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Abstract.

Purpose: Diabetes is a chronic disease with a globally rising prevalence. Early detection of individuals at risk is essential to prevent
long-term complications. This study aims to develop a diabetes prediction model that not only achieves high classification accuracy
but also provides transparent explanations of the factors influencing its predictions.

Methods: The study utilized the Pima Indians Diabetes Dataset, which contains clinical data from 768 female patients aged over 21.
The methodology included data preprocessing (handling of missing values and feature engineering, such as the creation of Age_BMI
and Glucose_BMI features), a 70:30 train-test split, class imbalance handling using the ADASYN technique, model development
using the Random Forest algorithm with hyperparameter tuning via GridSearchCV, and model interpretability analysis using SHAP.
Result: The proposed model achieved an accuracy of 79.2% and a recall of 85.2% on the test data. SHAP analysis revealed that
Glucose, Age_BMI, BMI, and DiabetesPedigreeFunction were the most influential features in predicting diabetes. Furthermore, the
SHAP heatmap indicated that individuals aged 30-50 years with obesity were at the highest risk. These findings align with existing
medical literature, reinforcing the role of metabolic and age-related factors in diabetes development.

Novelty: This study presents an integrative approach combining class balancing (ADASYN), classification (Random Forest), and
model interpretability (SHAP) in a unified framework for diabetes prediction. It emphasizes the importance of transparent model
interpretation for healthcare professionals, enabling not only predictive outcomes but also actionable insights into risk factors. The
findings support future research opportunities, including the integration of lifestyle variables and external validation using real-world
clinical data from diverse populations.
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INTRODUCTION

Diabetes mellitus is a chronic metabolic disorder with a steadily increasing global prevalence. According
to the World Health Organization (WHO), over 537 million adults were diagnosed with diabetes in 2021,
and this number is projected to rise significantly in the coming decades [1]. Beyond its high prevalence,
diabetes is associated with a range of serious complications, including cardiovascular disease, kidney
failure, and vision impairment, all of which significantly reduce patients’ quality of life and impose a
substantial burden on healthcare systems. Therefore, early detection and accurate prediction of diabetes are
essential for supporting timely and appropriate medical decision-making [2].

In recent years, Machine Learning (ML) has emerged as a promising approach for automating disease
detection through data-driven analysis [3]. However, the development of predictive ML models in
healthcare continues to face several challenges. First, medical datasets—such as the widely used Pima
Indians Diabetes Dataset typically exhibit class imbalance, where the number of positive cases (diabetic
patients) is significantly lower than negative cases [4] Second, the presence of incomplete or noisy data,
due to variability in clinical measurements, complicates model training and generalization [5]. Third, many
high-performing ML models function as “black boxes,” providing limited insight into the reasoning behind
their predictions, which hinders their practical adoption in clinical settings [6].

To address these limitations, this study proposes an integrated ML-based diabetes prediction framework
that combines three core components: Random Forest (RF), Adaptive Synthetic Sampling (ADASYN), and
SHapley Additive exPlanations (SHAP). Random Forest was selected for its ability to handle
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heterogeneous clinical data, resistance to overfitting, capacity to manage noisy or missing values, and
capability to capture non-linear interactions between features [7] Random Forest has also demonstrated
superior classification performance compared to several other algorithms in various disease prediction
studies[8].

ADASYN was used to address the class imbalance by generating synthetic samples for the minority class
adaptively, especially in regions where samples are more difficult to classify [9]. Compared to conventional
oversampling techniques such as SMOTE, ADASYN has shown better performance in improving model
sensitivity [10] SHAP was employed to overcome the challenge of model interpretability by assigning a
quantitative contribution score to each feature based on the Shapley value principle from cooperative game
theory. His method allows both local and global explanations of model predictions, enabling medical
professionals to validate and trust the outcomes [11].

