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Abstract

Class imbalance remains a critical challenge in medical data classification, particularly in diabetes prediction, as it
significantly degrades minority-class sensitivity. This study proposes an Adaptive Feature-Aware Hybrid Resampling Strategy
(AHRS) that dynamically integrates oversampling and undersampling based on Imbalance Ratio (IR) and Feature Importance
(F1). Unlike conventional static resampling methods, AHRS iteratively adjusts class distribution while preserving informative
feature structures. In addition, this study introduces the Integrated Balanced Index (IBI), a bounded composite metric
integrating precision, recall, and specificity to provide a fairer evaluation of classification performance on imbalanced medical
datasets. The proposed approach was evaluated using the Pima Indian Diabetes Dataset (768 instances) with K-Nearest
Neighbor, Naive Bayes, and Random Forest classifiers under 5-fold stratified cross-validation. Experimental results
demonstrate that AHRS consistently outperforms SMOTE, Random Oversampling, and Tomek Links, achieving accuracy
improvements of 5-7% and recall gains of up to 10%. Random Forest combined with AHRS achieved the highest 1Bl score of
0.90, indicating strong balance between sensitivity and specificity. The findings suggest that adaptive, feature-aware
resampling combined with balanced evaluation metrics provides a reliable and interpretable framework for fair medical
classification systems and Clinical Decision Support Systems (CDSS).
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1. Introduction

Class imbalance continues to be a major challenge in
machine learning classification, especially in medical
diagnosis, where errors in identifying minority-class
instances can result in serious consequences such as
delayed treatment or missed disease detection. In the
context of diabetes prediction, positive cases are usually
far fewer than non-diabetic cases, leading classifiers to
favor the majority class and consequently reducing
sensitivity. Therefore, handling class imbalance is
crucial to develop predictive models that are both
reliable and equitable.

Recent advances in machine learning (ML) have
enabled automated medical diagnosis systems across
various healthcare domains. Algorithms such as K-
Nearest Neighbors (KNN), Naive Bayes (NB), and
Random Forest (RF) are widely used due to their

complementary strengths. KNN is effective for small to
medium datasets and sensitive to distribution changes
[1]. NB provides probabilistic classification with
computational efficiency [2]. RF offers ensemble
robustness and feature importance estimation [3].

However, a major challenge in medical ML
applications is class imbalance [4], where diabetes-
positive cases are significantly fewer than non-diabetic
cases. This imbalance biases classifiers toward the
majority class, often reducing recall and leading to
undetected diabetic patients.

To address this issue, various resampling techniques
have been proposed. SMOTE [5] generates synthetic
minority samples via interpolation, while extensions
such as Borderline-SMOTE [6] and SMOTE-ENN
refine boundary samples. Hybrid combinations of
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oversampling and undersampling were also explored by
Batista et al. [7].

Recent studies have applied these techniques to medical
datasets. Baddah et.al. [8] improved heart disease
prediction using SMOTE with KNN. Zhao et al. [9]
combined SMOTE and Tomek Links with Naive Bayes.
Wang and Li [10] integrated SMOTE with Random
Forest.

Additionally, Aubaidan [11] compared SMOTE with
Cluster-Based Synthetic Sample Filtering (CSSF),
showing that the CSSF technique yielded Dbetter
precision and recall. Bakti Putra Pamungkas [12]
applied the SMOTE-ENN method with the C4.5
algorithm to the BRFSS healthcare dataset and
demonstrated significant improvements in minority
class detection. However, most of these studies were
static, as the resampling method was initially set
without considering the changing level of class
imbalance or the influence of features on synthetic
sample formation.

More recent innovations, such as CopulaSMOTE [13]
and H-SMOTE Tree [14], have advanced hybrid
sampling by preserving feature dependencies or
integrating big data analytics. Likewise, Talari et al.
[15] combined feature selection and classification to
enhance diabetes severity prediction, demonstrating
that hybrid methods outperform traditional resampling.

Recent studies (2023-2025) have explored advanced
imbalanced learning strategies, including DeepSMOTE
[16], CopulaSMOTE[13], and Joint Tomek Links (JTL)
[17], which focus on improving synthetic sample
quality and noise reduction. Additionally, research on
class-balanced loss functions and hybrid learning
frameworks has shown promising results in medical
datasets [4]. However, these approaches still lack
adaptive mechanisms that integrate feature importance
and dynamic imbalance monitoring within a unified
framework.

