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1. Introduction

ABSTRACT

Diabetes mellitus is a chronic disease with increasing global prevalence and
is frequently diagnosed at advanced stages due to minimal early symptoms.
Early detection based on clinical data is essential to prevent long-term
complications. However, machine learning-based diabetes classification
remains challenged by class imbalance, complex clinical features, and
limited interpretability. This study proposes an integrated, leakage-aware
classification pipeline that combines Synthetic Minority Oversampling
Technique (SMOTE), Boruta feature selection, and XGBoost modelling
within a 5-fold stratified cross-validation framework. The dataset consists
of 100,000 patient records with a 8.5% prevalence of diabetes. Evaluation
focused on metrics suitable for imbalanced data, particularly Recall and
Precision-Recall AUC (PR-AUC). On the hold-out test set, the proposed
model achieved a recall of 0.75, ROC-AUC of 0.977, and PR-AUC of
0.878. Cross-validation results showed stable performance (recall 0.740 *+
0.019; PR-AUC 0.872 + 0.009). SHAP-based interpretation identified
HbAlc, blood glucose, age, and BMI as dominant predictors, with
contribution patterns consistent with established clinical evidence. These
results demonstrate that the proposed framework provides accurate and
clinically interpretable diabetes risk prediction suitable for screening-
oriented applications. Nevertheless, the study is limited by the use of a
single-source, cross-sectional dataset without external validation, and
further multi-centre and longitudinal evaluation is required to confirm

generalizability.

© 2025 The Author(s).
This is an open access article under the CC-BY-SA license.

Diabetes mellitus is a chronic, non-communicable disease whose incidence continues to increase

annually. The increasing number of diabetes cases is a serious health problem, especially in developing

countries with limited healthcare resources. Diabetes often develops silently without visible signs in the

early stages, leading patients to delay diagnosis until complications develop. Therefore, early detection

of diabetes is a critical strategy to prevent further complications and help maintain patients' quality of

life.
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Recent advances in healthcare information systems have enabled the application of Machine Learning
(ML) techniques for disease prediction, including diabetes classification. ML algorithms can process
large-scale clinical data and model complex nonlinear relationships that traditional statistical approaches
may miss. Various algorithms have been used in diabetes classification research, including Logistic
Regression [1], Decision Trees [2]—[4], Random Forests [5]—[7], Multilayer Perceptrons (MLP) [8],
[9], and other methods.

Despite these advances, several methodological challenges remain. First, clinical diabetes datasets are
typically highly imbalanced, where non-diabetic cases substantially outnumber diabetic cases [10], [11].
Under such conditions, models may achieve high accuracy while failing to adequately detect the minority
class, which is clinically the most critical group [12], [13]. Therefore, relying solely on accuracy may

produce misleading conclusions in medical classification tasks.

Second, clinical datasets often contain features that are redundant, weakly relevant, or highly
correlated [14]. Including all available variables without systematic selection may increase model
complexity, reduce generalisation performance, and complicate interpretation [15]. Several studies have
performed model parameter optimisation or explored certain architectures, such as XGBoost
optimisation and variations in neural network structures [16], [17], however, there is still a lack of
something that systematically applies feature selection based on statistical relevance to ensure that the

features used truly contribute to diabetes prediction.

Third, interpretability has become an essential requirement in healthcare applications. High
predictive performance alone is insufficient if clinicians cannot understand the reasoning behind model
predictions. Explainable Artificial Intelligence (XAI) techniques, such as Shapley Additive exPlanations
(SHAP), have been increasingly used to interpret complex models [12], [13]. However, in many studies,
interpretability is treated as an auxiliary step rather than as an integral component of a systematically

designed modelling pipeline.

Previous research has shown significant progress in diabetes classification using Machine Learning,
particularly with the XGBoost algorithm and ensemble approaches [12], [17], [18], but still has
limitations. Studies that use XGBoost algorithms and explainability techniques have generally not
explicitly addressed issues of data imbalance or advanced feature selection. On the other hand, research
that achieves very high accuracy sometimes lacks adequate validation or uses the same training and test
data, which can potentially lead to overfitting and reduce the validity of the results. Some studies are

also limited to homogeneous datasets, and generalising models remains a challenge [12].

Based on this issue, a research gap can be identified: the lack of studies developing a diabetes
classification pipeline that is fully integrated by combining data imbalance handling, robust feature
selection, high-performance classification models, and model interpretability. Specifically, the use of
Synthetic Minority Oversampling Techniques (SMOTE) to address class imbalance, combined with
Boruta-based feature selection and an XGBoost model, has not yet been widely studied together within
a single systematic framework. Furthermore, model evaluation on imbalanced data should still focus on
metrics that are more clinically relevant, such as recall, ROC-AUC, and Precision-Recall AUC (PR-
AUQ), rather than just accuracy.
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The main contributions of this research include: 1) The development of a clinically-oriented
XGBoost-based framework for imbalanced diabetes classification; 2) The use of appropriate evaluation
metrics for imbalanced data; 3) Model interpretation based on SHAP to identify clinical factors that

significantly contribute to diabetes prediction.

