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Abstract—Diabetes mellitus is a chronic metabolic disorder that continues to pose significant health challenges
worldwide due to its increasing prevalence and potential complications. Early and accurate identification of
diabetes is essential to support timely intervention and effective disease management. Recent advances in machine
learning have enabled the development of intelligent classification systems; however, many predictive models still
suffer from limited interpretability, reducing their applicability in clinical environments. Therefore, this study
proposes an explainable diabetes classification framework using machine learning algorithms and SHapley
Additive exPlanations (SHAP) analysis on clinical laboratory data. The dataset consists of 1,000 patient records
containing demographic and laboratory attributes, including age, gender, glycated hemoglobin (HbAlc),
cholesterol, triglycerides, lipoprotein levels, creatinine, urea, and body mass index (BMI). Four machine learning
algorithms, namely Decision Tree, Random Forest, Support Vector Machine (SVM), and Extreme Gradient
Boosting (XGBoost), were developed and evaluated. The performance of each model was assessed using
Accuracy, Precision, Recall, F1-Score, Classification Report, and Confusion Matrix. Experimental results indicate
that Random Forest and XGBoost achieved the highest classification accuracy of 98.5%, outperforming Decision
Tree (98.0%) and SVM (94.5%). Due to its strong predictive capability and compatibility with explainable
artificial intelligence techniques, XGBoost was selected for further SHAP analysis. The SHAP results successfully
identified the most influential features contributing to diabetes classification and provided transparent explanations
regarding model predictions. The proposed framework demonstrates that combining machine learning algorithms
with explainable artificial intelligence improves predictive accuracy and interpretability, supporting reliable
clinical decision-making for diabetes diagnosis.
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1. INTRODUCTION

Diabetes mellitus has become one of the most serious global health challenges because its prevalence continues to
rise across both developed and developing countries [1]-[5]. Recent global evidence shows that more than 800
million adults were living with diabetes in 2022, and more than half of adults over 30 years old with diabetes were
not receiving treatment [6]-[8]. This condition is concerning because diabetes is not only related to high blood
glucose, but also to long-term complications involving the heart, kidneys, nerves, blood vessels, and eyes [9]-[12].
The increasing burden of diabetes creates pressure on healthcare systems, especially in countries with limited
access to early screening, laboratory testing, and continuous disease monitoring [13]-[15]. Early diagnosis is
therefore essential to prevent severe complications and reduce treatment costs [16]. In clinical practice, laboratory
indicators such as glycated hemoglobin (HbALc), lipid profile, kidney function markers, and body mass index are
commonly used to support diabetes assessment [17]-[20]. However, these variables often interact in complex and
non-linear ways, making manual interpretation difficult. Therefore, the use of machine learning has become
increasingly relevant to support diabetes classification and improve data-driven clinical decision-making.