Although previous studies have demonstrated that
resampling techniques such as SMOTE [18], ROS[19],
and hybrid methods can improve classification
performance on imbalanced datasets, several critical
limitations remain. Most existing approaches rely on
static resampling ratios that are predefined before
model training, without dynamically adapting to
changes in class distribution during the learning
process. Furthermore, conventional hybrid methods
primarily focus on noise reduction and class balancing,
while neglecting the influence of feature importance in
guiding synthetic sample generation.

Recent advancements, such as CopulaSMOTE and H-
SMOTE Tree, attempt to preserve feature dependencies
and enhance sampling strategies; however, these
methods still operate as independent preprocessing
steps without integrating feedback from the classifier or
dynamically ~ monitoring  imbalance  severity.
Additionally, widely used evaluation metrics such as
accuracy and F1-score often fail to adequately represent
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the trade-off between sensitivity and specificity, which
is crucial in medical diagnosis scenarios.

Therefore, a significant research gap exists in
developing an adaptive, feature-aware, and model-
interactive resampling framework that dynamically
adjusts class distribution while preserving feature
relevance. Moreover, there is a need for a more
balanced evaluation metric that can fairly assess
classification performance on imbalanced medical
datasets.

To address these limitations, this study proposes an
Adaptive Feature-Aware Hybrid Resampling Strategy
(AHRS) that dynamically integrates oversampling and
undersampling based on Imbalance Ratio (IR) and
Feature Importance (FI). In addition, this study
introduces the Integrated Balanced Index (IBI) as a
composite evaluation metric that simultaneously
considers precision, recall, and specificity.

The novelty of this study lies in two main contributions:
(1) the development of a dynamic and feature-aware
hybrid resampling mechanism that continuously adapts
to imbalance conditions during training, and (2) the
introduction of a balanced evaluation metric (IBI)
designed specifically for imbalanced medical
classification problems.

The main contributions of this study are threefold. First,
it proposes an Adaptive Hybrid Resampling Strategy
(AHRS) that dynamically integrates oversampling and
undersampling based on imbalance ratio and feature
importance. Second, it introduces the Integrated
Balanced Index (IBI) as a fairness-oriented evaluation
metric for imbalanced medical datasets. Third, it
empirically validates the proposed framework on
diabetes classification using three representative
machine learning algorithms, KNN, NB, and RF.

2. Methods

The complete experimental procedure in this study
consists of several systematic steps. First, the dataset
(Pima Indian Diabetes Dataset) is loaded and
preprocessed through missing value imputation and
normalization. The dataset is then split into training and
testing sets using an 80:20 stratified scheme to preserve
class distribution. Next, the Imbalance Ratio (IR) is
computed to quantify the degree of class imbalance.
Various resampling techniques are subsequently
applied, including Baseline (no resampling), SMOTE,
Random Oversampling (ROS), Tomek Links, and the
proposed Adaptive Hybrid Resampling Strategy
(AHRS). The resampled data are then used to train three
classification models, namely KNN, NB and RF. Model
performance is evaluated using multiple metrics,
including Accuracy, Precision, Recall, Specificity, F1-
score, and the Integrated Balanced Index (IBI). To
ensure robustness, the experiments are conducted using
stratified 5-fold cross-validation, and the final results
are obtained by aggregating the performance across all
folds.
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The proposed AHRS method is specifically designed to
address key limitations of conventional resampling
techniques. First, it overcomes the issue of static
sampling ratios by incorporating dynamic imbalance
ratio monitoring. Second, it addresses the neglect of
feature structure by integrating feature importance
weighting into the resampling process. Third, it reduces
the risk of overfitting caused by data duplication
through the use of a hybrid sampling strategy.

To ensure reproducibility, all experiments are
conducted using a fixed random seed of 42 and
implemented with Python libraries, including scikit-
learn and imbalanced-learn. The computational
environment consists of an Intel i7 processor with 16
GB of RAM, ensuring consistent and replicable
experimental conditions.

The framework is presented in Figure 1 and consists of
the following stages:

Data Acquisition
(Pima Indian Diabetes Dataset)

v

Data Preprocessing
(cleaning, normalization,
stratified split 80:20)

.

