarantees stable model
development and assessment of breast cancer classification.

Methodology
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Figure 1 :Machine learning workflow for cancer classification using fine needle aspirate derived features
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3.1 Dataset description

The data set in this research is the Breast Cancer Wisconsin Diagnostic dataset which has attributes that were obtained through
digitization of images of fine needle aspirate samples of masses in the breast. The samples are the cases of one patient each and
characterised by quantitative evaluation of cell nuclei morphology. These characteristics reflect valuable structural and textural
features that are significant in differentiating benign and malignant tumors.The total number of samples in the dataset is 569, 357
of which are benign and 212 are malignant, which means that there is an intermediate level of class imbalance. Each of the samples
is described as having 30 real-valued features based on ten underlying morphological properties, such as radius, texture, perimeter,
area, smoothness, compactness, concavity, concave points, symmetry, and fractal dimension. Each of these properties is calculated
with three different measurements, namely: mean, standard error and worst value, which produces an overall representation of
each cell nucleus.All the features are continuous and are recorded with uniform numerical accuracy. There are no missing values
in the dataset thus it can be directly used to apply machine learning models without imputation. Diagnosis, the target variable, is
binary coded in which one category is that of malignant tumors and the other benign cases.Because of the difference in the scale
of the features and the existence of correlated attributes, proper preprocessing methods like normalization and proper model
selection are needed. The data is also popular as a reference point in medical machine learning studies because of its clear
structure, clear feature representation, and good discriminative properties. These characteristics render it appropriate in the
assessment of classification models in breast cancer diagnosis and in the creation of decision support that is beneficial to the
clinician.

3.1 Data preprocessing

The data comprises 569 samples with 30 real-valued features based on the fine-needle aspirates images. The samples are either
benign or malignant. The preprocessing pipeline is designed in such a way that it preserves the integrity of data and gives credible
model training.First, the data are separated into training and held-out test sets. There are 134 samples in the test set and it is only
utilized in final evaluation Figure 2. The data split is done before all the preprocessing operations are done to prevent information
leakage.The standardization method is used to perform feature scaling by ensuring that each feature has mean equal to zero and
unit variance. This is necessary because the magnitude of the features is very different among the dataset. Only the training data
is used to compute the scaling parameters which are then applied to test set.Class imbalance is handled at the training stage. The
initial data set shows a moderate disproportion of benign and malignant classes. To counteract this, resampling is used on the
training set only, so as to obtain a more balanced distribution of classes, without resampling the test set. This makes evaluation
representative of real-life.
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Figure 2:Class distribution of benign and malignant samples after training data balancing
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3.2 Model development

Two classification models are employed in this study: Random Forest and Gaussian Naive Bayes. These models are selected to
represent two fundamentally different learning paradigms. Random Forest is an ensemble-based, non-parametric method capable
of capturing complex nonlinear relationships, while Gaussian Naive Bayes is a probabilistic model based on strong statistical
assumptions. The comparison between these models provides insight into how feature dependencies influence classification
performance in structured biomedical data.

3.2.1 Random Forest

Random Forest is an ensemble learning method which involves a combination of multiple decision trees to make a strong and
generalized forecast. Every tree is trained with a random sampled subset of the training data and at each decision node, a random
subset of features are taken into consideration to split Figure 3. This two-way randomness minimizes the variance of models and
prevents overfitting, especially in small-sample datasets.,Random Forest suits well in this study because of a number of features of
the data. First, features obtained on the images of fine needle aspirates have high correlations, which are supported by the
correlation analysis. By nature, tree-based methods can handle such multicollinearity without necessarily involving explicitly
eliminating features. Second, the data have nonlinear associations among morphological features and diagnostic results, which
can be well represented by decision tree structures.One more benefit of the Random Forest is that it gives the measurements of
feature importance. These scores are used to determine the contribution of every feature to the predictive power of the model,
and therefore can be interpreted in clinical settings. In breast cancer diagnosis, it is critical to have the knowledge of the
morphological features that add the most to the classification decisions in order to instill trust and aid in the clinical
reasoning.Moreover, the Random Forest can withstand noise and outliers that tend to be common in biomedical data. It has the
benefit of averaging irregularities over individual trees and hence making consistent predictions. These features render it a good
contender to deployment-oriented diagnostic systems, especially in the context where data quality and consistency might
fluctuate.
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Figure 3:Architecture of the Random Forest classifier with ensemble decision trees and majority voting mechanism