The main problem in diabetes classification is not only how to build a model with high predictive accuracy,
but also how to make the prediction understandable for clinical users [21]-[23]. Many machine learning algorithms
can identify hidden patterns in clinical laboratory data, yet complex models such as ensemble methods and
boosting algorithms are often considered black-box systems [24]. This creates a challenge because healthcare
professionals need to understand why a patient is classified as diabetic, non-diabetic, or pre-diabetic before trusting
the model output [25]. In addition, clinical datasets may contain heterogeneous variables, different measurement
scales, label inconsistencies, and imbalanced class distributions. These issues can affect model performance and
reduce the reliability of prediction results [26]. A model that only reports accuracy is insufficient for medical
research because it does not explain which features contribute most strongly to the classification [27]. For example,
HbAlc, BMI, cholesterol, triglycerides, creatinine, and urea may have different effects on each prediction [28].
Therefore, diabetes classification research requires a combined approach that compares several machine learning
algorithms and applies explainable artificial intelligence to interpret the best-performing model.
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Several recent studies have investigated the application of machine learning and explainable artificial
intelligence (XAI) for diabetes prediction. Hasan et al. (2025) integrated Automated Machine Learning and
Explainable Artificial Intelligence to improve diabetes risk prediction and model interpretability, demonstrating
the growing importance of transparent predictive systems in healthcare [29]. Kutlu et al. (2024) employed
XGBoost and SHAP to enhance interpretability in diabetes risk assessment and highlighted the importance of
understanding model decision-making processes beyond predictive performance alone [30]. Islam et al. (2024)
proposed an explainable machine learning framework for type 2 diabetes classification and demonstrated that
machine learning models can achieve high performance while maintaining explainability through SHAP-based
analysis [31]. Netayawijit et al. (2025) emphasized the growing trend of interpretable machine learning
frameworks for diabetes prediction and reported that balancing predictive accuracy and explainability remains a
challenging research problem [32]. Rafie et al. (2025) utilized XGBoost combined with explainable Al techniques
and identified important predictive factors through SHAP analysis, showing the effectiveness of interpretable
ensemble learning approaches for diabetes prediction [33]. Agarwal et al. (2025) conducted a comparative study
integrating XGBoost with explainable Al techniques and evaluated several machine learning algorithms using
performance metrics such as accuracy, precision, recall, F1-score, and AUC-ROC [34]. Ahmad et al. (2026)
developed a stacked ensemble model enhanced with SHAP explainability for early-stage diabetes prediction and
demonstrated that explainable models can provide valuable insights into disease diagnosis [35]. Although these
studies have contributed significantly to the field, most of them focus on public benchmark datasets such as the
Pima Indians Diabetes Dataset or demographic health datasets. Furthermore, limited studies have simultaneously
compared Decision Tree, Random Forest, Support Vector Machine, and XGBoost using clinical laboratory data
while incorporating SHAP-based explainability to interpret model predictions. Therefore, a research gap remains
in developing a comprehensive explainable diabetes classification framework that combines comparative machine
learning analysis with SHAP interpretation on clinical laboratory datasets, providing both predictive performance
and clinical interpretability.

To address this problem, this study proposes an explainable diabetes classification approach using machine
learning algorithms and SHAP analysis on clinical laboratory data. The workflow begins with data preprocessing,
including removing irrelevant identity columns, encoding categorical variables, encoding the target class,
standardizing numerical features, and dividing the dataset into training and testing sets. Several machine learning
algorithms are then trained and compared, namely Decision Tree, Random Forest, Support Vector Machine, and
XGBoost. These algorithms are selected because they represent different classification mechanisms, ranging from
rule-based tree structures to ensemble learning, margin-based classification, and gradient boosting. Model
performance is evaluated using accuracy, precision, recall, F1-score, classification reports, and confusion matrices.
The best-performing model is then interpreted using SHAP to identify which clinical features contribute most
strongly to diabetes classification. Through SHAP summary and beeswarm plots, the model becomes more
transparent because each feature contribution can be visually examined. This approach is expected to produce a
predictive model that is not only accurate but also explainable and clinically meaningful.

The main objective of this study is to develop an explainable diabetes classification model using machine
learning algorithms and SHAP analysis based on clinical laboratory data. Specifically, this study aims to compare
the performance of Decision Tree, Random Forest, SVM, and XGBoost in classifying diabetes status, determine
the best-performing algorithm, and interpret the contribution of each clinical feature to the prediction result. This
research also aims to demonstrate that explainability is an important component in medical machine learning,
especially when the model is intended to support clinical decision-making. The expected contribution of this study
is a classification framework that can help identify diabetes status more accurately while providing understandable
explanations for each prediction. The findings are expected to support early screening, improve awareness of
influential laboratory indicators, and strengthen trust in data-driven healthcare systems. In addition, this study can
serve as a foundation for future research that uses larger datasets, external validation, and more advanced
explainable artificial intelligence methods for diabetes diagnosis and risk prediction.