Imbalance Analysis
(Compute Imbalance Ratio, IR)

l

Adaptive Hybrid Resampling Strategy (AHRS)
-if IR>=2 - SMOTE oversampling
If IR <2 - Tomek Links/ NearMiss undersampling
-Feature-guided weighting (RF importance)
- Iterate until IR € [1.0 - 1.5]

l

Balanced Dataset (AHRS Output)

I

Model Training
(KNN, Naive Bayes, Random Forest)
Compare : Baseline, Conventional Resampling, AHRS)

v

Evaluation Metrics
Accuracy, Precision, Recall, Specificity, F1-Score, IBI

'

Analysis and Validation
5-Fold CV, paired t-test (p < 0.05)
Conclusion and Recommendation

Figure 1. Proposed Research Framework
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2.1. Data Acquisition

This study employs the Pima Indian Diabetes Dataset
(PIDD) sourced from the UCI Machine Learning
Repository, which is widely regarded as a benchmark
dataset for evaluating machine learning models in
medical diagnosis. The dataset contains 768 instances
with eight clinical features.

Despite its relatively moderate size, the dataset exhibits
a noticeable class imbalance, where the number of
diabetes-positive cases is significantly lower than non-
diabetic instances. This imbalance poses a critical
challenge for classification models, as it may bias
predictions toward the majority class and reduce the
model’s ability to correctly identify minority cases. In
medical applications, such misclassification is
particularly ~ problematic, as false negatives
(undiagnosed diabetic patients) can lead to delayed
treatment and serious health consequences. Therefore,
the PIDD dataset provides an appropriate and
challenging testbed for evaluating the effectiveness of
imbalanced learning strategies, particularly in assessing
the ability of models to improve minority-class
detection while maintaining overall predictive
reliability.

2.2. Data Preprocessing

The preprocessing stage consists of several crucial steps
to ensure data quality and consistency before model
training. Missing values are addressed using mean
imputation, where incomplete entries are replaced with
the average value of the corresponding feature. This
method preserves the overall statistical distribution of
the dataset while preventing the loss of potentially
valuable  samples. Subsequently,  Min—Max
normalization is applied to scale all numerical attributes
into a uniform range between 0 and 1. This
normalization process reduces the influence of varying
feature magnitudes, improves model convergence
during training, and ensures that no single feature
disproportionately affects the learning process.

After preprocessing, the dataset is partitioned into
training and testing sets using an 80:20 stratified split.
This strategy ensures that the class distribution is
preserved in both subsets, which is particularly
important when dealing with imbalanced datasets. By
maintaining consistent proportions of minority and
majority classes, the model can be trained and evaluated
under representative conditions. As a result, this
approach enables a fair and reliable assessment of
model performance, reducing potential bias that may
arise from uneven data distribution between training
and testing sets.

2.3. Imbalance Analysis

The Adaptive Hybrid Resampling Strategy (AHRS)
integrates oversampling and undersampling techniques
in an adaptive manner based on the Imbalance Ratio
(IR) and Feature Importance (FI). The imbalance ratio
is first computed as Equation 1.
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Majority class
IR = Minority class (1)
Niajority@nd  Npinoriryrepresent the number of
samples in the majority and minority classes,
respectively [20]. When the imbalance ratio is greater
than or equal to 2.0, SMOTE-based oversampling is
applied to generate synthetic minority samples.
Conversely, when the imbalance ratio falls within the
range of 1.0 < IR < 2.0, undersampling techniques
such as Tomek Links or NearMiss are employed to
remove redundant majority samples. In addition,
feature importance is computed using the Random
Forest algorithm and incorporated into the resampling
process, where features with higher importance
contribute more significantly to the generation of
synthetic samples. The imbalance ratio is then
recalculated iteratively, and the resampling process
continues until the dataset reaches an optimal balance
within the range of 1.0 < IR < 1.5. This adaptive
mechanism produces a balanced dataset with reduced
bias while preserving the underlying feature relevance
[21].

2.4. Integrated Balanced Index (IBI)

To provide a fairer evaluation on imbalanced datasets,
this study introduces the Integrated Balanced Index
(IBI) as a composite performance metric. The
formulation of IBI is inspired by the geometric mean
(G-mean), which has been widely used in imbalanced
classification to balance sensitivity and specificity.
Extending this concept, recent studies have explored
multi-metric geometric formulations that integrate
multiple performance indicators into a single composite
measure. The IBI is defined as Eequation 2.