3.2.2 Gaussian Naive Bayes

Gaussian Naive Bayes is a probabilistic classification algorithm that uses the Bayes theorem with the assumption that features are
conditionally independent with the class label. All the features are assumed to be normally distributed in each category. Although
it is simple, the Gaussian Naive Bayes has been widely applied in medical and diagnostic applications because it is efficient and
has a relatively low cost of computation.In this experiment, Gaussian Naive Bayes is used as a control experiment to test how
effective its assumptions are to the performance. The independence assumption is especially relevant in this regard, where the
dataset has several features based on similar morphological features, including radius, perimeter, and area. These characteristics
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are correlated, by definition, and can impact model accuracy in violation of the independence assumption.The strength of Gaussian
Naive Bayes is that it can work even with small data sets. It has less parameters than more complicated models and is less likely to
overfitting when using limited data. The probabilistic structure of it also offers class probabilities estimates, which could be of use
in threshold-based decision-making in clinical screening contexts.The weaknesses of the Gaussian Naive Bayes are however seen
when the features are highly dependent. In these instances, the model might under or overestimate the likelihood of some classes
and therefore give suboptimal predictions. This is especially essential in medical diagnosis where erroneous diagnosis of a
malignant case may have grave repercussions.

3.3 Evaluation protocol

A strictly held-out test set is used to evaluate model performance to be certain that it is an objective measure of the generalization
capability. The test set does not play any role in the training, preprocessing parameter estimation, or model selection, and
therefore, provides a realistic estimate of how the models would do on unknown clinical data. This method is especially significant
in the medical field, where the false estimation of the performance can result in the unreliable diagnostic conclusions.An all-
encompassing set of evaluation measures is used to reflect various ways of classification performance. The measurement of overall
correctness of predictions is done in terms of accuracy. Precision measures the fraction of correctly identified positive cases of all
predicted positives whereas recall is the measure of how well the model identifies the real cases of malignancy. The F1-score offers
a balanced score, as it incorporates both precision and recall hence suitable in cases of imbalanced classification. A combination
of all these metrics gives a clear picture of how the models behave in both classes.Besides aggregate measures, confusion matrices
are evaluated to investigate the results of the prediction by classes and the distribution of the errors. This enables the direct
observation of false positive and false negative. The special focus is given to false negatives because the inability to detect
malignant cases may lead to severe clinical outcomes. A screening application model has to be sensitive enough and at the same
time, it should not be so specific as to make it unacceptable.The receiver operating characteristic curves are also used to determine
the performance of a model based on the different classification thresholds. The threshold-independent measure of discriminative
ability is the area under the curve. The higher the value, the more separation there is between benign and malignant classes, and
this means that the model is very strong in differentiating the two conditions.

3.4 Experimental design considerations

In order to establish the reliability and reproducibility of the experimental results, structured and controlled experimental design
is adopted. Other preprocessing operations such as feature scaling and class balancing are done only after the dataset is split into
training and test subsets. This will also avoid any influence of information of the test set to the training process, which will remove
data leakage.The test set is rigidly and optimally not utilized, but only after the final evaluation. It does not do hyperparameter
tuning or intermediate validation, so that performance metrics indicate actual generalization and not optimization bias. The
selected design plays an important role in preserving the integrity of the reported findings, particularly in a clinical research
setting.The issue of class imbalance is considered only in the training set to enhance the learning of the model without changing
the natural distribution of the test set. This makes the evaluation reflective of the reality in the field where the class distributions
are not balanced. By keeping the original distribution in the test set, a more realistic evaluation of model performance in real
application contexts is possible.Lastly, both the Random Forest and Gaussian Naive Bayes models are subjected to the same
preprocessing, training and evaluation conditions. This will provide a fair comparison of the two methods and any differences in
performance can only be due to the nature of the model but not experimental anomalies. Collectively, these design decisions form
a solid structure of how to test machine learning models in a clinical and reproducible way.

4. Results

This section presents the experimental results obtained from the evaluation of Random Forest and Gaussian Naive Bayes models
on the held-out test set. The analysis focuses on overall performance, class-wise behavior, and error distribution to assess the
suitability of each model for clinical screening applications.

