Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: https://ijeeemi.org/; Vol. 8, No. 2, pp. 202-217, May 2026

e-ISSN: 2656-8624

RESEARCH PAPER

A Two-Stage Hybrid Oversampling and Ensemble
Learning Framework for Improved Type 2 Diabetes

Mellitus Classification

Siti Fatimah Nurdiah Permatasari'® and Ermatita?

Department of Computer Science, Universitas Sriwijaya, Palembang, Indonesia

Abstract

Type 2 Diabetes Mellitus (T2DM) screening using clinical tabular data commonly
suffers from class imbalance, where non-diabetic records dominate diabetic
cases, causing models to bias toward the majority class and yield poor detection
of the positive (diabetic) class. This study aims to improve T2DM classification on
an imbalanced dataset by increasing minority-class detection while maintaining
acceptable overall performance. The main contribution is a leakage-safe
framework that integrates two-stage hybrid oversampling (RandomOverSampler
followed by Borderline-SMOTE) and soft-voting ensemble learning to obtain more
balanced predictions. Experiments were conducted on the Diabetes Bangladesh
(DiaBD) dataset, containing 5,288 clinical records with a binary target, diabetic
(Yes/No, mapped to 1/0). The data were stratified into train_full/test splits (80/20)
and further into train/validation splits (80/20 of train_full). Features were
normalized using MinMaxScaler fitted only on the training set and applied to
validation and test sets to prevent data leakage. Class imbalance handling was
applied only on the training set using the proposed two-stage oversampling (ROS
Borderline-SMOTE; borderline-1, k_neighbors=3). Classification models included
SVM (RBF), Random Forest, and Gradient Boosting, as well as soft-voting
ensembles of two and three models. Results show that the baseline setting (No
0OS) can achieve high accuracy but low minority detection; for instance, SVM (No
OS) reached an accuracy of 0.9374 with a Recall_pos of 0.0909 and an F1_pos of
0.1587. After oversampling, SVM (OS) improved minority recall to 0.7273 with
F1_pos 0.4188, although accuracy decreased to 0.8688 due to increased false
positives. The best-balanced performance was achieved by the SVM +
RandomForest soft-voting ensemble (OS) with accuracy 0.9125, Recall_pos
0.6545, and the highest F1_pos 0.4932. Overall, the proposed two-stage hybrid
oversampling combined with soft-voting ensembles improves T2DM detection on
imbalanced tabular data, and the findings highlight that model selection should
prioritize Recall_pos and F1_pos rather than accuracy alone.
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[9]. However, early detection of T2DM remains hampered

Diabetes mellitus is a chronic disease whose prevalence
continues to increase globally [1]. The International
Diabetes Federation (IDF, 2021) reports that 537 million
people worldwide have diabetes and projects that this
number will reach 783 million by 2045 [2]. Although these
statistics represent all types of diabetes, epidemiological
studies indicate that approximately 90%—95% of diabetes
cases are classified as Type 2 Diabetes Mellitus (T2DM)
[3]. Therefore, T2DM constitutes the dominant form of
diabetes and remains a primary focus in clinical screening
and predictive modeling studies. In Indonesia, the number
of sufferers reached 19.5 million in 2021, and projections
show it will increase to 28.6 million by 2045 [4], [5]. The
high number of undiagnosed cases further worsens the
situation, leading to complications being identified only
after severe symptoms emerge [6]. Early detection of
T2DM is an important step toward reducing the risk of
complications and improving patients’ quality of life [7], [8],

by limited medical personnel, including high patient
burden, uneven distribution of medical personnel, and
limited time and examination resources [10]. To overcome
these limitations, a computer-based system capable of
classifying patient risk quickly, accurately, and
consistently using machine learning methods on medical
data is needed [11], [12], [13]. In recent years, machine
learning-based classification methods have been widely
applied to identify patients at risk of diabetes and have
demonstrated competitive performance [14].

Classification of medical data is the process of
grouping patients into risk categories based on patterns
learned from clinical data, enabling rapid, accurate
automated risk determination [15], [16]. Several studies
have classified diabetes using algorithms such as
Random Forest (RF), Gradient Boosting (GB), and
Support Vector Machine (SVM), achieving accuracies of
76%—-98% [17], [18], [19]. However, these studies have
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not addressed the problem of data imbalance, in which
the number of non-diabetic cases is significantly greater
than that of diabetic cases. It leads to the model being
biased toward the majority class and reducing its ability to
detect patients at risk of diabetes [20]. Therefore, data
preprocessing requires special techniques, one of which
is oversampling.

Oversampling is a technique for increasing the number
of samples in the minority class to equalize its proportion
to that of the majority class, so that the model does not
learn only from the patterns of the dominant class [21].
Several studies have applied oversampling to diabetes
classification and achieved accuracies of 92-95% [22],
[23], [24]. Some of these studies demonstrated good
performance, but still relied on simple duplication-based
oversampling methods such as RandomOverSampler.
This approach has the potential to introduce data
redundancy and cannot optimally represent patient
characteristics in the minority class [25]. To address these
limitations, one widely used method is the Synthetic
Minority Oversampling Technique (SMOTE).

SMOTE is an oversampling technique that addresses
data imbalance by generating synthetic samples from the
minority class [26]. Several studies have applied SMOTE
to diabetes classification and achieved accuracies
ranging from 75% to 98% [27], [28], [29]. Several studies
have demonstrated satisfactory performance. However,
SMOTE still has several limitations. The generated
synthetic samples do not account for areas prone to
misclassification, particularly the boundaries between the
positive and negative classes [26]. It can lead to model
bias in borderline regions. Consequently, risk
determination is not entirely optimal. One method
designed to address this issue is the Borderline-SMOTE
method [30].

Borderline-SMOTE is an extension of SMOTE that
focuses on generating synthetic samples in borderline
regions where minority-class samples are near the
maijority class [31]. Borderline-SMOTE has the advantage
of more selective oversampling, thus strengthening data
representation in areas most prone to misclassification
[31]. Borderline-SMOTE has the advantage of more
selective oversampling, thus strengthening data
representation in areas most prone to misclassification
[32], [33]. Although Borderline-SMOTE improves minority-
class representation, researchers can further enhance
classification results on complex medical data by using
more robust modeling methods [34]. One widely used
approach to improving model generalization is ensemble
learning.