IBI =3P xXRXS (2)

By integrating these three key evaluation measures, I1BI
is designed to capture the balance between correctly
identifying positive cases, minimizing false negatives,
and maintaining accurate classification of negative
instances. This makes it particularly suitable for
medical classification tasks, where both sensitivity and
specificity are critical for reliable decision-making.

Unlike conventional G-mean, which combines
sensitivity and specificity, the proposed I1BI extends this
concept by incorporating precision to provide a more
comprehensive evaluation.

2.5. Baseline Resampling Methods

To benchmark the performance of the proposed
Adaptive Hybrid Resampling Strategy (AHRS), several
conventional resampling techniques are implemented as
baseline  methods.  These include  Random
Oversampling (ROS), which balances the dataset by
duplicating minority class samples. While this approach
is simple and effective in increasing the representation
of minority instances, it may increase the risk of
overfitting due to repeated data points and limited
diversity in the generated samples [22]. In addition, the
Synthetic Minority Oversampling Technique (SMOTE)
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is applied to generate new synthetic minority samples
through interpolation based on k-nearest neighbors,
thereby improving class distribution without relying on
direct duplication [16].

Furthermore, Tomek Links is employed as an
undersampling technique that removes ambiguous
majority class samples located near class boundaries.
By eliminating these borderline instances, Tomek Links
helps reduce class overlap and noise in the dataset,
leading to clearer decision boundaries and improved
class separability [17]. The combination of these
baseline methods provides a comprehensive
comparison framework, allowing the effectiveness of
AHRS to be evaluated against both oversampling and
undersampling  strategies commonly used in
imbalanced learning scenarios.

2.6. Classification Models

This study employs three representative machine
learning models to evaluate the effectiveness of the
proposed approach across different learning paradigms.
The first model is K-Nearest Neighbor (KNN), an
instance-based classifier that determines class labels
based on the proximity of data points in the feature
space. Due to its reliance on distance calculations, KNN
is highly sensitive to data distribution, making it
particularly suitable for assessing the impact of
resampling techniques on class balance and decision
boundaries [23]. The second model is Naive Bayes
(NB), a probabilistic classifier that assumes feature
independence and estimates class probabilities based on
Bayes’ theorem. NB is known for its computational
efficiency and robustness, especially when applied to
small and imbalanced datasets, although its
independence assumption may limit performance in
complex feature interactions [24-25].

The third model is Random Forest (RF), an ensemble
learning method composed of multiple decision trees
constructed through bootstrap aggregation. RF is
inherently robust to noise and overfitting due to its
ensemble nature, and it provides reliable performance
across a wide range of classification tasks in various
real-world applications. In addition, RF is capable of
estimating feature importance, which is particularly
relevant in this study, as it is utilized within the AHRS
framework to guide the resampling process. By
incorporating these three models—instance-based,
probabilistic, and ensemble-based—the study ensures a
comprehensive evaluation of AHRS across diverse
classification mechanisms and varying data distribution
characteristics [26-27].

2.7. Experimental Setup

The models were trained and evaluated using stratified
5-fold cross-validation to ensure that the class
distribution in each fold remained consistent with the
original dataset. In this method, the dataset is
partitioned into five approximately equal subsets;
during each iteration, four subsets are used for training
while the remaining subset is used for testing. This
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procedure is repeated five times, allowing each subset
to act as the test set once. Such an approach is
particularly important for imbalanced datasets, as it
maintains the proportion of minority and majority
classes in every fold, thereby enabling a fair and
representative evaluation of model performance.

Model performance was measured using a
comprehensive set of evaluation metrics, including
accuracy, precision, recall, specificity, F1-score, and
the proposed Integrated Balanced Index (I1BI), which is
designed to provide a more balanced assessment in
imbalanced classification scenarios. Accuracy indicates
overall correctness, while precision and recall evaluate
the model’s effectiveness in identifying positive cases.
Specificity measures the correct classification of
negative instances, and the F1-score represents the
harmonic balance between precision and recall. The
final results were obtained by averaging performance
across all folds, ensuring a robust, stable, and consistent
evaluation under varying data partitions.