Although numerous studies have applied ML to diabetes prediction, most have focused primarily on
improving accuracy, while neglecting two critical aspects: class imbalance and model interpretability. For
instance, earlier studies using Support Vector Machines, Logistic Regression, or deep learning models often
lacked interpretability mechanisms, making their predictions difficult to verify in clinical practice [12] [13]
Other studies have addressed imbalance using oversampling techniques like SMOTE, but without
integrating interpretability tools, leaving uncertainty in model transparency [14].

This study addresses these research gaps by proposing a comprehensive and integrated approach that
emphasizes both predictive performance and interpretability. By combining Random Forest as a robust
classifier, ADASYN for adaptive class balancing, and SHAP for transparent feature attribution, the
proposed model aims to deliver accurate and trustworthy predictive outcomes. The use of the Pima Indians
Diabetes Dataset, a widely accepted benchmark in academic research, also enables comparison with prior
work and highlights the novelty of the proposed approach. To highlight the contribution and novelty of this
study, Table 1 compares previous works on diabetes prediction in terms of features and methods used. Most
prior studies focused on improving accuracy but did not integrate class balancing and interpretability.
Addressing this gap, this study proposes an integrated approach combining Random Forest for
classification, ADASYN for adaptive class balancing, and SHAP for feature-level interpretability. The use
of the widely accepted PIMA Indians Diabetes Dataset supports comprehensive evaluation and facilitates
comparison with existing research.

Table 1. Comparison of features and methods used in previous diabetes prediction studies
Feature

Reference Glucose BMI Age Engineering Method
Febrian et al. (2023) 4 4 4 x Naive Bayes, KNN
Kumari et al. (2021) 4 v v x Soft Voting (Random Forest, Naive Bayes,
Logistic Regression)
Chatrati et al. (2022) v X X X Support Vector Machine
This study v v v v Random Forest + ADASYN + SHAP

As observed in Table 1, previous works such as those by Febrian et al. (2023) and Kumari et al. (2021)
utilized glucose, BMI, and age as input features but did not apply feature engineering. Their models relied
on conventional classifiers, including Naive Bayes, K-Nearest Neighbors, and ensemble voting techniques.
Chatrati et al. (2022) adopted a more limited approach by using only glucose and applying a Support Vector
Machine (SVM), also without any feature transformation. These studies primarily focused on improving
classification performance, with limited consideration for class imbalance or model interpretability. In
contrast, the present study integrates Random Forest for classification, ADASYN for adaptive class
balancing, and SHAP for feature-level interpretability, offering a more comprehensive and explainable
approach to diabetes prediction.

METHODS

This study uses a machine learning approach to build a diabetes prediction model. Each stage of the method
is designed to ensure optimal model performance while maintaining transparency in the interpretation of
predicted results [15]. The proposed methodological workflow is illustrated in Figure 1. The process begins
with loading the PIMA Indians dataset, followed by preprocessing steps such as data cleaning and feature
engineering. The dataset is then divided into training and testing subsets. To address the class imbalance,
ADASYN oversampling is applied to the training data only [16]. A Random Forest model is trained and
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used to predict patient outcomes as diabetic or non-diabetic. Model performance is evaluated using
accuracy, precision, recall, and Fl-score. To improve interpretability, SHAP is applied to explain the
contribution of each feature to the predictions [17].

‘ Start )
Pima Indian Z ‘ Dataset ’ ‘ - ’ ‘ Performance Interpretability / Patient ;
Dataset Preprocessing Model Building Evaluation W Prediction

Figure 1. Proposed method flowchart

Diabetes Dataset

This research utilizes PIMA Indians data which can be accessed freely through the Kaggle platform
(https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database). Table 2 shows the composition
of the attributes used in the diabetes dataset. This dataset consists of 768 data on patients who are female,
with an age range between 21 and 81 years. Of the total data, 500 data came from individuals without
diabetes, while the other 268 data represented individuals who were diagnosed with diabetes. This dataset
has eight (8) main features, including the number of pregnancies, glucose levels, diastolic blood pressure,
thickness of triceps skin folds, insulin levels after two hours, body mass index (BMI), history of hereditary
diseases, and age Despite its popularity as a benchmark dataset, it has demographic limitations, as all
subjects are female from a single ethnic group (Pima Indian). This may introduce bias and limit the
generalizability of the model. Further validation on more diverse clinical datasets is recommended to ensure
broader applicability.