Ensemble learning is a method that combines
predictions from multiple base learners to produce a more
stable and accurate final decision than a single model
[35]. Ensemble learning has the advantage of reducing
variance, minimizing the risk of overfitting, and capturing
more complex patterns in data, including imbalanced data
[36]. Several studies have applied ensemble learning to
medical classification and achieved accuracies and F1
Scores of 92%—-98%, demonstrating its superiority over a
single model [371], [38], [39].

Based on these issues, this study proposes a Two-
Stage Hybrid Oversampling approach combined with
ensemble learning to improve the classification
performance of Type 2 Diabetes Mellitus. The Two-Stage
Hybrid Oversampling method improves the
representation of minority classes, while ensemble
learning strengthens the model’s ability to capture
complex patterns in medical data. The performance
evaluation in this study uses accuracy, recall, precision,
and F1-score. The main contributions of this research
include: (1) proposing a novel integration of a Two-Stage
Hybrid Oversampling workflow, combining
RandomOverSampler and Borderline-SMOTE,
specifically designed to address severe class imbalance
in Type 2 Diabetes Mellitus prediction; (2) integrating this
oversampling method with an ensemble-based
classification strategy to enhance robustness; and (3)
demonstrating improved predictive performance that
supports earlier and more accurate identification of
patients at risk for Type 2 Diabetes Mellitus. This research
aims to provide a more comprehensive understanding of
the system’s ability to identify patients at risk of diabetes
earlier and with greater accuracy.

This study is structured as follows: Section Il describes
the dataset used, the proposed methods, and the training
and testing schemes. Section Il presents the
experimental results. Section IV discusses the
interpretation of the results, compares them with findings
from previous studies, and outlines the limitations of the
proposed approach. Finally, Section V concludes the
study by restating the objectives, summarizing the key
findings, and providing directions for future research.

Il. Materials and Method

This study proposes a classification framework for Type 2
Diabetes Mellitus (T2DM) on imbalanced tabular data
through the following stages: (1) description of the DiaBD
dataset, (2) data preprocessing including data cleaning,
categorical feature encoding, feature-label separation,
stratified data partitioning, and numeric feature
normalization, (3) handling class imbalance in training
data using two-stage hybrid oversampling
(RandomOverSampler followed by Borderline-SMOTE),
(4) training of classification models (SVM, Random
Forest, Gradient Boosting) and formation of soft-voting
ensemble, and (5) performance evaluation using
confusion matrix and relevant metrics for imbalanced
data, especially recall and f1-score for the positive class
(diabetes). The research flow is shown in Fig. 1.

A. Dataset

The dataset used in this study is the Diabetes Bangladesh
Dataset (DiaBD), collected by CMED Health Ltd. and the
Palli Karma-Sahayak Foundation (PKSF), Bangladesh,
and published through the UCI Machine Learning
Repository and Data in Brief (Elsevier) [40]. This dataset
contains clinical patient data used to analyze and classify
Type 2 Diabetes Mellitus (T2DM). Each entry in the
dataset represents a patient with numeric and categorical
attributes, such as age, gender, body mass index (BMI),
blood pressure, glucose level, insulin level, and other
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relevant clinical features. The target column is diabetic
with the class No as a non-diabetic patient and Yes as a
patient diagnosed with diabetes (T2DM). To provide a
clear picture of the data structure and characteristics, Fig.

1 presents a list of attributes in the DiaBD dataset, along
with their data types and brief descriptions. These
attributes include clinically relevant predictor variables
and one target attribute used in the classification process.
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Fig. 1. Research Methodology Workflow.

Table 1. Description of the DiaBD Dataset Attributes

No Attribute Data Type Description

1 Age Numeric Patient’s age (years)

2 Gender Categorical Patient’s gender (Male/Female)

3 Pulse Rate Numeric Heart rate per minute

4  Systolic BP Numeric Systolic blood pressure (mmHg)

5 Diastolic BP Numeric Diastolic blood pressure (mmHg)

6  Glucose Numeric Blood glucose level (mg/dL)

7 Height Numeric Patient’s height (cm)

8 Weight Numeric Patient’s weight (kg)

9 BMI Numeric Body Mass Index (kg/m?), calculated from weight/height
10 Family Diabetes Categorical Family history of diabetes (1 = Yes /0 = No)

11 Hypertensive Categorical Hypertension status (1 = Yes /0 = No)

12 Family Hypertension Categorical Family history of hypertension (1 = Yes / 0 = No)

13 Cardiovascular Disease Categorical History of cardiovascular disease (1 = Yes /0 = No)
14 Stroke Categorical History of stroke (1 = Yes / 0 = No)

15 Diabetic (Target) Categorical Target label: 0 = Non-diabetic, 1 = Diabetic

Based on Table 1, the DiaBD dataset is dominated by
numeric attributes representing the patient's physiological
condition, while categorical attributes are binary variables
describing disease history and risk factors. The
combination of these two types of attributes provides
comprehensive clinical information to support the
classification of type 2 diabetes mellitus. In addition to
attribute characteristics, understanding the distribution of
target classes is an important aspect in dataset analysis,
especially for medical classification problems. The raw
DiaBD dataset consists of 5,288 patient records
containing both numeric and categorical clinical attributes.
The dataset includes 14 predictive features related to

demographic and medical examination variables, along
with one target variable indicating diabetes status. Prior to
preprocessing, the dataset reflects real-world clinical
conditions, including class imbalance between diabetic
and non-diabetic cases. A detailed description of each
attribute is presented in Table 1. Table 2 presents the
distribution of sample counts and percentages for each
target class in the DiaBD dataset. Table 2 shows a
significant class imbalance, with the non-diabetic class
significantly outnumbering the diabetic class. This
condition reflects the distribution of real-world clinical data
and poses a major challenge in developing classification
models, as it can potentially bias the model toward the
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majority class. Therefore, the characteristics of this
dataset are highly relevant for evaluating classification
approaches designed to address class imbalance.

Table 2. Class Distribution of the Dataset

Label Samples Percentage
0 (Non-diabetic) 4,946 93.50%
1 (Diabetic) 342 6.50%
Total 5,288 100%

B. Data Preprocessing

The preprocessing stage is carried out to ensure data
quality before entering the model training process. The
main steps are as follows.

1. Data Cleaning

The dataset was checked to ensure there were no missing
values or duplicate data. This is important because the
presence of blank values can disrupt the model training
process, while duplicate data can potentially introduce
bias [41].