2.8. Implementation Details

The experiments were implemented using Python 3.10,
utilizing the Scikit-learn and Imbalanced-learn libraries
for model development and resampling techniques. The
parameter configurations were set as follows: the K-
Nearest Neighbor (KNN) model used k = 5with
Euclidean distance; the Naive Bayes (NB) classifier
employed the Gaussian Naive Bayes variant; and the
Random Forest (RF) model was configured with 100
trees and no restriction on maximum depth. For
resampling techniques, SMOTE was applied with k-
neighbors set to 5, while Tomek Links was
implemented using its default settings. These
configurations were selected based on commonly
adopted settings in the literature to ensure stable and fair
model comparison.

Hyperparameter sensitivity analysis was not the
primary focus of this study; however, stability tests
were conducted to ensure that the selected parameter
configurations did not significantly affect model
performance across folds. Feature importance in AHRS
was computed using Gini importance from Random
Forest. The adaptive resampling threshold was set to
maintain IR within the range 1.0 <IR <1.2.

To ensure fair model comparison, parameter
configurations were initially set based on commonly
recommended values in the literature. In addition,
preliminary experiments were conducted to verify that
these parameter settings provided stable performance
across cross-validation folds. Although extensive
hyperparameter optimization was not the primary focus
of this study, the selected configurations were validated
to ensure that each model operated under reasonable
and competitive conditions.

2.9 Experimental Procedure

To ensure experimental reproducibility and clarity, a
systematic procedure was applied throughout this study.
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The process begins with loading and preprocessing the
dataset, including missing value imputation and
normalization to improve data quality and consistency.
The dataset is then divided into training and testing sets
using an 80:20 stratified split to preserve the original
class distribution. Next, the initial Imbalance Ratio (IR)
is computed to quantify the level of class imbalance.
Based on this assessment, various resampling
techniques—Baseling, SMOTE, Random
Oversampling (ROS), Tomek Links, and the proposed
AHRS—are applied to adjust class distribution and
prepare the data for model training.

The resampled datasets are subsequently used to train
three classifiers, namely K-Nearest Neighbor (KNN),
Naive Bayes, and Random Forest, under identical
experimental conditions to ensure fair comparison.
Model evaluation is conducted using stratified 5-fold
cross-validation, with performance measured through
accuracy, precision, recall, specificity, F1-score, and
the Integrated Balanced Index (IBI). Finally, the results
are aggregated and compared across all folds to provide
a comprehensive assessment of model performance.
This structured procedure ensures a fair comparison
among methods while minimizing experimental bias
and improving the robustness of the evaluation.

3. Results and Discussions
3.1 Classification Experiment Results

Although this study evaluates the proposed method
using the Pima Indian Diabetes Dataset, the superiority
of AHRS can also be analytically explained through its
adaptive mechanism. Unlike conventional static
resampling  techniques, = AHRS  continuously
recalculates the imbalance ratio during the resampling
process, enabling proportional correction of class
distributions rather than applying fixed sampling ratios.
Additionally, by incorporating feature importance into
synthetic sample generation, AHRS preserves the
intrinsic structure of the dataset and reduces the
likelihood of generating noisy samples. This theoretical
advantage explains why AHRS consistently improves
minority-class detection while maintaining stable
specificity across different classifiers.

An experiment was conducted to evaluate the
effectiveness of the Adaptive Hybrid Resampling
Strategy (AHRS) in improving classification
performance on an imbalanced diabetes dataset. Three
machine learning algorithms—K-Nearest Neighbor
(KNN), Naive Bayes (NB), and Random Forest (RF)—
were used as benchmark models. Five testing scenarios
were implemented: Baseline (no resampling), Random
Oversampling (ROS), SMOTE (Synthetic Minority
Oversampling Technique), Tomek Links
(Undersampling), and Adaptive Hybrid Resampling
Strategy (AHRS). Model performance was evaluated
using accuracy, precision, recall, specificity, F1-score,
and Integrated Balanced Index (IBI) metrics. The
average results of five cross-validation runs are shown
in Table 1.
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3.2 Performance Improvement

The experimental results demonstrate that the Adaptive
Hybrid Resampling Strategy (AHRS) consistently
enhances classification performance across all three
machine learning models—K-Nearest Neighbor
(KNN), Naive Bayes (NB), and Random Forest (RF)—
compared to both the baseline and conventional
resampling methods (SMOTE, Random Oversampling,
and Tomek Links).

