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Chronic kidney disease (CKD) requires reliable early screening, yet clinical
datasets are often highly class imbalanced, which can bias machine learning
models and reduce detection quality. This study presents a unified evaluation
of two imbalance mitigation strategies, synthetic minority over-sampling
technique (SMOTE), and cost-sensitive learning, across six classifiers:
decision tree (DT), K-nearest neighbors (KNN), logistic regression (LR),
random forest (RF), support vector machine (SVM), and extreme gradient
boosting (XGBoost). Experiments were conducted on a public CKD dataset
with 1,659 records and 54 features using a consistent pipeline including
preprocessing, feature selection, imbalance handling, and stratified k-fold
cross-validation. Models were assessed with accuracy, precision, recall, and
F1-score. Results show that the imbalance strategy materially changes model
behavior: cost-sensitive learning generally improves precision, while
SMOTE more often increases recall and F1-score. The best overall
performance was achieved by XGBoost with cost-sensitive learning,
reaching 93% accuracy and 92% precision, outperforming prior reports on
the same dataset. RF remained stable across both strategies, whereas KNN
was sensitive to SMOTE induced distribution shifts. These findings provide
practical guidance for selecting imbalance handling methods to improve
healthcare machine learning for CKD detection.
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1. INTRODUCTION

Chronic kidney disease (CKD) represents an increasingly pressing global health concern, exhibiting
considerable prevalence across numerous nations. According to data from the World Health Organization
(WHO), roughly 10% of the planet’s population is impacted by CKD, translating to over 850 million
individuals [1]. CKD is marked by a gradual and irreversible deterioration in renal function, potentially
resulting in kidney failure necessitating life-saving interventions such as dialysis or organ transplantation.
Identifying CKD at an early stage is crucial to effective medical administration, as timely intervention can
decelerate disease progression and enhance the quality of life for patients [2].
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Machine learning technology has advanced rapidly in recent years. Machine learning serves as a
potent tool for analyzing intricate health data, enabling the refinement of diagnostic models for specific
diseases that augment detection abilities. The primary challenge in training machine learning algorithms lies
in acquiring balanced datasets, especially when collected data is unbalanced [3]. In the context of CKD, the
dataset often contains a markedly higher number of cases from one class compared to the other, which can
lead to biased models that underperform in predictive accuracy and fail to generalize effectively.

Despite the growing use of machine learning for CKD prediction, a persistent methodological
challenge is severe class imbalance in clinical datasets. When class distributions are highly skewed, standard
learners optimized for overall accuracy tend to favor the majority class, leading to biased decision boundaries
and suboptimal clinical utility. This issue is particularly critical in screening scenarios where
misclassification can translate into delayed intervention or unnecessary follow-up testing.

To address these challenges, recent studies have explored ensemble and hybrid learning for CKD
prediction, often coupled with imbalance mitigation techniques. One widely used method is the synthetic
minority over-sampling technique (SMOTE), which generates synthetic examples of minority class instances to
improve class distribution and enhance model performance [4]. Another promising approach is cost-sensitive
learning, which adjusts the classification process by assigning higher misclassification costs to minority class
errors, thereby directing the algorithm’s focus toward these critical cases. Both methods aim to strengthen the
predictive capacity of models in imbalanced data scenarios, ultimately improving early CKD detection.

Numerous studies have been conducted on SMOTE, Rahayu et al. [5] addressed class disproportion
in an employee performance dataset using C4.5 and reported that SMOTE increased accuracy from 17% to
86% across multiple train test splits. Consistently, Wadhawan et al. [6] showed that SMOTE improved
several classifiers, including support vector machine (SVM), K-nearest neighbors (KNN), decision tree (DT),
Naive Bayes, and random forest (RF), with gains ranging from 2.88% to 15.08%. Evidence also indicates
that high quality synthetic samples generated via SMOTE can further enhance ensemble learning, for
example improving RF accuracy from 97.75% to 100% [7].

Recent CKD prediction studies increasingly rely on machine learning and ensemble learning to
support early screening and risk stratification. Multiple works report strong performance on public CKD
datasets by combining robust classifiers, feature selection, and explainability. For example, an explainable
machine learning interface for CKD diagnosis evaluated several algorithms and highlighted strong
performance for modern ensemble learners while providing model interpretability using explanation
techniques such as SHAP or related approaches [8]. Beyond single model development, systematic reviews
and meta-analyses emphasize that reported performance is often difficult to compare across studies due to
heterogeneous datasets, validation protocols, and inconsistent reporting of imbalance handling and clinically
meaningful metrics [9], [10].