2. Encoding Categorical Variables

Several attributes in the dataset are categorical and
therefore need to be converted to numerical
representation. The gender feature (Male/Female) is
encoded into a numeric format for processing by the
machine learning algorithm. Furthermore, the target
diabetic label, originally Yes/No, is converted to a binary
label, with No = 0 and Yes = 1. Meanwhile, attributes such
as family_diabetes, hypertensive, family_hypertension,
cardiovascular_disease, and stroke are already binary
(0/1), so they do not require additional encoding [42]. This
binary encoding approach was selected because all
categorical variables in the dataset are dichotomous.
Binary transformation preserves feature simplicity, avoids
unnecessary dimensional expansion associated with
One-Hot Encoding, and is suitable for clinical tabular
datasets with limited categorical levels.

3. Dataset Splitting

The dataset was divided using a stratified split strategy to
ensure that class proportions were maintained in each
data subset. The splitting process was carried out in two
stages: (1) initial splitting of the dataset into 80% full
training data (train_full) and 20% test data (test), and (2)
further splitting of the full training data into 80% training
data (training) and 20% validation data (validation). With
this scheme, the final proportion of the dataset consisted
of 64% training data, 16% validation data, and 20% test
data. The application of stratification at each splitting
stage ensured that the minority class, namely diabetes
patients, remained proportionally represented, thereby
reducing the potential for bias in the model training and
evaluation process [43].

4. Data Normalization

All numeric variables, including age, pulse_rate,
systolic_bp, diastolic_bp, glucose, height, weight, and
BMI, were normalized using Min—Max scaling to the range
[0,1] [44]. This normalization aims to standardize feature

scales and prevent variables with larger numerical ranges
from dominating the model training process [45]. This
normalization aims to standardize feature scales and
prevent variables with larger numerical ranges from
dominating the model training process.
x, — X Xmin (1)
Xmax — Xmin
In Eq. (1) [46], x denotes the original feature value, x’
represents the normalized value, x,,;, and x,,,, are the
minimum and maximum values of the corresponding
feature. o avoid data leakage, the parameter x,,;, and
Xmax are calculated using only the training (fit) data. These
parameters are then used to normalize the validation and
test data using the same transformation, so that
information from the validation and test data does not
affect the model training process.
C. Two-Stage Hybrid Oversampling
(RandomOverSampler and Borderline-SMOTE)

One of the primary challenges associated with the dataset
used in this study is class imbalance, where the number
of non-diabetic samples substantially exceeds that of
diabetic samples. Such an imbalance may introduce bias
in classification models, as learning algorithms tend to
optimize performance toward the majority class while
insufficiently capturing the characteristics of the minority
class. To address this issue, this study adopts a two-stage
hybrid oversampling strategy, consisting of
RandomOverSampler (ROS) followed by Borderline-
SMOTE, both applied sequentially to the training data.

1. RandomOverSampler (ROS)

In the first stage, RandomOverSampler (ROS) is
employed to increase the proportion of the minority class
through random duplication of minority samples until a
more balanced class distribution is achieved. This step
aims to ensure an adequate number of minority instances,
thereby enabling more stable and reliable generation of
synthetic samples in the subsequent stage, particularly
under severe class imbalance conditions.

2. Borderline-SMOTE

In the second stage, Borderline-SMOTE is utilized to
generate synthetic samples in borderline regions, i.e.,
areas near the decision boundary between classes that
are typically difficult to classify. Unlike standard SMOTE,
which generates synthetic samples across the entire
minority feature space, Borderline-SMOTE focuses on
minority samples located close to the majority class. This
targeted oversampling strategy is expected to enhance
the model’'s discriminative capability in critical boundary
regions. In general, the synthetic sample generation
process within the SMOTE is shown in Eq. (2) [47].

Xnew = X; + 6 (xnn - xi) (2)
where x; denotes a minority-class sample, x,, represents
one of its k-nearest neighbors, and & is a random value
drawn from the interval [0,1]. Equation (2) produces a
synthetic sample x,., located along the linear
interpolation between x; and its neighbor. In this study,
Borderline-SMOTE is applied using the configuration kind
= borderline-1 and k_neighbors = 3, following the initial
reinforcement of the minority-class distribution through
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ROS. The selection of Borderline-SMOTE with the
borderline-1 configuration and k_neighbors = 3 was
determined based on both methodological considerations
and prior studies. The borderline-1 variant focuses on
generating synthetic samples primarily in regions where
minority samples are surrounded by majority samples,
which helps improve class boundary learning while
reducing noise generation [48][49]. The k_neighbors
parameter was set to 3 to maintain sensitivity to local
neighborhoods and avoid excessive smoothing in clinical
tabular data, where minority samples are relatively
sparse. Smaller k values are commonly recommended in
highly imbalanced medical datasets to preserve local data
characteristics and reduce the risk of generating synthetic
samples in irrelevant regions [50].

The DiaBD dataset exhibits severe class imbalance,
where minority samples are sparsely distributed in the
feature space. Distance-based oversampling techniques
such as Borderline-SMOTE rely on neighborhood
structures to generate synthetic samples. When minority
samples are extremely limited, applying Borderline-
SMOTE directly may produce unstable synthetic samples
due to insufficient minority neighbors, which can increase
noise and class overlapping. To address this limitation,
RandomOverSampler (ROS) is first applied to increase
the representation of the minority class and stabilize
sample density. By duplicating existing minority samples,
ROS ensures sufficient neighborhood availability for the
subsequent generation of synthetic samples. After
balancing the dataset using ROS, Borderline-SMOTE is
then applied to generate synthetic samples near decision
boundaries, where misclassification is more likely to
occur. This targeted oversampling strategy improves the
representation of ambiguous minority samples and
enhances boundary learning. Therefore, the proposed
two-stage oversampling sequence improves data
distribution stability while preserving boundary sensitivity.

3. Application to Training Data Only

The proposed two-stage hybrid oversampling approach
(ROS — Borderline-SMOTE) is applied exclusively to the
training dataset after feature normalization. The validation
and test datasets remain unaltered and preserve their
original class [51]distributions to ensure an objective and
realistic evaluation of model performance. Applying
oversampling techniques to the validation or test sets may
lead to biased performance estimates, as the inclusion of
synthetic samples can inadvertently influence evaluation
outcomes. Therefore, to strictly adhere to data leakage
prevention principles, oversampling is confined solely to
the training phase.