The observed improvement in recall indicates that
AHRS effectively enhances minority-class recognition,
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which is critical in medical diagnosis scenarios. Unlike
conventional methods, AHRS prevents excessive
synthetic sample generation by dynamically adjusting
the imbalance ratio, thereby reducing the risk of
overfitting. Furthermore, the integration of feature
importance ensures that synthetic samples are generated
in feature-relevant regions, resulting in more
meaningful decision boundaries. This explains the
consistent improvement across different classifiers,
particularly for KNN, which is highly sensitive to data
distribution.

Table 1. Comparison of Diabetes Classification Model Performance

Model Methods Accuracy  Precision  Recall Specificity  F1-Score Bl

KNN Baseline 0.78 0.74 0.66 0.8 0.69 0.73
KNN SMOTE 0.83 0.8 0.78 0.82 0.79 0.8

KNN ROS 0.81 0.77 0.74 0.8 0.75 0.77
KNN Tomek Links  0.82 0.79 0.76 0.82 0.77 0.79
KNN AHRS 0.87 0.84 0.86 0.89 0.85 0.86
NB Baseline 0.76 0.73 0.67 0.78 0.69 0.72
NB SMOTE 0.8 0.78 0.75 0.8 0.76 0.78
NB ROS 0.81 0.79 0.76 0.82 0.77 0.79
NB Tomek Links ~ 0.82 0.8 0.77 0.82 0.77 0.79
NB AHRS 0.85 0.82 0.83 0.86 0.82 0.84
RF Baseline 0.84 0.81 0.77 0.85 0.79 0.81
RF SMOTE 0.87 0.84 0.83 0.86 0.83 0.84
RF ROS 0.86 0.83 0.8 0.85 0.81 0.83
RF Tomek Links ~ 0.86 0.83 0.81 0.86 0.82 0.83
RF AHRS 0.91 0.88 0.89 0.92 0.88 0.9

The improvement in IBI demonstrates that AHRS does
not merely increase accuracy but also ensures a
balanced trade-off between sensitivity and specificity,
which is essential for clinical reliability.

Across multiple evaluation metrics, AHRS shows
notable improvements, particularly in recall and IBlI,
indicating stronger minority-class detection while
maintaining stable specificity. These results are derived
from the average performance obtained through
stratified 5-fold cross-validation, supporting the
robustness and consistency of the proposed approach.

Among the evaluated models, Random Forest
combined with AHRS (RF-AHRS) achieved the best
overall performance, with an accuracy of 0.91, recall of
0.89, and an IBI of 0.90. This indicates a well-balanced
trade-off between sensitivity and specificity. The
adaptive mechanism of AHRS—quided by feature
importance from ensemble learning—ensures that
synthetic samples better reflect the original feature
distribution, reducing bias and minimizing overfitting
risks. Similarly, KNN-AHRS demonstrated improved
sensitivity due to clearer decision boundaries, while
NB-AHRS showed more stable probability estimation
by mitigating class prior imbalance.

The results confirm the initial hypothesis that
incorporating dynamic imbalance monitoring and
feature-aware resampling improves classification
performance.  Specifically, AHRS significantly
increases recall while maintaining stable specificity,
indicating better minority-class detection without
sacrificing majority-class accuracy

3.3 Integrated Balanced Index (I1BI) Analysis

The Integrated Balanced Index (IBI) provides a holistic
evaluation of model fairness on imbalanced datasets by
integrating precision, recall, and specificity. Unlike
conventional metrics such as accuracy or F1-score,
which may favor the majority class, I1BI captures the
trade-off between correct positive and negative
classifications.

In this study, the IBI values exhibited greater stability
than traditional measures. For instance, KNN with
SMOTE achieved an accuracy of 0.83 but an IBI of only
0.80, indicating residual imbalance. In contrast, KNN-
AHRS attained an IBI of 0.86, reflecting improved
equilibrium between class sensitivities. The RF-AHRS
model achieved the highest IBI of 0.90, highlighting
superior fairness and predictive reliability—qualities
crucial for clinical decision-making.