2. Method

2.1. Research Stages

This research was conducted through an integrated pipeline that starts with clinical data
preprocessing, including checking for missing values, encoding categorical features, and splitting the data
into training and test sets using a stratified split (80:20) to maintain class proportions. Because the
dataset has a significant class imbalance, SMOTE was applied to the training data to improve the model's
sensitivity to the diabetes class. Next, feature selection was conducted using the Boruta algorithm to
identify the most relevant variables, ensuring only significant features were used in modelling. The
classification model was then built using XGBoost with a Repeated Stratified 5-Fold Cross-Validation
scheme to ensure stability and generalisation capability. Performance evaluation was conducted using
metrics relevant for imbalanced data, namely Recall, ROC-AUC, and PR-AUC, and analysed through
the confusion matrix and ROC-PR curves on a separate test set. Finally, the model's interpretability was
analysed using SHAP to explain feature contributions both globally and individually, so that the model
not only has high predictive performance but is also transparent and explainable. The complete research

workflow is shown in Fig. 1.

Feature Selection

Data Collection

—>

Data Preprocessing

> Train-Test Split

SMOTE on Training L

Data

(Boruta)

Model ) Final Evaluationon L Model Training
Interpretation e Test Set Cross-Validation (XGBoost)
(SHAP)

Fig. 1.Research Stages

2.2. Preprocessing Data

The data preprocessing stage is carried out to ensure the dataset is high-quality and ready for
modelling. This process aims to minimise potential bias and improve the stability of the classification
model. In this study, preprocessing includes checking for missing values, transforming categorical
features into numerical form, and splitting the data into training and testing sets using a stratified split

to maintain class proportions [19], [20].

2.2.1. Handling Missing Values

Handling missing values is an initial step in clinical data preprocessing because their presence can
affect the performance and stability of classification models [21], [22]. In this study, the number of

missing values for each feature was examined to ensure data completeness, as shown in Table 1.

The analysis results showed that there were no missing values in all the features used. However, an

imputation procedure was still prepared as a precautionary measure using mean-based imputation for
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numerical features. The dataset was then confirmed to be free of missing values and ready for the next

stage.

Table 1. Number of Missing Values in Each Feature

Feature Number of Missing

gender 0
age
hypertension
heart_disease
smoking_history
bmi
HbAlc_level

blood_glucose_level

S O O ©O o o o o

diabetes

Table 1 shows that all features have good data completeness, so no samples need to be removed due

to missing values.

2.2.2. Encoding Categorical Features

The dataset used contains several categorical features that machine learning algorithms cannot
directly process. Therefore, a process was performed to convert categorical features into numeric values
using label encoding, as shown in Table 2. The categorical features in the dataset are gender and smoking
history. The label encoding process maps each category to a unique numeric value. This approach was

chosen because it is simple and suitable for a relatively limited number of categories.

Table 2. Categorise Feature and Encoding Method

Feature Primitive Data Type Number of Categories Encoding Method
gender Categorical 3 Label Encoding
smoking_history Categorical 6 Label Encoding

After the encoding process, all features are numerical, allowing them to be used for feature selection

and classification.

2.2.3. Separation of Training Data and Test Data

After preprocessing, the dataset is split into training and test sets. The division is carried out using
an 80% training and 20% test split, with a stratified approach to maintain the proportions of the diabetes
and non-diabetes classes in both data subsets, as shown in Table 3. This approach aims to ensure that
the test data reflect the actual class distribution, making model performance evaluation more objective

and realistic.

Table 3. Training and Testing Data Distribution

Data Subset Sample Size Non-Diabetic Diabetes
Training (80%) 80.000 +73.200 +6.800
Testing (20%) 20.000 +18.300 +1.700

Total 100.000 91.500 8.500
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2.3. Handling Data Imbalance (SMOTE)

In the dataset used in this study, the class proportions are significantly imbalanced between the non-
diabetes and diabetes classes, as shown in Table 4. This condition can lead the model to achieve high
overall accuracy. However, it has a low ability to detect patients with diabetes, who are the most

important class in a medical context.

Table 4. Class Distribution before Handling Imbalance

Class Sample Size Presentase
Non-Diabetes (0) +91.500 +91.5%
Diabetes (1) +8.500 +8.5%
Total 100.000 100%

This distribution shows that the dataset has a significant class imbalance, so standard classification
approaches are likely to yield models biased toward the majority class. To address class imbalance, this
study uses the Synthetic Minority Oversampling Technique (SMOTE). Unlike simple oversampling
methods that duplicate minority data, SMOTE creates new samples by interpolating between
neighbouring minority data points.