D. Ensemble Training Stage

The next stage of the proposed framework involves the
construction of classification models using an ensemble
learning approach. The selection of Random Forest,
Support Vector Machine, and Gradient Boosting was
motivated by their complementary learning characteristics
and their proven effectiveness in modeling nonlinear
relationships and complex patterns in clinical tabular
datasets. Ensemble learning refers to a methodology that
combines multiple base learners to produce predictions

that are generally more accurate and robust than those
generated by a single model [52]. In this study, three
complementary classifiers are employed as base
learners: Random Forest (RF), Support Vector Machine
(SVM), and Gradient Boosting (GB).
1. Random Forest (RF)
Random Forest is a bagging-based ensemble method
that constructs multiple decision trees by introducing
randomness in both sample selection through bootstrap
sampling and feature selection at each split. The final
prediction is obtained by majority voting for classification
tasks or by averaging the outputs for regression tasks
[53]. Mathematically, given M decision trees h,,(x),
Random Forest classification prediction is defined as in
Eq. (3) [54].

y = mOde {hl(X),hz(X), ey hM (X)} (3)
where y denotes the final predicted class label,h,, (x)
represents the prediction of the m-th decision tree for
input x, and M is the total number of trees in the Random
Forest ensemble
2. Support Vector Machine (SVM)
Support Vector Machine (SVM) is a supervised learning
algorithm designed to construct an optimal [55] decision
boundary by maximizing the margin between classes,
making it effective for binary classification tasks.
Mathematically, based on Eq. (4) [56][57], the Support
Vector Machine (SVM) classification function is defined
as.

N
9= sign(). o yiK (xi,x) + b) @
i=1

where x denotes the input feature vector, y; is the class
label of the i-th training sample, K (-) represents the kernel
function, «; are the Lagrange multipliers corresponding to
the support vectors, and b is the bias.

3. Gradient Boosting (GB)

Gradient Boosting is a boosting method that builds
decision trees incrementally, with each new tree trained to
correct errors from the previous model. This process is
performed by optimizing the loss function using a gradient
descent approach [58], [59]. Gradient Boosting optimizes
the loss function L(y, F(x)) in an iterative manner, where
the model at iteration m is updated according to Eq (5)
[60].

Fm(x) = Fm—l(x) +v-hm(x) (5)
where E,(x) denotes the model at the m-th iteration,
h,,(x) is a newly trained decision tree based on the error
gradient, and v is the learning rate controlling the
contribution of each tree.

4. Soft Voting Ensemble

To improve classification performance, this study
combines Support Vector Machine (SVM), Random
Forest, and Gradient Boosting using a soft-voting
ensemble approach. In this method, the class
probabilities predicted by each base model are
aggregated with predefined weights, and the class with
the highest combined probability is selected as the final
prediction [61], [62]. In practice, soft voting combines the
predicted class probabilities generated by each base
classifier and computes the average probability for each
class. The class label corresponding to the highest
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averaged probability is then assigned as the final
prediction. The soft-voting formulation is given in Eq (6)
[63].

M
y=arg m}gleWm.Pm(y = k|x) (6)

m—1
where B, (y = k| x) denotes the predicted probability of
class k from the m-th model and w,, represents the
corresponding model weight. In this study, all models
were assigned equal weights, following the default setting
of the Voting Classifier in scikit-learn, so that eacb
classifier contributed equally to the final decision. Soft
voting was selected over hard voting because it leverages
the predicted class probabilities produced by each base
classifier rather than relying solely on discrete class
labels. This probabilistic aggregation allows the ensemble
to account for model confidence and provides smoother
decision boundaries, which is particularly beneficial for
imbalanced medical datasets. In clinical screening tasks,
soft voting enables more flexible trade-offs between recall
and precision, thereby improving minority-class detection
while reducing abrupt decision shifts that may occur in
hard-voting schemes.
5. Training and Validation Process
The models were trained using the training set balanced
with SMOTE. Validation was conducted on the validation
set (15%) to select the best-performing model, while the
final evaluation was performed on the testing set (15%) to
assess generalization capability. This strategy aims to
leverage the strengths of Random Forest in terms of
stability and handling non-linear data, as well as the high
accuracy of Gradient Boosting through its boosting
mechanism, enabling the ensemble model to achieve
superior performance compared with single algorithms
[64].
E. Evaluation Model
The best-performing model was evaluated using the
testing set, which was not involved in either the training or
validation stages, ensuring an unbiased assessment of
the model’'s generalization capability. Model performance
was measured using commonly adopted classification
metrics for imbalanced data, including accuracy,
precision, recall, specificity, F1-score, ROC-AUC, and
PR-AUC. These metrics are derived from the confusion
matrix, which consists of true positives (TP), true
negatives (TN), false positives (FP), and false negatives
(FN), and provides the basis for a comprehensive
evaluation of classification performance. Accuracy
measures the proportion of correctly classified samples
among all samples and is defined in Eq. (7) [65] as:

TP +TN

A = 7
CCUracy = TP Y TN + FP + FN "

Accuracy alone is insufficient for imbalanced datasets, as
a model may achieve high accuracy by predominantly
predicting the majority class [66]. Precision quantifies the
proportion of correct positive predictions and is defined in
Eq. (8) [65] as:

TP
.. - - 8
Precision TP ¥ FP (8)

This metric is important for controlling the number of false
positives [67]. Recall measures the model's ability to
correctly identify positive samples and is expressed in Eq.
(9) [65] as:
TP
R = — 9
ecall = Tp N ®)
Recall is particularly critical in medical applications, where
failing to detect diabetic patients (false negatives) is more
detrimental than misclassifying healthy individuals [68].
Specificity evaluates the model’s ability to correctly
identify negative samples and is defined in Eq. (10) [65]
as.
TN
P 10

Specificity TN+ FP (10)
This metric assesses whether the model incorrectly
classifies healthy patients as diabetic [28]. The F1-score
represents the harmonic mean of precision and recall,
providing a balanced assessment of both metrics, as
shown in Eq. (11) [65].