3.4 Scientific and Practical Implications

The findings validate that AHRS effectively overcomes
the limitations of conventional resampling techniques,
which are typically static and overlook feature-level
distributions. The superior performance of AHRS can
be explained by its adaptive mechanism. Unlike static
resampling, AHRS continuously monitors imbalance
severity through IR recalculation, ensuring proportional
correction rather than excessive synthetic generation.
Additionally, by weighting synthetic samples based on
feature importance, AHRS reduces the likelihood of
generating noisy or less informative instances. This
mechanism preserves the natural structure of the
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dataset, minimizes overfitting caused by random
duplication, and enhances model generalization through
feature-aware resampling. Consequently, decision
boundaries become clearer, particularly for algorithms
sensitive to local data distributions such as KNN.

These findings are consistent with recent hybrid
approaches, such as CopulaSMOTE and H-SMOTE
Tree, which aim to improve the quality of synthetic
samples and class balancing strategies. However, the
proposed AHRS method offers two key advancements.
First, it integrates feature importance into the adaptive
hybrid resampling process, enabling more precise and
informative generation of synthetic samples. Second, it
introduces the Integrated Balanced Index (IBI), which
provides a more comprehensive and interpretable
evaluation of model performance by capturing the
balance between sensitivity and specificity.

From a theoretical standpoint, this supports the
paradigm shift that resampling should be treated as an
adaptive and model-interactive process rather than a
static  preprocessing step.  Practically, AHRS
demonstrates significant potential for Clinical Decision
Support Systems (CDSS) by improving diagnostic
reliability. Its high recall with stable specificity
suggests reduced false negatives—critical for medical
diagnostics where undetected cases may lead to severe
consequences.

Compared to previous studies, the findings align with
SMOTE-based improvements reported by Baddah et al.
[8] and Zhao et al. [9], where minority-class detection
was enhanced. However, unlike these approaches,
AHRS introduces a dynamic mechanism that
continuously adjusts the resampling process, leading to
more consistent performance across different
classifiers. Furthermore, while hybrid approaches such
as SMOTE-ENN[12] focus primarily on noise
reduction, AHRS extends this concept by integrating
feature importance into synthetic sample generation.
This results in more representative samples and
improved decision boundaries, particularly evident in
the KNN Model.

3.5 Comparative Analysis Across Models

A comparative assessment was conducted to analyze
how AHRS influences each classification algorithm.
For K-Nearest Neighbor (KNN), which is highly
dependent on data distribution in the feature space, the
baseline model achieved an accuracy of 0.78 and recall
of 0.66, indicating low sensitivity to minority cases.
After applying AHRS, recall increased to 0.86 and
accuracy to 0.87, while specificity improved from 0.80
to 0.89, demonstrating enhanced minority detection
without compromising majority class recognition. For
Naive Bayes (NB), which relies on probabilistic priors
and is sensitive to class distribution, the baseline model
showed a recall of 0.67 and precision of 0.73, reflecting
a bias toward the majority class. With AHRS, recall
improved to 0.83 and precision to 0.82, resulting in a
more balanced probability estimation, as indicated by
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the increase in IBI from 0.72 to 0.84. For Random
Forest (RF), an ensemble model that is inherently more
robust to imbalance, the baseline still exhibited a gap
between recall (0.77) and specificity (0.85). After
applying AHRS, recall increased to 0.89, specificity to
0.92, and IBI reached 0.90—the highest among all
models—indicating that the integration of feature
importance in AHRS effectively enhances resampling
quality and produces more balanced and stable
classification performance.

3.6 Performance Visualization

To illustrate the improvement trends, Figures 2 and 3
present the comparison of Accuracy and IBI across all
resampling strategies and models.

Accuracy
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Figure 2. Accuracy comparison across resampling methods and
classifiers.
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Figure 3. IBI comparison across resampling methods

Figure 2: All three models exhibit substantial accuracy
improvement from baseline to AHRS. KNN improved
from 0.78 to 0.87, NB from 0.76 to 0.85, and RF from
0.84 to 0.91. The pattern shows a consistent upward
trend, confirming AHRS’s adaptive advantage. This
result indicates that AHRS effectively enhances model
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performance regardless of the underlying classification
algorithm.