2.3.1. Application of SMOTE on Training Data

To prevent data leakage, SMOTE was applied exclusively within each training fold during cross-
validation. In each fold, the training subset was separated from the validation subset, and SMOTE was
fitted and applied only to the training data. The validation subset retained the original class distribution
and was never involved in the resampling process. No resampling was performed on the independent
test set.

SMOTE generates synthetic minority samples by interpolating between neighbouring minority
instances, thereby balancing the class distribution in the training data [23]—[25]. This strategy enables
the model to capture better the characteristics of the minority class (diabetes) and improves sensitivity
(recall) without inflating performance estimates.

2.4. Boruta Feature Selection

This study applies a feature selection stage to identify variables that are truly relevant to diabetes
prediction. Feature selection is performed after preprocessing and before training the classification

model, so only the selected features are used in the subsequent modelling stage.

Boruta is a wrapper-based feature selection method that uses the Random Forest algorithm to
evaluate the importance of each feature [26]—[29]. The main principle of Boruta is to compare the
importance of original features with that of randomly generated shadow features. A feature is considered
important if its importance value is consistently higher than that of the shadow features. With this
approach, Boruta can identify all features relevant to the target variable, whether linear or nonlinear. To
prevent supervised data leakage, Boruta is applied independently within each training fold during cross-
validation. Specifically: 1) Boruta is fitted only using the training data in that fold; 2) Relevant features
are selected based solely on the training data; 3) The selected feature set is then applied to the validation
data without refitting. At no stage is the validation data used to determine feature relevance. This nested
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feature selection approach ensures that the reported performance metrics reflect the true generalisation

capability.
2.4.1. Implementation of Boruta on the Research Dataset

The Boruta algorithm is applied using a Random Forest Classifier with a weighting scheme to
account for class imbalance. The feature selection process is performed on all features generated by
preprocessing. The use of Boruta feature selection provides several key advantages, including: 1)
Reducing model complexity without losing important information; 2) Improving the stability of model
performance on test data; 3) Facilitating the interpretation of results, especially when combined with
interpretability methods such as SHAP. This study uses only high-relevance features, and the XGBoost
model built in the subsequent stage is expected to deliver better predictive performance and more

meaningful clinical interpretation.

2.5. Classification Modelling using XGBoost

Extreme Gradient Boosting (XGBoost) is an ensemble learning algorithm based on gradient-boosted
decision trees, widely used for modelling tabular data, including clinical data. XGBoost has strong
capabilities for capturing nonlinear relationships among variables, handling complex feature interactions,
and providing effective regularisation mechanisms to reduce the risk of overfitting. In diabetes
classification, the heterogeneous and imbalanced nature of the data makes XGBoost an appropriate

choice, as it is robust to variations in data distribution and delivers stable predictive performance.

2.5.1. Model Architecture and Parameters Used

The XGBoost model in this study used features selected by Boruta, namely age, BMI, HbAlc, and
blood_glucose_level. The use of selected features aims to ensure that the model learns only the most
relevant information for diabetes prediction.

The main parameters used in model training are shown in Table 5. These parameter settings were

chosen to balance model complexity and generalisation.

Table 5. XGBoost Model Parameters

Parameter Value
n_estimators 150 (CV) / 200 (final model)
max_depth 6
learning_rate 0.05
objective binary: logistic
eval_metric logloss
random_state 42

2.5.2. Model Training Scheme

Model training was conducted using a Repeated Stratified K-Fold Cross-Validation approach with
five folds (5-fold). This approach ensures that the distribution of diabetes and non-diabetes classes
remains proportional across folds, resulting in a more stable evaluation of model performance that is not
biased toward any particular subset of data. In each fold, the following steps were carried out sequentially:
1) Splitting the data into training and test sets based on the fold indices; 2) Applying SMOTE only to
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the training data to address class imbalance; 3) Training the XGBoost model using the SMOTE-

processed training data; 4) Evaluating the model's performance using the test data without resampling.

The exclusive application of SMOTE on the training data aims to prevent data leakage and maintain
the validity of model evaluation. The XGBoost model was trained on data optimised through two key
stages: handling class imbalance with SMOTE and feature selection with the Boruta algorithm. The
combination of these two approaches enables the model to be more sensitive in recognising diabetes
cases as the minority class, avoid learning from irrelevant features, and reduce model complexity without
compromising predictive performance.

This approach establishes a systematic, integrated modelling pipeline for diabetes classification.
Overall, the modelling stages in this study can be summarised as follows: 1) Classification models are
built using XGBoost; 2) Training data is optimised through SMOTE to address class imbalance; 3) Only
features resulting from Boruta selection are used in model training; 4) Validation is conducted using a

stratified cross-validation scheme.