Fl = 2 - Precision - Recall (11)

Precision + Recall
The F1-score is well-suited for imbalanced datasets, as it
accounts for both false positives and false negatives [69].

lll. Results
A. Data Description

The dataset used in this study is the DiaBD_A — Diabetes
Dataset for Enhanced Risk Analysis and Research in
Bangladesh. Based on the initial exploratory analysis, the
dataset consists of 5,288 records with 15 features,
including 4,946 (93.50%) non-diabetic and 342 (6.50%)
diabetic samples, indicating a significant class imbalance,
comprising multiple predictor features and one target
variable. The relatively large number of samples provides
a sufficient basis for training and evaluating machine
learning models. Each record represents an individual,
while the available attributes describe various
characteristics relevant to the risk of Type 2 Diabetes
Mellitus. The detailed description of the dataset attributes
has been presented in Table 1 in the Methodology
section, while a sample of the dataset records is provided
in Table 3. Based on Table 3, the DiaBD_A dataset
consists of diverse demographic and clinical attributes,
including age, gender, pulse rate, blood pressure, blood
glucose levels, and anthropometric measurements. The
sample records demonstrate considerable variability
across individuals in terms of age, body mass index, and
physiological indicators. In addition to numerical features,
the dataset also contains several categorical variables,
such as gender, and binary health-status attributes
related to family history and comorbid conditions. The
presence of both numerical and categorical data
highlights the need for appropriate preprocessing before
applying machine learning models for Type 2 Diabetes
Mellitus classification.
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Table 3. Sample Records from the DiaBD_A Dataset

No Age Gen PR SBP DBP Glu H(m) W(kg) BMI FD HTN FHTN CVD Str D
1 42 F 66 110 73 5.88 1.65 70.2 2575 No No No No No No
2 35 F 60 125 68 571 147 425 19.58 No No No No No No
3 62 F 57 127 74 6.85 152 47.0 20.24 No No No No No No
4 73 M 55 193 112 6.28 1.63 574 21.72 No No No No No No
5 68 F 71 150 81 571 142 36.0 17.79 No No No No No No

Notes: Gen denotes gender (M = male, F = female); PR represents pulse rate; SBP and DBP indicate systolic and
diastolic blood pressure, respectively; Glu refers to fasting blood glucose; H and W denote height and weight; FD
indicates family history of diabetes; HTN denotes hypertensive status; FHTN represents family history of
hypertension; CVD indicates cardiovascular disease; Str denotes stroke; and D represents the diabetic status used

as the class label in this study.

B. Data Preprocessing
1. Data Cleaning

The first preprocessing step involved assessing the
quality of the dataset by checking for missing values and
duplicated instances. The evaluation results showed that
all columns, including age, gender, pulse_rate,
systolic_bp, diastolic_bp, glucose, height, weight, bmi,
family_diabetes, hypertensive, family_hypertension,
cardiovascular_disease, stroke, and diabetic, contained 0
missing values. Therefore, no imputation was required. In
addition, duplicate checking confirmed that the dataset
contained 0 duplicated records, indicating that the data is
clean and free from redundancy. Consequently, the
dataset could be directly processed in subsequent steps
without requiring data correction.

2. Encoding Categorical Variables

Several categorical attributes were included in the
dataset, such as gender, family_diabetes, hypertensive,
family_hypertension, and stroke, which originally used
string-based labels. Since machine learning algorithms
require numerical representation, categorical encoding
was applied. A binary conversion method was used to
map values such as Male/male/lM to 0 and
Female/female/F to 1, and likewise, No/no was mapped
to 0 and Yesl/yes to 1. After this conversion, the dataset
was re-examined to identify any remaining object-type
features, which were then encoded using one-hot
encoding when more than two categories existed. After all
encoding operations were completed, the dataset
consisted of 14 features, as reflected by the final data
shape: (5288, 14).

3. Dataset Splitting

Following the encoding process, the dataset was
separated into feature variables (X) and the target
variable (y), with the diabetic attribute designated as the
prediction target. The dataset consisted of 5288 instances
and exhibited class imbalance, with 4946 samples in class
0 (non-diabetic) and 342 in class 1 (diabetic). To preserve
the proportional representation of both classes and
prevent model bias during the learning process, a
stratified splitting strategy was implemented. The dataset
was first divided into a training set (80%) and a test set
(20%). Subsequently, the training portion was partitioned

again into training and validation sets using an additional
80:20 split, yielding 3384 samples for training, 846 for
validation, and 1058 for testing. This structured
partitioning ensures that model training, hyperparameter
tuning, and final performance evaluation are conducted
on mutually exclusive subsets, thereby maintaining
objectivity and reducing the risk of overfitting.

4. Data Normalization

The final step in the preprocessing phase was feature
scaling to ensure uniform value ranges and enhance
algorithm learning efficiency. In this study, Min-Max
Scaling was employed to normalize all numerical
attributes into a [0, 1] range. To prevent data leakage, the
scaler was fitted only on the training set (X_train), and the
learned parameters were then used to transform the
validation set (X val) and the test set (X test). This
ensures that the model does not obtain prior statistical
knowledge from unseen data, thereby maintaining the
validity of the experimental evaluation.

C. Two-Stage Hybrid Oversampling

This study aims to reveal whether there is a To address
the substantial class imbalance in the dataset, the
preprocessing stage employed a Two-Stage Hybrid
Oversampling technique. This method consists of two
sequential steps designed to balance the minority class
without increasing the risk of overfiting commonly
associated with single random oversampling. First,
Random Oversampling was applied to replicate minority
class samples and improve the initial representation of the
diabetic class. This was followed by BorderlineSMOTE, a
SMOTE variant that synthesizes new samples near the
decision boundary between classes to generate more
informative and representative minority data, particularly
in regions prone to misclassification. This combined
strategy not only increases the number of minority
samples but also enhances their diversity and relevance,
allowing the model to better learn decision boundaries
and reducing bias toward the majority class. A visual
comparison of the class distribution before and after
oversampling is provided in Fig. 2. Fig. 2 clearly shows
the effectiveness of this approach. Before oversampling,
the dataset was highly imbalanced with 3165 samples in
class 0 (non-diabetic) and only 219 samples in class 1
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(diabetic). After applying the combined Random
Oversampling and Borderline-SMOTE method, the
distribution became fully balanced with 3165 samples in
each class. The left chart in Fig. 2 corresponds to the
Before Oversampling condition with severe
underrepresentation of the minority class, while the right
chart represents the After Combined Oversampling
condition with a symmetric class distribution. These
results confirm that the two-stage oversampling strategy
successfully resolved the class imbalance issue, enabling
a fairer and less biased model training process.

Before Oversampling
3163

After Combined Oversampling

3165 3165

Class 1 (Diabetic)

class 0 {Non-diabetic)
Class Label

Fig. 2. Class Distribution Before and After
Combined Oversampling.