2. RESEARCH METHODS

This study employed a quantitative experimental approach to develop an explainable machine learning framework
for diabetes classification using clinical laboratory data. The proposed framework consists of several stages,
including data collection, data preprocessing, machine learning model development, model evaluation, and
explainability analysis using SHapley Additive exPlanations (SHAP). Four machine learning algorithms, namely
Decision Tree, Random Forest, Support Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost), were
utilized and compared to identify the most effective model for diabetes classification. The overall research
framework is illustrated in Figure 1.
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Figure 1. Research methodology workflow

Figure 1 illustrates the research methodology workflow used in this study. The process begins with data collection,
where clinical laboratory data consisting of 1,000 patient records and 14 attributes were obtained. The data were
then processed through data preprocessing, including removing non-relevant identification columns, encoding
categorical variables, encoding the target class, and standardizing numerical features. After preprocessing, the
dataset was divided into 80% training data and 20% testing data to support model development and evaluation.
The next stage involved machine learning modeling, where four classification algorithms were trained and
compared, namely Decision Tree, Random Forest, Support Vector Machine, and XGBoost. Each model was
evaluated using accuracy, precision, recall, F1-score, classification report, and confusion matrix. The model with
the highest performance was then selected as the best model for further analysis. Finally, SHAP analysis was
applied to explain the contribution of each clinical feature to the prediction results, followed by the interpretation
of results to identify the most influential variables and provide clinically meaningful insights for diabetes
classification.
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2.1 Data Collection

This study used a clinical laboratory diabetes dataset obtained in Excel format. The dataset consisted of 1,000
records and 14 initial attributes, including patient identification variables, demographic information, and
laboratory measurement variables. The clinical features included Gender, AGE, Urea, Creatinine, HbAlc,
Cholesterol, Triglycerides, HDL, LDL, VLDL, BMI, and CLASS as the target label. The target variable
represented the diabetes classification status of each patient. Since the study focused on predictive modeling and
explainability, only clinically relevant variables were retained for further analysis, while identification attributes
were excluded from the modeling process.

2.2 Data Preprocessing

Data preprocessing was conducted to improve data quality and ensure optimal model performance. Initially,
irrelevant attributes such as ID and No_Pation were removed from the dataset. Categorical variables such as
Gender were transformed into numerical values using Label Encoding. Similarly, the target variable CLASS was
encoded into numerical form to support machine learning algorithms. Furthermore, feature scaling was applied
using StandardScaler to normalize numerical features. The standardization process is defined as:

X—u

Z 1)

o

where: X represents the original value, p represents the mean, o represents the standard deviation.

This step ensures that all features contribute equally to the model and improves the performance of distance-based
and gradient-based algorithms.

2.3 Dataset Splitting

The dataset was divided into training and testing sets using an 80:20 ratio. Specifically, 80% of the data (800
samples) were used for model training, while 20% (200 samples) were used for testing. A random state parameter
was applied to ensure reproducibility of the experimental results. The dataset splitting can be expressed as:

Dirgin = 80%, Dyese = 20%
2.4 Machine Learning Modeling

This study employs multiple machine learning algorithms to perform diabetes classification, including Decision
Tree, Random Forest, Support Vector Machine (SVM), and XGBoost. Decision Tree is used as a baseline model
due to its interpretability. Random Forest is an ensemble learning method that combines multiple decision trees to
improve prediction stability, with 200 estimators used in this study. Support Vector Machine (SVM) utilizes a
Radial Basis Function (RBF) kernel to handle nonlinear relationships in the data. Meanwhile, XGBoost is applied
as a gradient boosting algorithm with the following parameters: 200 estimators, maximum depth of 5, learning rate
of 0.1, subsample ratio of 0.8, and column sampling rate of 0.8. All models were trained using the same training
dataset to ensure a fair comparison of performance.

2.5 Performance Evaluation

Model performance was evaluated using standard classification metrics, including accuracy, precision, recall, and
F1-score [36]-[39].

A _ TP +TN @)

CoUracy =Tp TN + FP + FN
TP
Precision — 3
recision = ~FP 3)
TP
e — 4
Recall TPEFN 4

Fl—s _ Precision x Recall (5)
core=zax Precision + Recall

Where: True Positive (TP) refers to the number of correctly predicted positive cases, while True Negative (TN)
represents the number of correctly predicted negative cases. False Positive (FP) indicates cases that are incorrectly
predicted as positive, and False Negative (FN) represents cases that are incorrectly predicted as negative. Precision
measures the proportion of correctly predicted positive observations among all predicted positive cases. Recall
measures the proportion of correctly identified positive cases among all actual positive cases. Accuracy represents
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the overall proportion of correct predictions, while F1-score is the harmonic mean of precision and recall,
providing a balance between both metrics, especially in imbalanced datasets.