A common strategy is to pair ensemble learners, such as RF and gradient boosting, with
oversampling, most frequently SMOTE, to mitigate skewed class distributions. Alturki et al. [11] introduced
TrioNet, an ensemble framework integrating extreme gradient boosting (XGBoost) and RF with SMOTE,
and reported very high accuracy on a UCI-style CKD benchmark. Dey et al. [12] combined hybrid feature
selection with SMOTE and observed strong performance for tree based ensembles across multiple
algorithms. Similarly, Ramu et al. [13] applied SMOTE and reported improved results using a hybrid CNN
SVM approach. More complex pipelines further incorporate optimization, feature selection, and
heterogeneous voting or stacking, as in DOVE-FELM and related fusion frameworks, again reporting high
accuracy and underscoring the value of ensemble diversity [14], [15].

Although SMOTE remains the predominant choice in CKD pipelines, the medical diagnostics
literature increasingly explores alternatives that address limitations of standard synthetic sampling, including
mixed data types, feature structure, and noisy decision boundaries. For example, clustering and autoencoding
have been used to refine oversampling and improve synthetic sample quality for mixed numerical and
categorical data, which is relevant to CKD style tabular settings even when not CKD specific [16]. In
parallel, cost-aware learning and model design choices, such as class weighting, stacking, and robust feature
engineering, are frequently embedded in end-to-end frameworks, yet many CKD studies do not offer a
controlled comparison against oversampling under matched experimental conditions.

This study addresses the lack of like-for-like evidence on how modern machine learning algorithms
perform for CKD prediction under consistent experimental settings and class imbalance conditions. To close
this gap, we conduct a controlled benchmark using a single public tabular dataset and a unified evaluation
pipeline, comparing multiple classifiers under three imbalance-handling strategies: baseline training,
SMOTE-based oversampling, and cost-sensitive learning. Model performance is assessed with standard
classification metrics, enabling a clear comparison of both algorithm choice and imbalance mitigation. The
results provide practical guidance on selecting robust models and balancing techniques for early CKD
detection in imbalanced clinical data.
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We evaluate the effectiveness of SMOTE and cost-sensitive learning for CKD classification across
six widely used machine learning algorithms: DT, KNN, logistic regression (LR), RF, SVM, and XGBoost.
These models were selected to represent complementary learning paradigms that are frequently applied in
medical data analysis. Specifically, DT and RF offer interpretability and robustness, KNN provides an
instance-based baseline, LR serves as a simple and well-established reference model, SVM is effective in
high-dimensional settings, and XGBoost represents a state-of-the-art boosting approach. By pairing each
classifier with both imbalance-handling strategies under a consistent evaluation pipeline, we aim to determine
how the choice of imbalance mitigation interacts with model characteristics and to identify the most effective
combinations for early CKD detection. Beyond identifying the best performing model, the study provides
practical guidance on the expected precision, recall, and F1-score trade-offs introduced by oversampling
versus cost-sensitive learning across different classifier families. These insights can support the development
of robust and clinically useful machine learning systems for CKD screening.

Despite the growing body of research on CKD prediction using machine learning, a clearly
articulated technical gap remains. Most prior studies focus primarily on maximizing accuracy or proposing
complex ensemble architectures, yet they often evaluate a single imbalance-handling strategy, predominantly
SMOTE, without conducting controlled comparisons against alternative approaches under identical
experimental conditions. In addition, several studies report strong performance without systematically
isolating the effect of imbalance mitigation from model architecture, making it difficult to determine whether
performance gains stem from the classifier design, data resampling, or validation protocol. Furthermore,
heterogeneous preprocessing pipelines, inconsistent validation schemes, and limited reporting of precision-
recall trade-offs restrict the reproducibility and comparability of findings. Consequently, there is limited
empirical evidence on how different classifier families respond to distinct imbalance-handling strategies within
a unified and controlled evaluation framework. This methodological limitation motivates the present study,
which provides a like-for-like comparative benchmark of baseline training, SMOTE, and cost-sensitive
learning across multiple machine learning algorithms using a consistent preprocessing and validation pipeline.