Class 1 (Diabetic)

Class 0 {Non-diabetic)
Class Label

D. Training Result
1. Single Classifier Without Oversampling

The first set of experiments used single classifiers:
Support Vector Machine (SVM), Random Forest (RF),
and Gradient Boosting (GB) trained on the original
imbalanced dataset without any oversampling. SVM
separates classes by finding an optimal hyperplane, RF
constructs an ensemble of decision trees using bagging,
and GB sequentially builds weak learners to minimize
prediction errors. These baseline models rely entirely on
the natural class distribution, which is heavily skewed
toward the majority class.

1.0
0.94 0.94 0.94

0.8

0.6

Accuracy

0.4

0.2

0.0

SVM RandomForest GradientBoosting

Fig. 3. Baseline Model Performance (Without
Oversampling)

As shown in Fig. 3, Random Forest achieved the highest
accuracy of 94.44%, followed by SVM (93.74%) and
Gradient Boosting (93.62%). However, the recall for the
diabetic class was very low (SVM: 0.0909, RF: 0.1818,
GB: 0.2000), indicating strong bias toward the majority
class. These results highlight that high accuracy alone is
insufficient for evaluating model performance on
imbalanced datasets, as the models failed to detect
minority cases effectively, with recall values below 0.20.

2. Single Classifiers With Oversampling

To mitigate class imbalance, oversampling
techniques were applied to the training data, generating
additional instances of the minority class. The same single
classifiers (SVM, RF, GB) were then retrained on this
augmented dataset. Oversampling enables models to
better learn the characteristics of the diabetic class,
aiming to improve detection performance while
maintaining overall accuracy.

10

08

06

Accuracy

0.4

0.2

0.0
svM RandomForest

Fig. 4. Single Classifiers with Oversampling

GradientBoosting

Fig. 4 shows that the SVM’s overall accuracy
decreased to 0.8688, but its recall for the diabetic class
substantially increased to 0.7273 (from 0.0909 in the
baseline), demonstrating improved minority-class
detection. Gradient Boosting’s recall increased to 0.3273,
while Random Forest maintained relatively high accuracy
(0.9409) with a recall of 0.2364. These findings illustrate
the trade-off between overall accuracy and minority class
recognition when applying oversampling.

3. Ensemble Models with Oversampling

Ensemble learning combines multiple classifiers to
leverage their complementary strengths, improving
robustness and generalization. Various combinations of
SVM, RF, and GB were trained on the oversampled
dataset, including SVM+RF, SVM+GB, RF+GB, and a
three-model ensemble SVM+RF+GB. Ensemble methods
aim to achieve more balanced performance for both
majority and minority classes.

1.0

0.91 0.92 0.94 0.93

0.8

0.6

Accuracy

0.4

0.2

0.0

SVM+RF SVM+RF+GB

Fia. 5. Ensemble Models with Oversamplina

As illustrated in Fig. 5, the RF—GB ensemble achieved the
highest overall accuracy of 94.21% and a recall of 30.91%
for the diabetic class, outperforming both individual
classifiers and other ensemble combinations. Ensemble
models exhibited more balanced performance, with
improved recall (up to 0.3091) while maintaining high
accuracy (above 94%), demonstrating their effectiveness
in detecting minority-class instances.

E. Best Model Performance on Testing

SVM+GB RF+GB
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The best-performing model based on validation results
was the Random Forest—Gradient Boosting (RF+GB)
ensemble with oversampling. This model combines the
strengths of both classifiers to enhance minority class
detection while maintaining high overall accuracy. It was
further evaluated on the independent testing set to assess
generalization performance. Key evaluation metrics
included accuracy, precision, recall, and F1-score for
each class, as well as the confusion matrix to illustrate the
distribution of correct and incorrect predictions.

1.0 0.95 098 0.96 Recall

0.2

0.0

Non-Diabetic (0) Diabetic (1)

Fig. 6. Test Set Performance Metrics for RF+GB
Ensemble Oversampling

Fig. 6 presents the precision, recall, and F1-score for
the RF+GB ensemble on the test set. The model achieved
an overall accuracy of 92.63%. While performance on the
majority class (Non-Diabetic) was very high (precision:
0.9462, recall: 0.9768, F1-score: 0.9612), the recall for the
minority class (Diabetic) was limited to 0.1912, resulting
in a lower F1-score of 0.2500. These results indicate that
although the ensemble model can accurately predict most
non-diabetic cases, detecting diabetic cases remains
challenging due to class imbalance.

Table 4. Validation Results of All Models

Accura Precisio Recal F1
Model

cy n_pos | pos pos
RF(No OS) 0.944 0.833 0.182 0.299
SVM (No 0S) 0.937 0.625 0.091 0.159
GB (No 0S) 0.936 0.524 0.200 0.289
RF (0S) 0.941 0.619 0.236 0.342
GB (0S) 0.937 0.529 0.327 0.404
SVM (0S) 0.869 0.294 0.727 0.419
RF + GB
(Ensemble OS) 0.942 0.607 0.309 0.410
SVM + GB
(Ensemble OS) 0.920 0.386 0.400 0.393
SVM + RF + GB
(Ensemble OS) 0.930 0.458 0.400 0.427
SVM + RF 0913 0396 0655 0493

(Ensemble OS)

Among all evaluated models, the SVM + Random
Forest ensemble with oversampling achieved the best
performance, with an accuracy of 0.9125, a recall of
0.6545, and an F1-score of 0.4932. These results indicate
that combining two-stage hybrid oversampling with
ensemble learning significantly improves minority class
detection in imbalanced medical datasets.

V. Discussion
A. Baseline (No Oversampling): High Accuracy but
Poor Minority Detection

In imbalanced medical classification problems, models
can achieve high accuracy by favoring the majority class,
as shown by Random Forest, which achieved 0.944
accuracy but only 0.1818 recall for the diabetic class,
while failing to correctly identify the minority (positive)
class [70]. This behavior is clearly observed in our
baseline results. SVM (No OS) reached 0.9374 accuracy,
yet the positive-class performance was very low
(Recall_pos = 0.0909, F1_pos = 0.1587), indicating that
most diabetes cases were not detected, which is
problematic in clinical screening scenarios.

Table 5. Baseline Models Without Oversampling

Model Accuracy Precision_pos Recall_pos F1_pos
RF 0.944 0.833 0.182 0.299
SVM 0.937 0.625 0.091 0.159
GB 0.936 0.524 0.200 0.289

In clinical screening contexts, false negatives (diabetic
patients predicted as non-diabetic) are typically more
critical than false positives because missed diagnoses
can delay intervention and increase complication risk [11].
Similarly, RandomForest (No OS) achieved the highest
accuracy among the baseline models (0.9444) but still
had weak minority detection (Recall_pos = 0.1818,
F1_pos = 0.2985), reinforcing that accuracy alone is
insufficient for imbalanced datasets [71].