2.6 SHAP Analysis

SHAP (SHapley Additive exPlanations) was used to interpret the predictions of the machine learning model. SHAP
is based on cooperative game theory and assigns each feature an importance value for a particular prediction. The
SHAP value is mathematically defined as:

S'(n—|S| - 1)!
oi= Y PROZEE D suw - ©

SCN{i}

where:

@i is the contribution of feature i,

N is the set of all features,

S is a subset of features,

f(S) is the model prediction based on subset S.

SHAP summary plots were used to evaluate global feature importance, while SHAP beeswarm plots were used to
analyze the impact of each feature on individual predictions.

2.7 Interpretation of Results

The final stage involves interpreting both the predictive performance and the explainability results. The best-
performing model was selected based on evaluation metrics, particularly accuracy. The SHAP analysis was then
used to identify the most influential clinical features affecting diabetes prediction. These findings provide insights
into the relationship between clinical variables and diabetes risk. This interpretability enhances the transparency
of the machine learning model and supports the application of Explainable Artificial Intelligence (XAl) in clinical
decision-making systems.

3. RESULTS AND DISCUSSION
3.1 Dataset Characteristics

The clinical laboratory dataset used in this study consisted of 1,000 patient records containing demographic and
laboratory measurement attributes associated with diabetes mellitus. After removing non-relevant identification
attributes, the dataset contained clinical features including Gender, Age, Urea, Creatinine (Cr), HbAlc, Cholesterol
(Chol), Triglycerides (TG), High-Density Lipoprotein (HDL), Low-Density Lipoprotein (LDL), Very Low-
Density Lipoprotein (VLDL), and Body Mass Index (BMI). These variables are commonly utilized in clinical
practice to evaluate metabolic conditions and diabetes risk.

Prior to model development, preprocessing procedures were applied to improve data quality and ensure
compatibility with machine learning algorithms. Categorical variables were transformed into numerical
representations using label encoding, while numerical attributes were standardized using StandardScaler. This
normalization process reduced the influence of differing measurement scales and facilitated more effective
learning by the classification algorithms. The dataset was subsequently divided into training and testing subsets
using an 80:20 ratio. The training subset contained 800 records and was used to develop the machine learning
models, while the testing subset consisted of 200 records used to evaluate model performance. This experimental
design ensured a fair and unbiased assessment of each classification model. The processed dataset provided a
reliable basis for comparing machine learning algorithms and conducting explainability analysis through SHAP.

3.2 Comparative Performance of Machine Learning Models

To identify the most effective classifier for diabetes prediction, four machine learning algorithms were evaluated,
namely Decision Tree, Random Forest, Support Vector Machine (SVM), and XGBoost. The performance of each
model was measured using Accuracy, Precision, Recall, and F1-Score.

Table 1. Performance Comparison of Machine Learning Models

Model Accuracy Precision Recall F1-Score
Decision Tree 0.980 0.980 0.980 0.980
Random Forest 0.985 0.985 0.985 0.985
SVM 0.945 0.945 0.945 0.944
XGBoost 0.985 0.985 0.985 0.985
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Based on Table 2, Random Forest and XGBoost achieved the highest classification performance, both obtaining
an accuracy of 98.5%. These results indicate that ensemble learning techniques outperform conventional
classification approaches when applied to clinical laboratory data. The ability of ensemble methods to aggregate
multiple decision structures allows them to capture complex nonlinear relationships among clinical variables more
effectively.