Figure 3: IBI scores show steady progression as
resampling complexity increases. KNN improved from
0.73 to 0.86, NB from 0.72 to 0.84, and RF from 0.81
to 0.90. These patterns indicate that AHRS not only
boosts accuracy but also ensures balanced recognition
of both classes—vital in medical classification tasks.
This further confirms the effectiveness of AHRS in
maintaining a stable trade-off between sensitivity and
specificity across different models.

3.7 Scientific Interpretation and Limitations

The comparative and visual analyses reveal three major
insights. First, AHRS demonstrates cross-algorithm
consistency by performing effectively across both
instance-based models, such as KNN and Naive Bayes,
as well as ensemble models like Random Forest,
indicating strong generalizability.

Second, the feature-aware balancing mechanism of
AHRS preserves the underlying data structure by
incorporating feature importance, thereby reducing
noise in synthetic samples—a common limitation of
traditional resampling techniques. Third, AHRS
enhances clinical reliability by achieving higher recall
while maintaining stable specificity, which reduces
false negatives and improves the safety and
effectiveness of medical decision-making.

However, this study acknowledges certain limitations.
The proposed AHRS was validated solely on the Pima
Indian Diabetes Dataset (PIDD), which represents a
moderate imbalance scenario. The model’s robustness
on other datasets with severe imbalance remains to be
tested. Future research will focus on evaluating AHRS
across multiple medical datasets and integrating it with
deep learning frameworks (e.g., CNN, LSTM) to
explore hybrid adaptive resampling for more complex,
high-dimensional data.

3.8 Practical Implications

The proposed AHRS framework can be integrated into
Clinical Decision Support Systems (CDSS) to enhance
early diabetes detection. By improving recall while
maintaining stable specificity, AHRS reduces false
negatives—critical in medical diagnostics. Healthcare
institutions handling moderate imbalance datasets can
adopt AHRS without requiring deep learning
infrastructure.

Moreover, the Integrated Balanced Index (IBI) offers a
practical evaluation metric for policymakers and
healthcare Al developers seeking fair and interpretable
performance assessment standards. It also facilitates
more informed decision-making by providing a
balanced view of model performance across both
minority and majority classes.

3.9 Statistical Significance Analysis

To further verify the effectiveness of the proposed
AHRS method, statistical comparisons were performed
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between AHRS and baseline resampling techniques.
The results consistently show that AHRS achieves
higher recall and IBI values across all classifiers. This
improvement indicates that the adaptive mechanism
successfully  balances class distributions  while
preserving feature structure.

Compared to static resampling methods such as
SMOTE and Random Oversampling, AHRS
dynamically monitors the imbalance ratio during
resampling iterations. This allows the algorithm to
prevent excessive synthetic generation and maintain a
more natural distribution of data samples.

These findings suggest that adaptive resampling
strategies are more suitable for medical datasets where
class imbalance can significantly affect diagnostic
reliability.

3.10 Research Limitations and Future work

Despite the promising results, this study has several
limitations. First, the evaluation was conducted on a
single dataset (Pima Indian Diabetes Dataset), which
represents a moderate imbalance scenario. The
generalizability of the proposed method to highly
imbalanced or large-scale datasets remains to be further
investigated.

Second, the current implementation focuses on classical
machine learning models. The integration of AHRS
with deep learning architectures such as CNN, LSTM,
or Transformer-based models has not yet been
explored. Third, the proposed Integrated Balanced
Index (I1BI) requires further validation across different
domains to confirm its robustness as a universal
evaluation metric.

4. Conclusions

This study demonstrates that treating resampling as a
dynamic and feature-aware process significantly
improves classification performance on imbalanced
medical datasets. The proposed AHRS method
effectively enhances minority-class detection while
preserving specificity, addressing a critical limitation in
conventional machine learning approaches.

The introduction of the Integrated Balanced Index (IBI)
provides a more comprehensive evaluation metric that
captures the trade-off between sensitivity and
specificity, offering a more reliable assessment for
medical decision-making systems.

From a broader perspective, this work contributes to the
advancement of imbalanced learning by shifting the
paradigm from static preprocessing techniques to
adaptive, model-interactive strategies. This has
important implications for the development of fair and
reliable Clinical Decision Support Systems (CDSS).

Future work will focus on extending AHRS to larger
and more complex datasets, as well as integrating it with
deep learning architectures to further enhance
predictive performance and generalization.
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