This step serves as the basis for evaluating the model's performance, as discussed in the next section,
including the analysis of evaluation metrics and the interpretation of prediction results using the SHAP

approach.
2.6. Model Evaluation

Evaluating the performance of a classification model on clinical data with an imbalanced class
distribution requires metrics that accurately reflect the model's performance for the minority class. In
this study, the evaluation metrics focused on Recall, ROC-AUC, and Precision-Recall AUC (PR-AUC),

as these three are more relevant than accuracy alone in the medical context [30].

Recall measures a model's ability to identify patients who actually have diabetes correctly. Recall is
defined as the ratio of the number of true positive predictions to the total number of actual positive cases
[31]. In the medical field, recall plays an important role because misclassifying diabetic patients as non-

diabetic can lead to delayed diagnosis and increase the risk of serious health complications [32].

ROC-AUC is used to measure the model's ability to distinguish between the diabetes and non-
diabetes classes overall across various decision thresholds [33]. An ROC-AUC value close to 1 indicates

a very good level of class separability.

Precision-Recall AUC (PR-AUC) is a more representative metric for imbalanced data because it
specifically emphasises model performance on the positive class (diabetes) [34]. This metric differs from

ROC-AUC because it is more sensitive to changes in performance for the minority class.

2.6.1. Model Interpretability Using SHAP

In the field of health, especially in predicting chronic diseases such as diabetes, model accuracy alone
is not sufficient to ensure the acceptance and use of Machine Learning-based systems. Medical
professionals need a clear understanding of the reasons behind a prediction so that the model's results
can be trusted and used as a basis for clinical decision-making. Therefore, interpretability becomes an
important aspect in developing diabetes prediction systems that are not only accurate but also transparent

and explainable.

This study uses Shapley Additive exPlanations (SHAP) to improve model interpretability. SHAP is
a game-theoretic approach that estimates the contribution of each feature to the model's predictions by
comparing the change in output when a feature is included or excluded [35]-[37]. SHAP was chosen
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because it has several key advantages, namely: 1) Provides mathematically consistent interpretations; 2)
Can be applied to complex models such as XGBoost; 3) Capable of explaining predictions both globally
and individually.

Global interpretation is also used to identify the features that are overall most influential in predicting
diabetes across the entire dataset. In this study, global interpretation was conducted using the SHAP
Summary Plot and the SHAP Feature Importance Plot [38]—[40]. These plots show the distribution of
SHAP values for each feature, allowing the ranking of feature importance, the magnitude of each
feature's contribution to the prediction, and the variance of feature influence across all samples to be
observed.

In addition to global interpretation, SHAP is also used to explain predictions at the individual level
(Local Explanation) [41]. This approach allows analysis of how specific feature values in a patient
contribute to increases or decreases in the predicted probability of diabetes. Local interpretation is highly
relevant in a clinical context because it enables healthcare professionals to understand the reasons behind
the model's prediction in a specific patient's case, rather than relying solely on general population

patterns.

In this study, SHAP was integrated as the final step of the modelling pipeline, after the XGBoost
model was trained on data processed by class imbalance handling and feature selection. This approach

ensures that interpretation is performed on the final, optimised, and evaluated model.

3. Results and Discussion
3.1. Results of Data Imbalance Handling and Feature Selection

3.1.1. Class Distribution Before and After SMOTE Implementation

Before the modelling process, the class distribution in the training data is analysed to assess the
imbalance between the diabetes and non-diabetes classes, as shown in Table 6. Significant class imbalance
can bias the model toward the majority class and reduce its ability to detect the minority class. Therefore,
a comparison of class distributions is made before and after SMOTE is implemented to evaluate the

oversampling technique's effectiveness in balancing the training data.

Table 6. Class Distribution in Training Data Before and After SMOTE

Training Data Condition Non-Diabetes Diabetes
Before SMOTE +73.200 +6.800
After SMOTE +73.200 +73.200

Applying SMOTE produces a balanced class distribution in the training data, allowing the model to
learn patterns from both classes more fairly [42]. With a more balanced class distribution, the training
data becomes more representative for the model's learning process. This condition is particularly
important in the medical context, as errors in detecting diabetic patients (false negatives) can have serious
consequences due to delays in clinical treatment. To clarify the impact of SMOTE, a visualisation of
the class distribution before and after oversampling was conducted, as shown in Fig. 2. This visualisation
shows a significant difference in class proportions before SMOTE and a more balanced distribution after

SMOTE is applied to the training data.
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(b) Class distribution after SMOTE

Fig. 2. Class distribution before and after SMOTE (bar chart)

These results indicate that SMOTE successfully addressed class imbalance without removing the
original data from the majority class. With a more balanced class distribution, the model becomes more

sensitive to patterns representing diabetes patients.