Table 2. Description of the Pima Indians diabetes dataset

Feature Name Data Type Value of Data Number of Unique
Pregnancies Integer 0-17 18
Glucose Integer 0-199 136
BloodPressure Integer 0-122 47
SkinThickness Integer 0-99 51
Insulin Integer 0-846 186
BMI Float 0.0-67.1 248
DiabetesPedigreeFunction Float 0.078 - 2.42 517
Age Integer 21-81 52

Outcome (Label) Integer 0 (No), 1 (Yes) 2

Data Distribution

Figure 2 shows the histograms of all numerical features in the dataset. Some features, such as Insulin, Age,
and DiabetesPedigreeFunction, are heavily skewed to the right, while others like Glucose and BMI show
mild skewness. These uneven distributions, along with the imbalance between diabetic and non-diabetic
cases in the target variable, support the use of ADASYN. This method helps balance the data and improves
learning in areas where the data is sparse and harder for the model to classify.
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Figure 2. Data distribution

Preprocessing Data

This stage aims to ensure that the quality of the data used is good and ready to build the model [18]. This
data preprocessing involves steps ranging from data cleaning, feature engineering, class distribution checks,
and correlations between variables.

Missing Value Handling

At this stage, medical features that are logically unlikely to be worth 0, such as glucose, diastolic blood
pressure, skin thickness, insulin, and BMI are identified. The value of O is categorized as hidden missing
values and replaced with NaN. Imputation is then carried out using the median of each feature to maintain
the consistency of data distribution and reduce the influence of outliers [19].

Feature Engineering

To enrich the dataset, two new features were added, namely, glucose_BMI (ratio of glucose to body mass
index) and Age_BMI (multiplication of age by body mass index). These engineered features aim to capture
potential nonlinear interactions between metabolic and demographic variables that may contribute to
diabetes risk. The complete list of features used in the modeling process, along with the additions resulting
from the feature engineering step, is presented in Table 3.

Table 3. Comparison of features before and after feature engineering

Original Features Feature Engineering
Pregnancies Pregnancies
Glucose Glucose, Glucose_BMI (New)
BloodPressure BloodPressure
SkinThickness SkinThickness
Insulin Insulin
BMI BMI, AGE_BMI (New)
DiabetesPedigreeFuction DiabetesPedigreeFuction
Age Age

Correlation Between Variables

Based on the correlation heatmap in Figure 3, Glucose showed the highest correlation to Outcome (0.49),
confirming its role as a key feature of prediction. In addition, Glucose_BMI and Age_BMI engineering
features have a strong correlation with their constituent variables, supporting the validity of the feature
engineering carried out.
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Figure 3. Correlation between variables

Split Data

After the preprocessing stage, the dataset is separated into features (X) and targets (y). Feature (X) consists
of Glucose, BMI, Insulin, Age, Pregnancies, BloodPressure, Glucose_ BMI, Age_BMI, Skinthickness, and
DiabetesPedigreeFunction, while target (y) is Outcome. The data was then divided into 70% for training
(537 data) and 30% for testing (231 data).

Balancing Data

Based on the class distribution, the dataset showed an imbalance, with the number of individuals without
diabetes much greater than those with diabetes. This imbalance has the potential to lower the model's
performance due to its bias against the majority class. To overcome this, this study applied the ADASYN
oversampling technique [20] to improve accuracy and reduce classification bias. Figure 4 comparison of
class label distributions before and after applying ADASYN. The minority class (label 1) was synthetically
increased to match the majority class, improving dataset balance.
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Figure 4. Class distribution before and after applying ADASYN
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Model Development

At this stage, the model is built to study patterns from the trained data that has gone through pre-processing
and feature engineering. The model developed aims to be able to generalize these patterns in order to make
accurate predictions of new data that have never been seen before [21].