Decision Tree also produced excellent performance with an accuracy of 98.0%, demonstrating that the
clinical features contained strong discriminative information. However, its performance remained slightly lower
than that of Random Forest and XGBoost due to its susceptibility to overfitting. In contrast, SVM achieved an
accuracy of 94.5%, which was the lowest among the evaluated models. Although SVM is widely recognized as an
effective classifier, its performance may be influenced by the characteristics of the dataset and parameter settings.
The results demonstrate that XGBoost and Random Forest provide the most reliable predictive performance for
diabetes classification based on clinical laboratory measurements.

3.3 Confusion Matrix Analysis

To further evaluate the classification performance of each model, confusion matrix analysis was conducted. The
confusion matrix provides detailed information regarding correctly and incorrectly classified observations.

Confusion Matrix - Decision Tree Confusion Matrix - Random Forest
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Figure 2. Confusion Matrix — Decision Tree Figure 3. Confusion Matrix — Random Forest

The Decision Tree confusion matrix (Figure 2) demonstrates that the model successfully classified the majority of
instances across all classes. Only a small number of misclassifications were observed, contributing to the high
overall accuracy of 98.0%. Random Forest (Figure 3) achieved superior classification performance with very few
classification errors. The confusion matrix indicates strong predictive consistency across all diabetes categories.
The ensemble mechanism effectively reduced variance and improved classification stability.

Confusion Matrix - SVM Confusion Matrix - XGBoost
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Figure 4. Confusion Matrix — SVM Figure 5. Confusion Matrix — XGBoost
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The confusion matrix of the SVM model (Figure 4) reveals a higher number of misclassifications compared to the
other models. Although the overall accuracy remained acceptable, the model showed limitations in distinguishing
certain diabetes categories, which contributed to its lower performance. The XGBoost confusion matrix (Figure
5) exhibited excellent classification capability with only a minimal number of errors. The model successfully
identified the majority of diabetic, pre-diabetic, and non-diabetic instances. These findings confirm the robustness
of XGBoost in handling clinical laboratory data and justify its selection for subsequent explainability analysis.

Overall, the confusion matrix results are consistent with the quantitative evaluation metrics and further
demonstrate the effectiveness of ensemble learning approaches for diabetes classification.

3.4 SHAP-Based Explainability Analysis

Although predictive performance is important, model interpretability is equally critical in healthcare applications.
Therefore, SHapley Additive exPlanations (SHAP) were employed to provide transparent explanations regarding
the predictions generated by the XGBoost model.

3.4.1 SHAP Summary Plot

Feature 4

Feature 10

Feature 5

Feature ©

Feature 9

Feature 1

Feature 8

Feature 2

Feature 7

Feature 0

Feature 3

0.00 0.05 0.10 0.15 0.20 0.25
mean(|SHAP value|) (average impact on model output magnitude)

Figure 6. Confusion Matrix — SVM
The SHAP Summary Plot provides a global interpretation of feature importance. The results indicate that Feature
4 contributed most significantly to diabetes classification, followed by Feature 10, Feature 5, Feature 6, and Feature
9. These features consistently exhibited larger SHAP values, indicating stronger influence on prediction outcomes.
The distribution of SHAP values further demonstrates that both high and low feature values contribute differently
to the classification process. Features with larger absolute SHAP values exert greater influence on the model’s
predictions.

3.4.2 SHAP Beeswarm Plot

While the SHAP Summary Plot provides a global overview of feature importance across the entire dataset, a more
detailed understanding of feature behavior can be obtained through the SHAP Beeswarm Plot. This visualization
not only ranks features according to their importance but also illustrates how individual feature values influence
model predictions. By analyzing the distribution of SHAP values for each feature, it becomes possible to identify
whether higher or lower feature values contribute positively or negatively to diabetes classification. Consequently,
the SHAP Beeswarm Plot offers a comprehensive interpretation of the interaction between clinical laboratory
variables and prediction outcomes, thereby improving the transparency and reliability of the XGBoost
classification model.
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Figure 7. SHAP Beeswarm Plot

The SHAP Beeswarm Plot illustrates the relationship between feature values and their contributions to model
predictions. Each point represents an individual observation, while the color gradient indicates the magnitude of
the feature value. The plot reveals substantial variability in feature contributions across observations, indicating
that diabetes prediction is influenced by complex interactions among clinical variables. Features located near the
top of the plot consistently exhibit higher impact on classification outcomes. The SHAP feature importance
analysis confirms the dominant role of several laboratory variables in diabetes classification. The ranking obtained
from SHAP aligns with medical knowledge, as metabolic indicators typically play a central role in diabetes
diagnosis and monitoring. The explainability results demonstrate that the proposed framework not only achieves
high predictive performance but also provides meaningful insights into the factors influencing diabetes
classification.