3.1.2. Feature Selection Results Using the Boruta Algorithm

Before feature selection, the dataset contained 8 predictor variables, including demographic and
clinical variables. Although all of these features are potentially informative, using all features without
selection can increase model complexity and the risk of overfitting. The Boruta algorithm was applied
to identify features that are statistically relevant to the diabetes target variable. The selection results
showed that, out of the initial eight features, Boruta identified four main features that make significant
contributions to diabetes prediction: age, Body Mass Index, HbAlc level, and Blood glucose level as
shown in Fig. 3. Meanwhile, the other features were deemed irrelevant and removed from subsequent

modelling processes.
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Fig. 3. Correlation heatmap between Boruta features

These results indicate that metabolic clinical indicators play a more dominant role compared to
demographic factors or other disease histories. The exclusion of other features demonstrates that Boruta

can filter out less relevant or redundant features, retaining only the most important information.

3.2. Performance Evaluation Based on Key Clinical Metrics

To ensure the model's performance is not dependent on a specific data split, the evaluation was
conducted using 5-fold Stratified Cross-Validation as shown in Table 7. This approach maintains the
proportions of the diabetes and non-diabetes classes in each fold, making the evaluation results more
stable and better representative of the characteristics of imbalanced data. For each fold, the XGBoost
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model was trained on data that had undergone SMOTE and Boruta feature selection, then evaluated on
the test data using Recall, ROC-AUC, and PR-AUC metrics.

Table 7. Model Evaluation Results on Each Fold

Fold  Accuracy Precision Recall F1-Score = ROC-AUC MCC  PR-AUC
1 0.9640 0.8235 0.7329 0.7756 0.9750 0.7576 0.8691
2 0.9636 0.7974 0.7665 0.7816 0.9774 0.7620 0.8809
3 0.9652 0.8229 0.7518 0.7857 0.9781 0.7677 0.8800
4 0.9597 0.7719 0.7465 0.7590 0.9739 0.7371 0.8663
5 0.9620 0.7972 0.7424 0.7688 0.9766 0.7487 0.8752

Although accuracy is relatively high across all folds, the analysis focuses on Recall and PR-AUC,
which are more relevant for clinical data with imbalanced class distributions.

Table 8 summarises the mean and standard deviation of the evaluation metrics obtained from 5-fold
stratified cross-validation using the XGBoost + SMOTE model. The consistently high ROC-AUC and
PR-AUC values, along with low standard deviations across all metrics, indicate stable, reliable

performance in handling imbalanced diabetes classification.

Table 8. Average and Standard Deviation of Evaluation Metrics

Metric Mean Standard Deviation
Accuracy 0.9627 +0.0031
Precision 0.8085 +0.0404
Recall 0.7396 +0.0192
F1-Score 0.7716 +0.0147
ROC-AUC 0.9757 +0.0018
MCC 0.7528 +0.0177
PR-AUC 0.8720 +0.0085

The relatively small standard deviation values for most evaluation metrics indicate stable model
performance across the five cross-validation folds. In particular, ROC-AUC (+0.0018), PR-AUC
(+0.0085), and accuracy (+0.0031) demonstrate consistent discrimination capability and classification

stability.

However, precision shows comparatively higher variability (+0.0404). This variation is expected in
imbalanced datasets, where small fluctuations in the number of false positives across folds can
substantially affect precision. Despite this variability, recall (+0.0192) and F1-score (+0.0147) remain

relatively stable, indicating consistent performance in detecting the minority class.

Overall, the low variance observed in discrimination metrics suggests that the SMOTE-Boruta—
XGBoost pipeline generalises reliably across different data partitions. To further assess generalisation
performance, the final model was evaluated on the independent hold-out test set. Table 9 reports the
evaluation results of the final XGBoost + SMOTE + Boruta model on this unseen dataset.

Table 9. Diabetes Classification Model Performance

Model Recall ROC-AUC PR-AUC
XGBoost + SMOTE + Boruta 0.7500 0.9772 0.8781

Based on Table 9, the XGBoost model combined with SMOTE and Boruta achieved a recall of 0.75
on the hold-out test set, meaning that 75% of diabetic patients were correctly identified. While this
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reflects satisfactory sensitivity in detecting the minority class, it also implies that approximately 25% of
diabetic cases remained undetected. In absolute terms, out of 1,700 diabetic individuals in the test set,
around 425 cases would not be identified by the model. In clinical settings, false negatives are particularly
concerning, as undiagnosed diabetes may result in delayed intervention and an increased risk of long-
term complications. Therefore, although the recall value indicates reasonable screening capability, the
model should be viewed as a decision-support or prioritisation tool rather than a standalone diagnostic
system.

The ROC-AUC value of 0.9772 demonstrates strong discriminative performance across classification
thresholds, indicating that the model effectively separates diabetic and non-diabetic individuals. A value
close to 1 suggests stable ranking ability and consistent class separation. However, in imbalanced datasets,

ROC-AUC may yield an overly optimistic assessment because it focuses only on the majority class.