The development of the model in this study was carried out with the following approach. The algorithm
used is Random Forest, which is a decision tree-based ensemble method that is known to have high
classification performance and resistance to overfitting [22]. To overcome the imbalance of class
distribution in the dataset, the ADASYN oversampling technique was applied, which aims to increase the
representation of minority classes in the training data so that the model can learn in a more balanced manner
[23].

The optimization process was performed using GridSearchCV[15], [24] combined with Stratified K-Fold
Cross-Validation (K=5) to identify the best combination of hyperparameters. The tuned parameters
included n_estimators (number of trees), max_depth (maximum depth of each tree), min_samples_split
(minimum number of samples required to split an internal node), and min_samples_leaf (minimum number
of samples required at a leaf node). For max_features, the options 'sqrt' and 'log2' were tested, corresponding
to the square root and logarithm (base 2) of the total number of features, respectively. These settings help
control model complexity and reduce overfitting. The selection of the best configuration was based on
accuracy as the scoring metric. To improve computational efficiency, the search was executed in parallel
using n_jobs=-1, and progress was monitored with verbose=2. Once the training process was completed,
the best model obtained from GridSearchCV was evaluated on the test dataset.

Model Evaluation

Once the model has been built and trained on the training data, the next stage involves evaluating its
performance in accurately classifying unseen data. The main objective of this evaluation is to assess the
model’s generalization ability using the test dataset. Several performance metrics are employed, including
accuracy, precision, recall, and Fl-score, which are particularly important in reflecting balanced
performance on imbalanced datasets. In addition, a confusion matrix is used to provide a detailed
breakdown of true and false predictions for each class.

Interpretability with SHAP

To improve the interpretability of the model, this study uses SHAP. SHAP serves to explain the contribution
of each feature to model prediction fairly, based on the Shapley Value theory of game theory [5]. In this
study, TreeExplainer was used to calculate the SHAP value on the trained Random Forest classifier.
TreeExplainer leverages the internal structure of decision trees to compute exact Shapley values efficiently
without resorting to costly sampling or permutation methods [25]. This makes it suitable for large datasets
and ensemble models like Random Forest.

SHAP values were computed for each instance in the test set to provide both global interpretability
identifying overall feature importance across the dataset and local interpretability, which explains how
individual features contribute to specific predictions. Visualizations including summary plots, dependence
plots, and force plots were used to illustrate model behavior and highlight the features that most strongly
influenced diabetes classification outcomes.

This interpretability layer is particularly important in medical contexts, as it enables healthcare
professionals to not only observe the model’s predictions but also understand the underlying rationale. Such
transparency is essential for building trust and supporting the integration of Al-assisted tools in clinical
decision-making.

RESULTS AND DISCUSSIONS

Model Development Results

The diabetes classification model was developed using the Random Forest algorithm, combined with the
ADASYN oversampling technique to address class imbalance in the dataset. Hyperparameter tuning was
conducted using GridSearchCV in conjunction with 5-fold Stratified Cross-Validation. The optimal
hyperparameters obtained from the tuning process are summarized in Table 4, which include: 250 trees
(n_estimators), a maximum tree depth of 20 (max_depth), a minimum of 10 samples required to split an
internal node (min_samples_split), and a minimum of 20 samples at a leaf node (min_samples_leaf).
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Additionally, the number of features considered at each split (max_features) was set to either 'sqrt' or 'log2’,
two commonly used strategies that help improve model efficiency while minimizing the risk of overfitting.

Table 4. Hyperparameters with GridSearchCV

Parameter Value
n_estimators 250
max_depth 20
min_samples_split 10
min_samples_leaf 20
max_features ‘sqrt’, ‘log2’

Model Performance Analysis

The classification performance of the model, detailed in Table 5, shows an accuracy of 79.2%, a recall of
85.2%, a precision of 66%, and an F1-score of 74.2%. The high recall reflects the model’s strong ability to
identify diabetic cases, largely attributed to the use of ADASYN, which improved minority class
representation during training, and the Random Forest classifier’s sensitivity to key clinical features such
as glucose and BMI.