This study is guided by two primary research questions. First, how effective are SMOTE and cost-
sensitive learning in improving the performance of classification models on imbalanced chronic kidney
disease (CKD) data. Second, which combination of machine learning algorithm and imbalance-handling
technique yields the highest classification performance for early CKD detection?.

Through these research questions, the study aims to provide a comprehensive understanding of the
comparative performance of multiple algorithms under different imbalance mitigation strategies, offering practical
guidance for healthcare practitioners and researchers in implementing machine learning for early CKD detection.
The findings are expected to contribute to the development of advanced, technology-based solutions that enhance
predictive accuracy, support timely clinical intervention, and ultimately improve public health outcomes.

2. METHOD

This study aims to develop and benchmark robust machine learning models for early CKD
prediction using a public tabular dataset under class imbalance conditions. We compare multiple classifiers
using a unified pipeline across three training setups, baseline training, SMOTE-based oversampling, and
cost-sensitive learning, and report performance using standard classification metrics to ensure fair and
reproducible comparison. Figure 1 shows the flow of the research conducted.

2.1. Data collection

The data source used in this study is a public dataset available on the Kaggle platform, which
contains medical information about patients with and without CKD [17]. This dataset includes 54 features.
The use of public datasets facilitates replication of the study by other researchers and provides transparency
in the methodology used. The total dataset used was 1,659 data consisting of 1,524 positive CKD cases and
135 negative CKD cases. Table 1 shows the number of datasets used.

We also perform preliminary assessments of the quality of the data, focusing on any missing values
or outliers that could bias the results of the examination. In this context, choosing a dataset encompassing an
adequate number of entries and diverse variables is pivotal for bolstering the model's generalizability.
Following the compilation of information, the subsequent stage involves conducting exploratory data
analysis to gain insights into patterns and relationships among the factors. This requires carrying out
descriptive statistical evaluation to acquire a thorough comprehension of the data dispersion and its elements.
Data visualization helps to aid in uncovering designs that may remain obscured through only numerical
examination. This strategy permits informed decision-making for subsequent steps, like data preprocessing,
applying SMOTE and cost-sensitive learning. Careful selection is needed to ensure the information used
maximizes what can be learned while maintaining diversity in its scope.
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Figure 1. Research flow

Table 1. Class distribution of the CKD dataset

Class Number of data
Positive CKD 1,524
Negative CKD 135
Total 1,659

2.2. Data preprocessing

Data preprocessing constituted a fundamental stage in this research to ensure that the dataset was
both clean and suitably structured for model development. The initial task involved examining the dataset for
missing values. As no missing entries were identified, no imputation or deletion procedures were necessary.
Subsequently, column names were standardized to ensure consistency and ease of reference. This process

entailed replacing any spaces with underscores using df.columns.str.replace(’ ', '_"), for example converting
“Cholesterol Total” to “Cholesterol Total,” followed by converting all column names to lowercase via
.str.lower(), resulting in “cholesterol_total.” This practice improves readability, avoids syntactic errors, and
facilitates seamless processing in subsequent analytical steps.

The dataset was then separated into features (X) and target labels (y). The target variable, diagnosis,
was converted into an integer format to support binary classification, where 0 represented “Negative CKD” and
1 represented “Positive CKD.” All variables except diagnosis were assigned to X, while y exclusively contained
the diagnosis values. To prepare the data for model training, a preprocessing pipeline was developed to address
both numerical and categorical variables. StandardScaler was applied to numerical features to normalize their
distribution, ensuring each had a mean of zero and a standard deviation of one, thereby preventing variables
with larger magnitudes from exerting disproportionate influence on the learning process. OneHotEncoder was
applied to categorical variables, transforming each category into a binary representation. These operations were
coordinated through a ColumnTransformer, which applied the appropriate transformations to designated feature
groups while passing any remaining columns through without alteration.

2.3. Data splitting

The dataset was partitioned into training and testing subsets to ensure objective evaluation of model
performance and to minimise the risk of overfitting. The proportion of data allocated for testing was set at
25% of the total dataset, with the remaining 75% reserved for training. This division resulted in 1,244 records
in the training set and 415 records in the testing set.