For this reason, PR-AUC is emphasised as a more informative metric in this context. The model
achieved a PR-AUC 0f 0.8781, substantially higher than the baseline value of approximately 0.085, which
corresponds to the prevalence of the positive class. This large improvement over baseline indicates that
the model maintains a strong balance between precision and recall when identifying diabetic patients.
Consequently, the integrated approach combining SMOTE, Boruta, and XGBoost enhances minority
class detection while preserving high overall discriminative ability.

3.2.1. Comparison with Baseline Model Without SMOTE

To evaluate the impact of imbalance treatment, a baseline XGBoost model without SMOTE was
trained using the same cross-validation scheme. Table 10 presents a comparison of average performance
across folds.

Table 10. Comparison of average performance across folds

Metric SMOTE No SMOTE Interpretation
Accuracy 0.9627 0.9717 No SMOTE higher
Precision 0.8085 0.9961 No SMOTE much higher
Recall 0.7396 0.6697 SMOTE higher
F1 0.7716 0.8009 No SMOTE slightly higher
ROC-AUC 0.9757 0.9770 Very similar
MCC 0.7528 0.8043 No SMOTE higher
PR-AUC 0.8720 0.8772 Very similar

A comparison between the SMOTE-enhanced model and the baseline model without imbalance
treatment reveals a clear trade-off. Although the baseline model achieved higher precision (0.9961) and
slightly higher overall accuracy (0.9717), its recall was substantially lower (0.6697). This indicates that

approximately 33% of diabetes cases would remain undetected without imbalance treatment.

After applying SMOTE, recall increased to 0.7396, reducing the proportion of missed diabetes cases
from approximately 33% to 26%. In a clinical screening context, false negatives are more critical than
false positives because delayed diagnosis may lead to severe complications. Therefore, the improvement
in recall enhances the clinical relevance of the proposed model. Although precision decreased after
applying SMOTE, the model maintained strong discriminatory capability, as demonstrated by
comparable ROC-AUC (0.9757 vs 0.9770) and PR-AUC (0.8720 vs 0.8772) values. This suggests that
SMOTE improves minority class detection without significantly degrading overall discrimination
performance. The baseline model achieved a higher MCC (0.8043) than the SMOTE model (0.7528),
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indicating a stronger overall correlation between predicted and true labels. However, given the clinical

priority of minimising false negatives, the improved recall achieved with SMOTE provides a more
balanced, clinically meaningful performance.

Therefore, the choice between the two approaches depends on the intended application: the baseline

model offers stronger overall performance, whereas the SMOTE-enhanced model provides improved
sensitivity to diabetes cases.

Fig. 4 presents a boxplot comparison of cross-validation metrics for models with and without
SMOTE, highlighting the consistent improvement in recall after applying imbalance handling.
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Fig. 4. Boxplot comparison of cross-validation metrics (accuracy, precision, recall, F1-score, ROC-AUC, MCC,
and PR-AUC) for XGBoost models with and without SMOTE.

3.2.2. Confusion Matrix Analysis

A confusion matrix provides a detailed overview of the model's predictions on test data, including

the counts of true positives, true negatives, false positives, and false negatives, as shown in Fig. 5.

Confusion Matrix (Test Set)
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Fig. 5.XGBoost Confusion Matrix on Test Data

Hardiyanti P and Harahap (An interpretable machine learning framework for diabetes classification on imbalanced clinical data)



Science in Information Technology Letters

ISSN 2722-4139 Vol. 6., No. 2, November 2025, pp. 124-146

137

The confusion matrix analysis shows that the model achieved high specificity (98.6%), indicating
that non-diabetic patients were rarely misclassified. Only 261 out of 18,300 non-diabetic individuals were

falsely predicted as diabetic, corresponding to a low false positive rate (1.4%).

From a clinical perspective, false positives may lead to additional laboratory testing or follow-up

examinations, which could increase short-term healthcare costs but generally pose minimal medical risk.

In contrast, false negatives represent undiagnosed cases of diabetes. The model produced 425 false
negatives out of 1,700 actual diabetes cases, yielding a false-negative rate of 25%. Clinically, false
negatives are more concerning because delayed diagnosis may postpone intervention and increase the

risk of complications such as cardiovascular disease, nephropathy, neuropathy, and retinopathy.

Although the achieved recall of 0.75 demonstrates strong detection capability for an imbalanced
dataset, further threshold optimisation may be considered in future research to prioritise sensitivity

depending on screening objectives.

3.2.3. ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curve is used to evaluate a model's ability to distinguish
between diabetes and non-diabetes classes at various threshold values, as shown in Fig. 6. This curve
visualises the relationship between the True Positive Rate (Recall) and the False Positive Rate, allowing

it to be used to assess the overall class separability.

ROC Curve - XGBoost + SMOTE + Boruta
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False Positive Rate

Fig. 6.ROC curve on the hold-out test set showing strong discriminative performance (AUC = 0.9772).