However, the lower precision indicates a trade-off, with more false positives produced as the model
prioritized sensitivity. In clinical settings, recall is often prioritized, especially in screening scenarios, as
false negatives (undiagnosed diabetic patients) carry greater risk than false positives, which can be resolved
through follow-up testing. This trade-off aligns with prior findings in medical classification tasks, where
high recall is considered more valuable for screening conditions with serious health consequences.

Thus, the strategy of emphasizing recall through data balancing and model selection is appropriate for early
detection purposes, where minimizing missed cases is more critical than optimizing overall accuracy.

Table 5. Model classification results

Aspect of Evaluation Value Information
Accuracy 79.2% The percentage of correct predictions for all test data
Precision 66% The model's ability to accurately predict diabetes cases
Recall 85.2% The model's ability to detect all existing diabetes cases
F1-Score 74.2% The balanced average of precision and recall for diabetes classification

Confusion Matrix Analysis

Figure 5 presents the confusion matrix generated from the model’s predictions on the test set, offering a
detailed breakdown of classification outcomes. The model correctly identified 114 diabetic individuals,
referred to as true positives (TP). However, it also misclassified 36 diabetic patients as non-diabetic,
resulting in false negatives (FN) critical concern in medical settings, as these patients may not receive the
necessary treatment or monitoring. On the other hand, the model accurately recognized 69 non-diabetic
individuals, recorded as true negatives (TN). Additionally, 12 non-diabetic cases were incorrectly predicted
as diabetic, and categorized as false positives (FP). Although false positives may lead to unnecessary
follow-up examinations, they are generally less harmful than false negatives, which carry a higher risk in
clinical decision-making.

Confusion Matrix
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Figure 5. Confusion matrix with true class and predicted class
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Cross Validation and Generalization

To assess generalization, a 5-fold stratified cross-validation was conducted using the best hyperparameters
from GridSearchCV. The model obtained a mean accuracy of 76.6% * 3.8%, indicating consistent
performance across different data splits. On the test set, the model achieved an accuracy of 79.2%, with a
precision of 66%, a recall of 85.2%, and an F1-score of 74.2%. The small gap between cross-validation and
test performance suggests that the model generalizes well without overfitting. The high recall is particularly
valuable in clinical settings to minimize missed diabetes cases.

Comparative with Previous Studies
Table 6 summarizes the performance of various machine learning models from previous studies on the
Pima Indians Diabetes dataset, and compares them to the model developed in this study.

Table 6. Comparative evaluation of machine learning models

Reference Method Accuracy Precision Recall F1-Score
Chatrati et al. (2023)[5] SVM 75% - - -
Kumari et al. (2021)[26] SoftVoting (RF+NB+LR) 79.08% 73.1% 70% 71.5%
Febrian et al. (2024)[2] KNN, NB 76% 73% 71% -

This study ADASYN+RF+SHAP 79.2% 66% 85.2% 74.1%

Table 6 demonstrates that the proposed model (ADASYN+RF+SHAP) achieves competitive performance,
with the highest accuracy (79.2%) and recall (85.2%) among the compared studies. Although the precision
is slightly lower, the balanced F1-score (74.1%) indicates that the model is effective, particularly in
handling imbalanced data and improving the detection of positive diabetes cases.

Model Interpretation with SHAP

SHAP Summary Plot

To understand the factors influencing the model’s predictions, an interpretability analysis was performed
using SHAP. This method quantifies the contribution of each feature to the prediction outcome, enabling a
transparent and interpretable explanation of the model’s decisions.