The random_state parameter was fixed at 42, functioning as a “seed” for the randomization process.
Setting this parameter ensures that the data split remains consistent across multiple runs, thereby facilitating
reproducibility of the results. Additionally, the stratify=y parameter was applied to preserve the class distribution
of the target variable across both subsets, a critical consideration in classification tasks involving imbalanced
datasets. Maintaining distinct training and testing datasets is essential for generating an unbiased estimate of
model performance. Such separation allows for an accurate assessment of the model’s capacity to generalize its
predictive capabilities to unseen data, thereby ensuring the reliability of the evaluation process [18].
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2.4. Feature selection

Feature selection was performed using model based feature importance. After preprocessing, a RF
classifier was trained on the training data with n_estimators=100, class_weight=balanced, and
random_state=42, and predictors were ranked using feature_importances_. From the 54 available variables,
the top 20 features with the greatest influence on classification outcomes were retained and summarized as
importance percentages in Table 2. This reduced feature set was applied consistently in subsequent model
training and evaluation using an index based selector within the pipeline to ensure a fair comparison across
models while reducing redundancy, computational cost, and the risk of overfitting.

Table 2. Top 20 feature ranked based on importance scores

Rank Feature Importance (%)
1 serumcreatinine 11.35
2 ofr 7.94
3 itching 5.43
4 proteininurine 4.73
5 musclecramps 3.96
6 bunlevels 3.63
7 fastingbloodsugar 35
8 hbalc 3.15
9 systolicbp 2.64
10 cholesterolhdl 2.63
11 physicalactivity 25
12 sleepquality 2.36
13 dietquality 234
14 serumelectrolytesphosphorus 2.34
15 healthliteracy 2.33
16 fatiguelevels 22
17 acr 2.19
18 cholesterolldl 2.18
19 hemoglobinlevels 217

20 cholesteroltotal 2.17

2.5. Handling class imbalance
2.5.1. Synthetic minority over-sampling technique method

This study implements the SMOTE to address the previously identified issue of class imbalance
within the dataset. SMOTE generates synthetic samples for the minority class by utilizing the characteristics
of existing observations [19], [20]. The process involves selecting data points from the underrepresented
class and creating new synthetic points between them, with Euclidean distance serving as the basis for
interpolation. By increasing the number of minority class instances, SMOTE not only balances class
distribution but also enables machine learning models to capture a broader spectrum of data variability.

SMOTE was implemented using imbalanced-learn with SMOTE (random_state=42). All other
parameters used default settings, including k_neighbors=5 and sampling_strategy="auto’, which oversamples
the minority class until a 1:1 class ratio is reached in the training data. SMOTE was applied within the cross-
validation pipeline after preprocessing and feature selection, ensuring resampling was performed only on the
training portion of each fold. Figure 2 shows class distribution in the training set before and after applying
SMOTE. The figure illustrates the degree of imbalance observed after stratified splitting, where negative CKD
(diagnosis=0) is the minority class and positive CKD (diagnosis=1) is the majority class. After SMOTE is
applied within the training fold, the minority class is oversampled until an approximately 1:1 ratio is achieved.

2.5.2. Cost-sensitive learning

Cost-sensitive learning was implemented via class weighting based on class frequencies in the
training set. For LR, SVM, DT, and RF, we used class_weight = 'balanced’, which assigns weights inversely
proportional to class prevalence. For XGBoost, cost sensitivity was implemented using scale_pos_weight
computed from the training distribution as the ratio between class frequencies, and this value was fixed
during cross-validation to penalize misclassification according to the observed imbalance.

Cost-sensitive learning is an imbalance-handling approach that explicitly assigns higher penalties to
misclassification errors on the minority class, thereby encouraging the model to better capture
underrepresented CKD cases. The objective is to minimise the number of required interactions while
ensuring optimal convergence rates [21]. In the context of imbalanced classification, cost-sensitive learning
has been widely adopted as an effective strategy for reducing the probability gap between majority and
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minority classes. It achieves this by adjusting cost factors to place greater emphasis on correctly classifying
minority class instances [22].

Class Distribution Before SMOTE Class Distribution After SMOTE
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Figure 2. Class distribution in the training data before and after applying SMOTE

2.6. Machine learning algorithms

This study applies six machine learning algorithms to classify CKD: DT, KNN, LR, RF, SVM, and
XGBoost. These algorithms were selected to encompass a range of learning paradigms for comprehensive
performance evaluation under different imbalance-handling strategies. RF is an ensemble method that constructs
multiple DT and aggregates predictions by majority vote [23]. It is robust for classification and regression,
mitigates overfitting, and is effective for imbalanced CKD datasets. SVM s effective for high-dimensional
spaces and managing class imbalance [24], [25], identifying an optimal hyperplane between classes.