Based on the test data, the ROC curve shows a pattern approaching the top-left corner, with an
ROC-AUC of 0.977. This high value indicates that the pipeline used can form a clear decision boundary
between the two classes. However, for data with significant class imbalance, ROC-AUC alone is
insufficient to characterise the model's performance on the minority class, so additional analysis using
the precision-recall curve is needed.

3.2.4. Precision—Recall Curve Analysis

The Precision-Recall (PR) curve provides a more relevant overview in evaluating model performance
on imbalanced data because it directly focuses the analysis on the positive class, which is diabetes patients.
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This curve shows the relationship between precision and recall at various threshold values, as shown in
Fig. 7.

Precision-Recall Curve - XGBoost + SMOTE + Boruta
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Fig. 7. Precision-Recall Curve

The PR curve results show that the model maintains a relatively high precision value across various
recall levels, with a PR-AUC of 0.8781. The curve is well above the baseline line, representing the
proportion of positive cases in the dataset. The high PR-AUC value indicates a good balance between
precision and recall, and demonstrates that the model can effectively detect diabetic patients without

significantly increasing errors.

3.2.5. Cross-Validation and Hold-Out Consistency Analysis

The performance obtained on the hold-out test set closely aligns with the cross-validation results
reported in Table 8. For instance, the cross-validation recall (0.7396 + 0.0192) is consistent with the test
recall (0.7500), while ROC-AUC values differ by less than 0.002 (0.9757 vs 0.9772). Similarly, PR-AUC
slightly increased from 0.8720 during cross-validation to 0.8781 on the test set.

This close agreement indicates that the proposed SMOTE-Boruta—XGBoost pipeline generalises well
to unseen data and does not exhibit signs of overfitting or data leakage. Cross-validation provides an
estimate of model stability across different data partitions, whereas hold-out testing offers an unbiased
assessment of model performance on completely unseen data. The consistency between these evaluation
strategies strengthens confidence in the robustness and reliability of the proposed framework for

potential clinical screening applications.
3.3. Model Interpretation Based on SHAP

3.3.1. Identifying the Most Influential Features for Diabetes Prediction

To understand the factors contributing to the diabetes classification model's decisions, an
interpretability analysis was conducted using the Shapley Additive Explanations (SHAP) method, as
shown in Fig. 8. This approach allows for the quantitative, consistent identification of each feature's
contribution to the model's predictions. Global analysis was conducted using SHAP Summary Plot and
SHAP Feature Importance (mean absolute SHAP value) to identify the features that contribute the
most to overall diabetes predictions.
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Fig. 8. SHAP Summary Plot (Global Importance / Beeswarm)

The SHAP Summary Plot results show that four main features have a dominant influence on diabetes
prediction, namely HbAlc_level, blood_glucose_level, age, and bmi. The order of feature importance,
based on mean absolute SHAP values, indicates that HbA1c_level is the most influential factor, followed
by blood_glucose_level, age, and bmi. These findings are consistent with the feature importance results
from the XGBoost model, showing consistency between the SHAP-based interpretability approach and

the model's internal mechanism.

3.3.2. Analysis of Individual Contributions

Further analysis of the direction of feature influence was carried out using SHAP dependence plots.
Fig. 9 shows how the values of certain features contribute positively or negatively to the probability of a

diabetes prediction.
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Fig. 9. SHAP Contribution Plot

The contribution plot shows that the model's predictions result from the accumulation of positive
and negative contributions from each feature. For patients predicted to have diabetes, the HbAlc_level
and blood_glucose_level values generally provide the largest positive contributions to the probability of
the diabetes class. Meanwhile, features with values below the clinical threshold can make negative

contributions, reducing the predicted probability.

This approach allows for case-based interpretation, enabling medical professionals to understand the
specific reasons behind the model's decisions for a particular patient. Thus, the model does not function

as a black box but rather as a transparent, clinically auditable system.
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3.3.3. Direction of Influence and Nonlinear Relationship of Dominant Features

To understand how changes in feature values aftect the probability of a diabetes prediction, an analysis

was conducted using a SHAP Dependence Plot on the dominant features.

The HbAlc_level feature, as shown in Fig. 10, makes the largest contribution to diabetes prediction.
Higher HbAlc values consistently yield positive SHAP contributions, indicating they increase the
model's probability of predicting the patient as diabetic. This reflects the role of HbA1lc as a key indicator
of long-term glycemic control, which is clinically used to diagnose diabetes [43], [44]. The SHAP value
distribution shows that patients with HbAlc above the normal threshold have a much higher risk
contribution than those with HbAlc below it. [45] These findings confirm that the model appropriately

utilises HbA1c information and aligns with established clinical practice.
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Fig. 10. SHAP Dependence Plot HbAlc_level