3.5 Discussion

The experimental results demonstrate that ensemble learning approaches provide superior performance for
diabetes classification using clinical laboratory data. Both Random Forest and XGBoost achieved an accuracy of
98.5%, outperforming Decision Tree and Support Vector Machine. These findings are consistent with previous
studies that reported the effectiveness of ensemble learning techniques in healthcare prediction tasks due to their
ability to capture complex nonlinear relationships and reduce model variance.

The strong performance of XGBoost may be attributed to its gradient boosting mechanism, which
sequentially improves prediction performance by minimizing classification errors. Similarly, Random Forest
benefits from the aggregation of multiple decision trees, resulting in improved robustness and generalization
capability. In contrast, SVM produced comparatively lower performance, suggesting that kernel-based methods
may be less effective than ensemble approaches for the analyzed dataset. An important contribution of this study
lies in the integration of explainable artificial intelligence through SHAP analysis. Unlike conventional black-box
models, the proposed framework enables the interpretation of feature contributions and provides transparency
regarding the decision-making process. This capability is particularly important in healthcare applications, where
trust and interpretability are essential requirements for clinical adoption.

The SHAP results revealed that several features exerted substantial influence on diabetes classification.
These findings indicate that machine learning models can successfully identify meaningful patterns within clinical
laboratory measurements while simultaneously providing interpretable explanations. Consequently, healthcare
practitioners may gain valuable insights into the variables associated with diabetes status and utilize these findings
to support clinical decision-making.

Overall, the proposed framework successfully combines predictive performance and interpretability,
demonstrating the potential of explainable machine learning for diabetes classification based on clinical laboratory
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data. The integration of XGBoost and SHAP provides a promising approach for developing transparent artificial
intelligence systems capable of supporting healthcare professionals in disease diagnosis and risk assessment.

4. CONCLUSION

This study proposed an explainable diabetes classification framework using machine learning algorithms and
SHapley Additive exPlanations (SHAP) analysis on clinical laboratory data. Four machine learning algorithms,
namely Decision Tree, Random Forest, Support Vector Machine (SVM), and Extreme Gradient Boosting
(XGBoost), were evaluated and compared using a dataset consisting of 1,000 patient records with demographic
and laboratory attributes. The experimental results demonstrated that Random Forest and XGBoost achieved the
highest classification performance with an accuracy of 98.5%, outperforming Decision Tree (98.0%) and SVM
(94.5%). These findings indicate that ensemble learning approaches provide superior predictive capabilities for
diabetes classification based on clinical laboratory data. To enhance model transparency and interpretability,
SHAP analysis was applied to the XGBoost model. The explainability results successfully identified the most
influential features contributing to diabetes classification and provided insights into how individual variables affect
model predictions. The integration of machine learning and explainable artificial intelligence enables not only
accurate classification but also meaningful interpretation of prediction outcomes, which is essential in healthcare
applications. Overall, the proposed framework demonstrates that combining high-performance machine learning
algorithms with SHAP-based explainability can support reliable and interpretable diabetes diagnosis. The findings
contribute to the development of transparent artificial intelligence systems for healthcare and may assist medical
practitioners in understanding the factors associated with diabetes risk. Future work may focus on addressing class
imbalance, incorporating larger multi-center datasets, and exploring advanced explainable deep learning models
to further improve classification performance and interpretability.

One limitation of this study is the imbalance in class distribution, which may affect the performance of
minority class prediction. Future studies may employ data balancing techniques such as SMOTE and evaluate
additional explainable machine learning approaches.
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