DT is a non-parametric, supervised learning algorithm with a hierarchical structure of root nodes,
decision nodes, branches, and leaves [26]. Internal nodes test attributes, branches show outcomes, and leaves
provide final predictions. The tree grows by recursively splitting data until a stopping condition is reached.
KNN is a non-parametric, instance-based method assigning labels based on the majority class among nearest
neighbors [27], [28]. While simple and versatile, KNN can be computationally intensive for large datasets
due to distance calculations, a limitation mitigated through clustering or selective instance reduction. Both
DT and KNN are valued for interpretability and adaptability across domains.

XGBoost is well suited for clinical tabular data because it can model complex nonlinear
relationships and feature interactions, includes regularization to reduce overfitting, and typically delivers
strong predictive performance with efficient training. It sequentially builds DT, each iteration correcting prior
errors, and has shown high accuracy in tasks such as predicting heat transfer coefficients in liquid cold plates,
with predictions within £10% and £20% of true values for 63% and 90% of cases respectively [29]. LR
models binary outcome probabilities using the logistic function and estimates parameters through maximum
likelihood [30], [31]. Its interpretability and ability to handle categorical and continuous predictors make it
widely adopted in medicine, finance, and social sciences. These six algorithms provide a broad basis for
evaluating CKD classification performance under SMOTE and cost-sensitive learning strategies.

2.7. Evaluation

Performance assessment was conducted using four primary evaluation metrics: accuracy, precision,
recall, and F1-score. Accuracy measures the proportion of correctly classified instances over the total number
of instances, offering a general indication of predictive correctness. Precision quantifies the proportion of
positive predictions that are actually correct, reflecting the model’s ability to avoid false positives. Recall,
also known as sensitivity, measures the proportion of actual positive cases correctly identified by the model,
making it especially important in medical diagnostics where missing positive cases can have severe
consequences. The F1-score, defined as the harmonic mean of precision and recall, provides a balanced
measure that accounts for both false positives and false negatives, offering a comprehensive performance
indicator in the presence of class imbalance.

3. RESULTS AND DISCUSSION

The experimental results demonstrate that the effect of imbalance mitigation is strongly model
dependent and cannot be generalized across classifier families. Technically, SMOTE and cost-sensitive
learning intervene at different stages of the learning process. SMOTE alters the empirical data distribution by
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synthetically generating minority samples in feature space using interpolation between nearest neighbors
[19], [20], whereas cost-sensitive learning modifies the objective function by reweighting misclassification
penalties [21], [22]. These fundamentally distinct mechanisms explain the heterogeneous performance
observed in Table 3.

Table 3. Classification results of the six machine learning models under SMOTE and cost-sensitive learning

No Model Strategy Accuracy  Precision  Recall  Fl1-score
1 DT Cost-sensitive 0.89 0.63 0.64 0.63
2 DT SMOTE 0.83 0.58 0.64 0.59
3 KNN Cost-sensitive 0.92 0.78 0.53 0.54
4  KNN SMOTE 0.68 0.56 0.67 0.52
5 LR Cost-sensitive 0.77 0.6 0.76 0.6
6 LR SMOTE 0.78 0.6 0.73 0.6
7 RF Cost-sensitive 0.92 0.86 0.52 0.53
8 RF SMOTE 0.92 0.76 0.63 0.67
9 SVM Cost-sensitive 0.89 0.64 0.66 0.65
10 SVM SMOTE 0.9 0.64 0.61 0.62
11 XGBoost Cost-sensitive 0.93 0.92 0.59 0.63
12 XGBoost SMOTE 0.92 0.73 0.71 0.72

For tree-based ensemble methods such as RF and XGBoost, the relatively stable performance under
both strategies can be attributed to their structural robustness. RF aggregates multiple decorrelated DT [23],
reducing variance and mitigating overfitting introduced by synthetic instances. In the case of XGBoost, the
boosting framework sequentially corrects residual errors while incorporating regularization [29], which helps
control model complexity even when class weighting is applied. The superior precision achieved by
XGBoost under cost-sensitive learning suggests that penalizing minority class misclassification directly
influences gradient updates in a more controlled manner than synthetic resampling, preserving clearer
decision boundaries while still addressing imbalance.