The blood_glucose_level feature ranks second in its contribution to diabetes prediction, as shown in
Fig. 11. SHAP analysis indicates that higher blood glucose levels are positively correlated with a higher
probability of diabetes. High blood glucose values generate significant positive SHAP contributions,
indicating the strong role of this feature in the model's decisions [38]. Clinically, blood glucose levels
are a direct indicator of a patient's glucose metabolism status [46]. The consistency between SHAP
results and medical understanding suggests that the model can recognise relevant physiological

relationships rather than merely random statistical patterns.
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Fig. 11. SHAP Dependence Plot — blood_glucose
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Fig. 12 shows a positive association with diabetes prediction, with higher SHAP values for older
individuals. This indicates that older age increases the likelihood that a patient will be classified as
diabetic by the model [47]. This interpretation aligns with the literature, which states that the risk of
diabetes rises with age due to decreased insulin sensitivity and metabolic changes [48]—[50]. Although
its contribution is not as significant as that of HbAlc or blood glucose levels, age still consistently
influences the model's predictions.
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Fig. 12. SHAP Dependence Plot — age

The BMI feature, as shown in Fig. 13, also makes a positive contribution to diabetes prediction,
particularly at higher BMI values. SHAP analysis shows that an increase in body mass index raises the
probability of diabetes prediction, reflecting the relationship between obesity and insulin resistance [51]—
[53]. Although the contribution of BMI is relatively small compared with that of HbAlc and blood
glucose levels, this feature still plays an important role in enriching the clinical context of the model's
predictions. This indicates that the model does not rely solely on biochemical indicators but also

considers medically relevant anthropometric factors.
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Fig. 13. SHAP Dependence Plot — bmi

SHAP-based interpretation shows that clinically validated diabetes risk factors drive the model's
decisions. This indicates that the model is not entirely a black box, but rather produces predictions that
can be explained and medically justified.
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These findings reinforce that the developed diabetes classification model not only has high predictive
performance but also can provide explanations that align with clinical knowledge, making it potentially

useful as a clinical decision support system.

3.4. General Discussion and Clinical Implications

The findings demonstrate that integrating class imbalance handling, feature selection, and gradient-
boosting-based modelling can yield stable, clinically meaningful predictive performance for diabetes
classification. The achieved recall and PR-AUC values suggest that the model can identify a substantial

proportion of diabetic individuals while maintaining balanced precision.

From a clinical perspective, however, the implications of misclassification must be carefully
considered. A recall of 0.75 indicates that approximately one quarter of diabetic cases remain undetected.
In the hold-out test set, this corresponds to approximately 425 missed cases among 1,700 diabetic
patients. False negatives are particularly concerning because undiagnosed diabetes may delay treatment
initiation and increase the risk of long-term complications such as cardiovascular disease, nephropathy,

and neuropathy.

At the same time, the model produces fewer false positives. Although false positives may result in
additional laboratory testing or temporary patient anxiety, their clinical consequences are generally less
severe than missing true diabetic cases. In large-scale screening contexts, this trade-off is often
considered acceptable, as confirmatory testing can resolve uncertain cases with relatively low risk.
Therefore, the model should not be viewed as a standalone diagnostic tool but rather as a screening or

risk stratification system that supports further confirmatory evaluation.

The strong discriminative performance can be attributed to XGBoost's ability to effectively capture
nonlinear relationships and feature interactions, which are commonly present in metabolic disorders. Its
built-in regularisation and robustness to correlated clinical variables likely contributed to the stable

performance observed across cross-validation folds.

The integration of SHAP-based interpretability further enhances the model's clinical relevance by
enabling transparent explanations of prediction drivers. This transparency is essential for building trust
among healthcare professionals and ensuring that algorithmic recommendations remain aligned with

established medical knowledge and decision-making processes.

Overall, the proposed framework demonstrates potential as a decision-support system to assist early
diabetes risk identification, particularly in large-scale population screening scenarios where efficient

resource allocation is critical.

4. Conclusion

This study presents an integrated and clinically interpretable machine learning pipeline for diabetes
classification that combines imbalance handling (SMOTE), robust feature selection (Boruta), and
gradient boosting (XGBoost) within a unified framework. By emphasising evaluation metrics suitable
for imbalanced medical data, particularly recall and PR-AUC, the proposed approach demonstrates its
effectiveness for minority-class detection while maintaining strong discriminative performance. The
integration of SHAP further strengthens the framework by ensuring transparent and clinically
meaningful model explanations aligned with established diabetes risk factors. Despite these

contributions, several limitations should be acknowledged. The dataset was derived from a single source
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and represents static, cross-sectional data, limiting generalizability across diverse populations. External
validation on independent cohorts was not conducted, and the model has not yet been evaluated in real-
world clinical settings. In addition, decision thresholds were not optimised for clinical cost
considerations, which may affect the balance between false negatives and false positives in practical
applications. Future research should focus on multi-centre and longitudinal datasets, prospective
external validation, and threshold optimisation tailored to specific clinical objectives. Investigating cost-
sensitive learning strategies and real-world integration into hospital-based clinical decision support

systems would further enhance the translational potential of the proposed framework.
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