B. Impact of Two-Stage Hybrid Oversampling (ROS
Borderline-SMOTE)

This study applies a two-stage hybrid oversampling
strategy on the training set (RandomOverSampler
followed by Borderline-SMOTE). The rationale is to (1)
increase minority representation quickly (ROS) and (2)
generate synthetic samples near difficult decision regions
(borderline) to better shape the class boundary. The effect
is evident from the SVM comparison: after oversampling,
SVM (OS) substantially improved diabetes detection,
achieving Recall_pos = 0.7273 and F1_pos = 0.4188,
compared to the baseline SVM (No OS) with Recall_pos
= 0.0909 and F1_pos = 0.1587. However, this
improvement in minority recall was accompanied by a
decrease in precision, where Precision_pos dropped from
0.6250 (No OS) to 0.2941 (OS), indicating an increase in
false positive predictions. As a result, the overall accuracy
also decreased to 0.8688. This quantitative comparison
highlights the inherent trade-off between minority recall
and false positives in imbalanced classification.
Therefore, model selection in clinical screening tasks
should prioritize minority-sensitive metrics such as
Recall_pos and F1_pos rather than relying solely on
accuracy.

It should be noted that this study focuses on validation-
based performance comparisons rather than formal
statistical significance testing. No hypothesis-based
statistical tests were conducted to quantify the
significance of the observed performance differences.
However, the improvements in Recall_pos and F1_pos
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were  consistently  observed across  baseline,
oversampling, and ensemble configurations, indicating a
stable and reproducible performance trend. In the context
of clinical screening, such consistent improvements in
minority-class detection are practically meaningful, as
they directly relate to reducing missed diagnoses. Future
work may incorporate repeated cross-validation and
statistical significance testing to further assess the
robustness of these performance differences.

C. Role of Soft-Voting Ensemble: Balancing Recall-
Precision Trade-offs

Oversampling can make certain classifiers overly
sensitive to the minority class (higher recall but lower
precision due to increased false positives). In such
conditions, soft-voting ensembles can help stabilize
predictions by combining probabilistic outputs from
complementary models. Based on your validation results,
SVM + RandomForest (Ensemble OS) produced the
highest F1_pos = 0.4932 with Recall_pos = 0.6545 and
Accuracy = 0.9125. This suggests a more balanced
minority-class performance than SVM(OS) alone, which
achieved the highest recall but much lower precision.
Thus, if the goal is to improve diabetes detection while
keeping false alarms at a manageable level, the SVM +
RandomForest (Ensemble OS) configuration is the most
suitable among the tested models, as it maximizes
F1_pos (a balance between precision and recall) while
maintaining reasonable accuracy.

In this study, a “manageable level” of false alarms
refers to a classification outcome in which the increase in
false positive predictions remains acceptable when
balanced against a substantial improvement in minority-
class detection. Specifically, the SVM + Random Forest
(Ensemble OS) configuration achieves a higher
Recall_pos (0.6545) while maintaining a moderate
Precision_pos (0.3956), resulting in the highest F1_pos
among the evaluated models. In clinical screening
contexts, false positives are generally more tolerable than
false negatives, as additional follow-up examinations can
be conducted to confirm diagnosis. Therefore, the
observed precision-recall balance of the proposed
ensemble is considered manageable and suitable for
early diabetes risk screening.

The differences observed among ensemble
configurations can be attributed to the complementary
characteristics of the base classifiers. The SVM +
Random Forest ensemble achieved a more balanced
performance because SVM effectively captures complex
decision boundaries, while Random Forest provides
stability through ensemble averaging and robustness to
noise. In contrast, ensembles involving Gradient Boosting
tended to exhibit either higher variance or sensitivity to
oversampled data, as boosting-based methods iteratively
emphasize misclassified samples, which may amplify
noise introduced by synthetic instances. Similarly,
combining all three models did not consistently improve
performance, as including multiple highly correlated
decision tree—based learners may reduce ensemble
diversity. These findings highlight that effective ensemble
performance depends not only on the number of

combined models but also on their complementary
learning behaviors.

Although oversampling is known to increase false
positive predictions by amplifying minority-class
sensitivity, the proposed ensemble framework helps
mitigate this limitation through probabilistic aggregation.
By combining predictions from classifiers with
complementary behaviors, the soft-voting ensemble
reduces overconfidence from individual models that may
become overly sensitive after oversampling. In particular,
while SVM (OS) exhibits very high recall with reduced
precision, the inclusion of Random Forest in the ensemble
contributes stabilizing effects by leveraging decision tree
averaging and robustness to noise. This interaction
results in a more balanced precision—recall trade-off,
indicating that the ensemble effectively suppresses
excessive false positives while preserving improved
minority-class detection.

D. Comparison with Related Studies

Any prior studies on diabetes prediction investigate (i)
resampling methods such as SMOTE variants, and/or (ii)
ensemble learning (including voting) to improve
classification performance. As summarized in Table 4,
these approaches generally report improvements in
overall accuracy and AUC compared to baseline models.
However, cross-paper numerical comparisons must be
interpreted carefully because datasets (e.g., PIMA vs.
CDC/BRFSS vs. local clinical cohorts), class distributions,
preprocessing steps, and evaluation protocols often differ,
which can substantially affect the reported performance
metric. The studies in Table 4 show that the most recent
diabetes prediction research focuses on addressing class
imbalance using SMOTE-based oversampling and
ensemble learning techniques, which consistently
improve model accuracy and AUC. Approaches such as
Random Forest, boosting, and hybrid resampling (e.g.,
SMOTE-Tomek) demonstrate strong performance in
detecting diabetes, although minority class metrics like
Recall and F1-score are still often underreported or
remain suboptimal. Compared with prior work, the
proposed method follows the same trend and achieves
competitive overall accuracy while improving sensitivity to
positive diabetes cases, indicating progress in reducing
false-negative predictions, an essential aspect for reliable
early diagnosis.