In contrast, instance-based methods such as KNN exhibit higher sensitivity to distributional shifts.
KNN relies explicitly on local neighborhood structure for classification [27], [28]. When SMOTE generates
synthetic samples through linear interpolation in feature space [19], [20], the resulting artificial neighbors
may distort local density estimation, especially in high-dimensional or sparsely populated regions. This
explains the substantial decline in KNN accuracy under SMOTE. Cost-sensitive learning, by comparison,
does not modify the geometry of the feature space, allowing KNN to maintain more stable neighborhood
relationships.

SVM demonstrates comparatively balanced behavior under both strategies. Because SVM seeks an
optimal separating hyperplane with maximum margin [24], [25], oversampling can improve minority class
representation near the margin, potentially enhancing recall. However, cost-sensitive weighting adjusts the
penalty parameter for misclassified samples, effectively shifting the decision boundary toward the majority
class. The moderate performance differences observed suggest that SVM benefits from improved minority
representation but remains sensitive to over-representation if synthetic samples introduce noise.

LR, as a linear probabilistic classifier [30], [31], assumes a linear decision boundary in transformed
feature space. The relatively modest performance gains under both imbalance strategies indicate that class
imbalance is not the sole limiting factor. Instead, the CKD dataset likely contains nonlinear interactions
among features that cannot be fully captured by a linear log-odds formulation. Therefore, imbalance
mitigation alone does not substantially enhance its discriminative capacity.

From a broader methodological perspective, the results demonstrate that imbalance handling should
not be treated as a universally beneficial preprocessing step. Instead, its effectiveness depends on the
interplay between sampling strategy, model complexity, and decision boundary formulation. Oversampling
methods such as SMOTE reshape the training distribution and may improve recall, yet they risk introducing
synthetic overlap between classes. Cost-sensitive learning preserves the original data structure but modifies
the optimization landscape, often leading to improved precision. These trade-offs are consistent with prior
imbalance learning theory [21], [22], which emphasizes the role of misclassification cost adjustment in
narrowing probability gaps between classes.

Compared with earlier CKD classification work by Azizah and Paramitha [32], which used a Naive
Bayes algorithm and reported an accuracy of 89.9%, the best performing configuration in this study,
XGBoost with cost sensitive learning, achieved 93% accuracy and 92% precision. Recent studies on larger
and more clinically representative cohorts further contextualize these results. Chen et al. [33] developed and
externally validated an ensemble model (RF, XGBoost, and LightGBM) using multi center EHR data from
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five sites (1,200 patients), reporting an AUC of approximately 0.89 with external accuracy around 0.79 to
0.80. Iftikhar et al. [34] reported RF accuracy of approximately 0.90 to 0.91 using a clinically focused
dataset. Haider et al. [35] achieved an accuracy of 0.9237 using a hard voting ensemble. While ensemble
performance across studies appears competitive, the present study contributes additional technical insight by
isolating the effect of imbalance mitigation under a unified experimental pipeline, clarifying how
performance variation is linked not only to model architecture but also to the interaction between learning
algorithm and imbalance strategy.

4. CONCLUSION

This study systematically compared SMOTE and cost-sensitive learning across six machine learning
classifiers for early CKD detection using a public CKD dataset of 1,659 records and 54 features. The results
demonstrate that imbalance mitigation significantly influences model behavior, where cost-sensitive learning
generally improves precision through loss reweighting, while SMOTE more frequently enhances recall and
F1-score by modifying class distribution. XGBoost combined with cost-sensitive learning achieved the best
overall performance with 93% accuracy and 92% precision, and RF showed stable performance under both
strategies. The main contribution of this work is the controlled, unified evaluation of oversampling and
penalty-based approaches across diverse classifier families within a consistent preprocessing and validation
pipeline. However, the study is limited by the use of a single public dataset without external validation,
moderate dataset size under severe imbalance, and the absence of exhaustive hyperparameter optimization
and calibration analysis. Future research should therefore include external multi-center validation, systematic
hyperparameter tuning integrated with cross-validation, exploration of hybrid or adaptive imbalance
strategies, and incorporation of probability calibration and explainability methods to strengthen clinical
robustness and deployment readiness.
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