High
Glucose QW&‘- o o o finadoafoaiee
Age_BMI c=tppes.. .| il
BMI L —-*
DiabetesPedigreeFunction QH 2
Age o "m i 3
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SHAP value (impact on model output)

Figure 6. SHAP Summary Plot

Figure 6 presents a SHAP summary plot that illustrates the contribution of each feature to the diabetes
prediction outcome. The Y-axis lists the feature names, while the X-axis displays the SHAP values, which
indicate both the magnitude and direction of each feature’s contribution. The color of each dot represents
the actual value of the feature, ranging from low (blue) to high (red).

Among all features, Glucose contributes the most significantly, with higher values associated with an
increased risk of diabetes (positive SHAP values). Age_ BMI and BMI also exhibit strong influence,
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followed by DiabetesPedigreeFunction, Age, and Glucose BMI. In contrast, features such as Insulin,
Pregnancies, SkinThickness, and BloodPressure contribute less to the model’s predictions. This global
interpretability analysis highlights the dominant predictors and supports clinical understanding of the
model’s decision-making process.

Local SHAP Explanation of Individual Prediction

Figure 7 displays a SHAP waterfall plot that explains the prediction for a single patient. The model's
baseline output was 0.497. Two features contributed to the final prediction: Glucose (+0.03) increased the
risk, indicating that the patient's glucose level was above average, while Pregnancies (—-0.03) reduced the
risk, suggesting a lower number of pregnancies compared to typical diabetic cases. The final prediction
remained at 0.497, which is close to the classification threshold, indicating a borderline case. This local
explanation enhances model transparency and helps clinicians understand the key factors influencing the
model’s decision at the individual level.

fix) =0.497
1
Glucose +0.03
Pregnancies -0.03
T T T T T T
0.46 047 048 0.50
E[f(X)] =0.497

Figure 7. Local SHAP Explanation

Analysis of Average SHAP Scores by Age Group and BMI Category

To gain a deeper understanding of the interaction between age and body mass index (BMI) in model
predictions, an analysis was conducted on the average SHAP values across different age groups and BMI
categories. This analysis aims to reveal patterns in feature contributions across population subgroups,
providing a more contextual and clinically meaningful interpretation of the model’s predictions in diabetes

classification.
Mean SHAP Value for Age by Age Group and BMI Group
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Figure 8 presents a heatmap of the average SHAP values for the Age feature across age groups (<30, 30—
50, and >50 years) and BMI categories (Normal, Overweight, Obese). The results indicate that the 30-50
age group with obesity contributes the most to diabetes prediction (average SHAP value: 0.025), suggesting
that age plays a significant role in increasing the likelihood of a positive classification within this subgroup.
In contrast, the contribution of age in individuals under 30 or over 50 is relatively low, and in some cases
negative, indicating a lesser impact of this feature in those segments.
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Figure 8. Subgroups by Age
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Mean SHAP Value for BMI by Age Group and BMI Group
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Figure 9. Subgroups by BMI

Figure 9 displays a heatmap of the average SHAP values for the BMI feature using the same dimensions.
The highest values were again observed in the 30-50-year age group with obesity (SHAP value: 0.024),
indicating that BMI significantly increased the model’s prediction of diabetes in this subgroup. In contrast,
notably negative SHAP values were observed among individuals with normal or overweight BMI,
particularly those aged over 50, suggesting that BMI in non-obese categories tends to reduce the model’s
likelihood of predicting diabetes.

Overall, this analysis demonstrates that feature contributions to model predictions are not uniform but are
influenced by the interaction between age and weight status. These findings not only enhance the medical
relevance of the model but also highlight the importance of data stratification in interpreting machine
learning-based predictions.

CONCLUSION

This study developed an integrated ADASY N-Random Forest-SHAP model that achieved 79.2% accuracy
and 85.2% recall on the PIMA Indians dataset. SHAP analysis highlighted Glucose, Age_BMI, and BMI
as key predictors, with the highest risk observed among obese individuals aged 30-50 years. While the
model shows effective classification performance and interpretability, its generalizability is limited by the
dataset’s demographic scope and the absence of external validation. Future work should incorporate
lifestyle variables and test the model on more diverse clinical data to support real-world deployment in
decision support systems.
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