Compared with prior studies summarized in Table 4,
the proposed method differs in several key
methodological aspects. First, while most existing works
employ single-stage oversampling techniques such as
standard SMOTE and its variants, this study adopts a two-
stage hybrid strategy combining RandomOverSampler
and Borderline-SMOTE to address both severe class
imbalance and decision boundary refinement. Second,
regarding ensemble strategies, many related studies rely
on single classifiers or homogeneous ensembles,
whereas the proposed approach integrates
heterogeneous classifiers (SVM, Random Forest, and
Gradient Boosting) using a soft-voting scheme to
leverage complementary learning behaviors. Finally, in
contrast to studies that primarily report overall accuracy
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or AUC, this work emphasizes minority-sensitive metrics
such as Recall_pos and F1_pos, which are more relevant
for clinical screening scenarios. These distinctions
highlight the proposed framework's contribution to
improving minority-class detection while maintaining
balanced predictive performance. Several studies
summarized in Table 4 employ benchmark datasets with
relatively smaller sample sizes, such as the PIMA Indian
Diabetes Dataset. Compared with such datasets, the

DiaBD dataset used in this study contains 5,288 clinical
records, offering greater sample diversity and more
realistic class distributions. Prior research has shown that
larger and more diverse clinical datasets tend to support
more stable model training and reduce performance
variance caused by data sparsity. Therefore, differences
in reported performance across studies should be
interpreted in light of dataset scale and complexity, in
addition to methodological variations.

Table 6. Summary of Related Studies on Handling Class Imbalance in Diabetes Prediction

Author Method Dataset Reported Performance
BRFSS Survey Data Accuracy improved from 86% —
Siti et al [22] SMOTE + Random Forest (Kaggle) — diabetes risk  92%; for minority class: Precision

factors

96%, Recall 88%, F1-score 92%

Pradeepa etal SMOTE + Ensemble learning
[27] (AdaBoost / XGBoost)

Clinical diabetes dataset
(hospital-based)

AUC =0.968 + 0.015

Younseo etal SMOTE + RUS + Soft Voting
[80] Ensemble

Scikit-learn Diabetes
Dataset

Accuracy = 0.8764: AUC = 0.9227
(PMC)

Ganie et al Boosting ensemble + data
[81] preprocessing + upsampling

Pima Indian Diabetes
Dataset (UCI)

AUC = 0.950; Specificity = 0.934;
Accuracy = 88.84%; Precision =
84.32%; Sensitivity = 78.0% (PMC)

Sukamtoetal SMOTE-Tomek Links +
[82] Random Forest

Local healthcare
diabetes data (2,075
records)

Accuracy improved from 97% —
99.64% after applying SMOTE-
Tomek

Garcia-Ordas et
al. [83] vgarcia

Deep Learning (VAE + SAE
+ CNN) + Oversampling

PIMA Indian Diabetes
Dataset (UCI)

Accuracy 92.31%

ROS — Borderline-SMOTE +
Soft-Voting Ensemble

Proposed
Method

E. Key Advantages of This Study (Strengths /
Novelty)

1. Explicit two-stage oversampling design
Borderline-SMOTE)
Instead of using a single oversampling technique, the
proposed pipeline applies a structured two-step
strategy that improves minority representation and
targets hard boundary regions [72].

2. Leakage-safe training protocol
Scaling is performed with a MinMaxScaler fitted only
to the training set, and oversampling is also applied
only to the training set, preventing contamination of
validation/test  distributions  and preserving
evaluation validity [73].

3. Minority-focused evaluation aligned with clinical
screening needs
Rather than optimizing accuracy alone, the study
emphasizes Recall_pos and F1_pos, which are more
appropriate for imbalanced clinical prediction tasks
and safer in screening-oriented settings [74].

4. Ensemble as a practical solution to oversampling
trade-offs
The SVM + RandomForest soft-voting ensemble
achieved the highest F1_pos while maintaining
strong recall and acceptable accuracy, indicating a

(ROS-

DiaBD Dataset

Accuracy = 0.9125; Recall
(positive) = 0.6545; F1-score
(positive) = 0.4932

balanced operating point suitable for real screening
pipelines [75].
5. Use of the DiaBD dataset
Using DiaBD strengthens the relevance of the study
beyond overused small benchmarks and supports a
more realistic evaluation of larger tabular clinical data
[76].
F. Limitations and Future Work
Although oversampling improves minority recall, it may
increase false positives, especially for highly sensitive
models. Future work can explore decision-threshold
tuning, probability calibration, or cost-sensitive learning to
reduce false alarms while maintaining recall [77]. In
addition, employing stratified k-fold cross-validation can
yield more robust performance estimates compared to a
single hold-out split [78]. Finally, adding interpretability
analysis (e.g., feature importance/SHAP) would support
clinical trust and transparency [79].

V. Conclusion

This study proposes a Type 2 Diabetes Mellitus (T2DM)
classification framework on the DiaBD dataset (5,288
samples; binary target ‘diabetic’) by integrating
MinMaxScaler normalization (fitted only on the training
set) and class-imbalance handling via a two-stage hybrid
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oversampling  strategy = (RandomOverSampler —
Borderline-SMOTE) applied exclusively to the training
data to prevent data leakage. Under the baseline setting
without oversampling (No OS), the models tended to
achieve high overall accuracy but performed poorly at
detecting diabetic cases; for example, SVM (No OS)
reached an accuracy of 0.9374 while achieving only
0.0909 positive-class recall (Recall_pos) and 0.1587
positive-class F1 (F1_pos). After applying oversampling
(OS), minority detection improved substantially; SVM
(OS) achieved the highest Recall_pos of 0.7273 (F1_pos
= 0.4188), although this came with a trade-off in overall
accuracy (0.8688) due to increased false positives. To
obtain a more balanced performance on the minority
class, soft-voting ensembles provided a more stable
operating point; the best validation result was achieved by
the SVM + RandomForest (Ensemble OS) configuration,
with the highest F1_pos of 0.4932 and Recall_pos of
0.6545 at an accuracy of 0.9125. Overall, these results
indicate that combining two-stage hybrid oversampling
with ensemble learning is effective for improving T2DM
classification on imbalanced tabular data, and that model
selection should prioritize positive-class  metrics
(Recall_pos and F1_pos) rather than accuracy alone.
Future work will focus on strengthening the evaluation
using stratified k-fold cross-validation and reporting final
results on the test set, while further reducing false
positives through decision-threshold tuning, probability
calibration, or cost-sensitive learning. In addition,
interpretability analysis (e.g., feature importance/SHAP)
is recommended to improve transparency and support
clinical decision-making adoption.
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