4.1 Random Forest

Random Forest model shows good and stable results on the test set that was not held, which means that it is efficient in separating
benign and malignant breast tumors. The model has a total accuracy of 0.96, and this represents the high degree of accuracy in
predictions between the two classes (table 1).The performance in terms of classes also confirms the balanced performance. In the
case of the benign category, the model has a precision of 0.95 and a recall of 0.96 with an F1-score of 0.95. In the case of the
malignant class, its precision is 0.96 and the recall is 0.95, and F1-score of 0.96. These findings suggest that the model is as effective
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in the identification of both types of cases, and is not biased to any of the two classes of benign and malignant cases.The confusion
matrix analysis indicates that among the 134 test samples only six are misclassified. Particularly, there is an error of three benign
samples being predicted as malignant and three malignant samples being predicted as benign. The fact that the false negative
numbers are minimal is especially relevant to a clinical setting since it implies that the model is highly useful in identifying malignant
cases and reducing the number of missed diagnoses figure 4.The analyses of the receiver operating characteristic also justify the
strength of the Random Forest model. The space below the curve is 1.00 which suggests that there is almost perfect separability
of the two classes. This implies that the model at various classification thresholds is highly sensitive and specific( figure 5).

Table 1:Classification performance of Random Forest model on the test set

precision recall f1-score support
0 0.95 0.96 0.95 60
1 0.96 0.95 0.96 74
accuracy 0.96 134
macro avg 0.95 0.95 0.95 134
weighted avg 0.96 0.96 0.96 134
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Figure 4:Confusion matrix of Random Forest model on the held out test set
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Figure 5: Receiver operating characteristic curve of Random Forest model

4.2 Gaussian Naive Bayes

The Gaussian Naive Bayes model achieves strong overall performance on the held-out test set, with an accuracy of 0.93. While
slightly lower than the Random Forest model, the results indicate that Gaussian Naive Bayes remains a competitive baseline for
breast cancer classification using structured features table 2 .The class-wise performance reveals some variation between benign
and malignant detection. For the benign class, the model achieves a precision of 0.89 and a recall of 0.95, resulting in an F1-score
of 0.92. For the malignant class, the precision is higher at 0.96, but the recall decreases to 0.91, with an F1-score of 0.93. This
indicates that while the model is effective in correctly identifying predicted malignant cases, it is less sensitive in capturing all actual
malignant instances.The confusion matrix provides further insight into the error distribution. Out of 134 test samples, a total of ten
instances are misclassified figure 6. Specifically, three benign samples are incorrectly predicted as malignant, and seven malignant
samples are incorrectly classified as benign. The higher number of false negatives compared to the Random Forest model is
particularly important, as it reflects missed cancer cases, which are critical in clinical screening scenarios.The receiver operating
characteristic analysis shows an area under the curve of 0.99, indicating excellent discriminative ability figure 7. Although slightly
lower than the Random Forest model, this value still demonstrates that Gaussian Naive Bayes can effectively separate benign and
malignant classes across different thresholds.

Table 1:Classification performance of Naive Bayes model on the test set

precision recall f1-score support
0 0.89 0.95 0.92 60
1 0.96 0.91 0.93 74
accuracy 0.93 134
macro avg 0.92 0.93 0.92 134
weighted avg 0.93 0.93 0.93 134
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Figure 6:Confusion matrix of Gaussian Naive Bayes model on the held out test set
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Figure 7: Receiver operating characteristic curve ofGaussian Naive Bayes

4.3 Receiver operating characteristic analysis

Receiver operating characteristic analysis further supports the superiority of the Random Forest model. The area under the curve
for Random Forest reaches 1.00, indicating near-perfect separability between benign and malignant classes. Gaussian Naive Bayes
also demonstrates strong performance with an area under the curve of 0.99, but slightly underperforms compared to Random
Forest.While both models exhibit high discriminative ability, the marginal difference becomes important in clinical contexts where
even small improvements in classification performance can lead to better patient outcomes.

4.4 Impact of feature dependencies

The observed performance differences can be attributed to the underlying assumptions of each model. The dataset contains highly
correlated features, as demonstrated in the correlation analysis. Random Forest effectively handles such dependencies by
constructing decision trees that capture nonlinear interactions among features.In contrast, Gaussian Naive Bayes assumes
conditional independence between features, which is not satisfied in this dataset. As a result, its probabilistic estimates become
less accurate, leading to increased misclassification, particularly for malignant cases. This finding highlights the importance of
selecting models that align with the structural properties of biomedical data.

Page | 118



JMHS 4(5): 110-120

5. Discussion

The findings of the study prove that machine learning models are capable of differentiating between benign and malignant breast
tumors with the help of the structured features based on fine needle aspirate data. Random Forest and Gaussian Naive Bayes have
high classification performance but their behaviour is very different because of their assumptions and their ability to represent the
relationships between features. This part will discuss these results with regard to clinical relevance, data nature, and practical
deployment factors.An essential point is that the Random Forest model is better in all evaluation measures. The fact that it is highly
accurate and recalls both classes means that it makes consistent and dependable predictions. Most importantly, the few false
negatives indicate its usefulness in the detection of malignancies. False negative reduction is of the essence in a clinical screening
environment because missed cancer diagnosis will lead to postponement of treatment and poor patient outcomes. The equal error
distribution also points out to the fact that the model gives no preference to any of the classes, which is necessary in terms of
providing diagnostic support in a fair manner.Conversely, Gaussian Naive Bayes, despite its competitive overall accuracy, is less
sensitive to malignant cases. This can be directly attributed to the fact that, higher number of false negatives was found in this
model because it assumed that the features are independent of each other. In this paper, the correlation analysis shows that there
are strong dependencies between a number of morphological features, e.g., radius, perimeter and area. These dependencies are
a contravention of the assumptions of Gaussian Naive Bayes resulting in poorer estimates of probabilities and misclassification of
critical cases. This observation supports the role of matching the model selection to the statistical characteristics of the data.The
findings also indicate the importance of the feature characteristics in the model performance determination. The dataset has clear
and highly differentiated features, especially the ones that are associated with tumor size and structural abnormalities. These
properties allow high separability of classes as indicated by the almost perfect receiver operating characteristic curves.
Nevertheless, these high performance results should be viewed with some reservations, particularly due to relatively small size of
the dataset. Unless the experimental design is done carefully, it runs a risk of overestimating the performance of a model. In this
work, this risk is reduced by means of strict separation of training and testing data, as well as controlled preprocessing.Practically
speaking, the results justify the deployment of ensemble-based tools to the deployment-oriented diagnostic systems, especially
in healthcare settings with a limited number of resources. Random Forest is a good trade off of performance, strength, and
interpretability. The fact that it can give scores on the importance of features enables clinicians to interpret the foundations of the
predictions that is necessary to trust and adopt. Also, it is robust to noise and correlated characteristics, which are appropriate in
real-world data, where the ideal conditions are seldom achieved.Regardless of these benefits, it is important to note a number of
weaknesses. The data employed in this research is comparatively small and is in the form of pre-extracted features as opposed to
uncropped medical images. Consequently, the results might not be generalizable to more complicated clinical conditions with
heterogeneous data sources. Moreover, the research considers a small number of models, and other algorithms like gradient
boosting or deep learning techniques might be useful in offering more information about performance trade-offs. Lastly, though
the research focuses on deployment-related aspects, real-world implementation must be validated on external datasets and real
workflows.

6. Conclusion

This paper proposes a systematic and repeatable machine learning model to classify breast cancer based on the features obtained
through data on the fine needle aspirates. This analysis shows that both random forest and Gaussian Naive Bayes can perform
very well when it comes to predictive performance on this dataset, although each is very different in terms of their effectiveness,
based on their modeling assumptions.Random Forest model is more accurate and balanced in the class-wise evaluation than
Gaussian Naive Bayes in all metrics of evaluation. More importantly it greatly minimises the false negatives, which is an essential
fact in clinical screening systems where a missed malignant case can be very dangerous. Gaussian Naive Bayes, on the other hand,
is a computationally efficient, and competitive baseline but is restricted by the assumption of independence of features, which is
not true in this dataset as the morphological features are strongly correlated.The results emphasize that the choice of the model
should be based not only on the general accuracy but also the characteristics of the data and the clinical consequences of various
types of errors. Random Forest and other ensemble-based approaches are more appropriate to structured biomedical data with
correlated features to provide robustness, interpretability, and reliable performance.Practically, the proposed framework shows
how explainable machine learning models can be used to aid breast cancer screening, especially in resource-limited and high-
volume healthcare settings. The analysis of structured cytological features is efficient and scalable because it does not require
complex imaging pipelines, which is why the method is deployable-friendly.Nonetheless, there are a number of shortcomings. The
research is founded on one dataset that has a rather small sample size, and more comprehensive clinical datasets should be
validated to ascertain the generalizability. Future research ought to examine sophisticated models, introduce external validation,
and look into their integration into clinical practice.
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