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Abstract—Diabetes is a significant health issue facing the
world today and its early and precise identification is
necessary to avoid serious complications. In this study,
we present a SHAP-driven stacking ensemble predictive
control framework of diabetes risk prediction, which
combines the use of Random Forest, Extra Trees, and
Logistic Regression as the base models with an XGBoost
meta-learner. Borderline-SMOTE is implemented to
overcome the issue of class imbalance, which guarantees
strong training. The stacking ensemble has the best
accuracy of 91.5%, compared to the best base model,
Extra Trees (88.9%). SHAP (Shapley Additive
exPlanations) interpretability identifies the most
important clinical and demographic characteristics, and
these offer understandable information about what the
model does. The framework is reliable as it is evaluated
comprehensively in terms of accuracy, precision, recall,
F1-score, specificity, ROC-AUC, and confusion matrices.
The suggested methodology has good predictive
capability and understandable outcomes, and it will
provide a useful instrument to help medical workers
make wise choices related to managing diabetes.
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I. INTRODUCTION

Diabetes is a persistent metabolic disease, associated
with high blood glucose, which has millions of victims
across the globe, and is a serious health problem, leading to
cardiovascular issues, neuropathy, and renal failure [1], [2].
The identification of people at risk also requires the timely
prevention, intervention, and management. Conventional
methods of diagnostics are based on clinical evaluation and
laboratory studies, which, though effective, are time-
consuming, costly, and in the case of a comprehensive
screening of large populations are not possible [3]. As a
result, efforts have become interested in applying machine
learning (ML) methods to predictive diabetes risk modeling,
which is faster, less expensive, and more scalable [4], [5].

The research by other scholars has investigated
different ML algorithms, such as decision trees, random
forests, support machine, and gradient boosting models, to
predict diabetes using clinical and demographic
characteristics. Although these methods have been shown to
perform well in predictive performance, they are not easily
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interpretable, which in turn restricts the clinical adoption.
The medical practitioners need clear models which cannot
only give correct predictions, but also clarify the factors
behind the decisions. Model interpretability guarantees
credibility, responsibility, and insights to action particularly
in critical health situations [6].

Ensemble learning methods, including stacking, have
been adopted to overcome the two issues: predictive
performance and interpretability [7], [8]. In stacking
ensembles, several base models are stacked together to
enhance the generalization capabilities of the models by
capitalizing on the strengths of the other models despite the
lack of strong performance by one individual model [9],
[10] . In a meta-learner, the predictions are combined
together to provide strong results. Nonetheless, stacking
models are commonly known as black-box and do not have
clear ways of explanation. By incorporating explainable Al
(XAI), including SHapley Additive exPlanations (SHAP), it
is possible to interpret features at the level of detail to
identify the most important factors that drove a particular
prediction [11], [12]. This integration is what would make
sure that in addition to being able to rely on the predictions
provided by the model, the clinicians will be able to
comprehend them and justify them as applied to the health
of the patient.

Here we present a SHAP-directed stacking ensemble
model of predicting diabetes risk. Random Forest [13],
Extra Trees [14], and Logistic Regression [15] combined
with an XGBoost [16] meta-learner are used as base models.
Borderline-SMOTE is used to eliminate imbalance in the
classes and to improve the robustness of the model. The
framework can predict the outcomes better than single base
models and can be explained using SHAP analysis. This
framework is an effective instrument that can be used to
assist healthcare decision-making due to the combination of
performance and transparency. Key contributions of this
study:

e Suggested a strong stacking model that has a
combination of Random Forest, Extra tree and Logistic
Regression as base models and an XGBoost meta-
learner which would have better predictive capabilities.

e Applied Borderline-SMOTE to balance the dataset well
and enhance the model reliability on minority classes.



e Added SHAP to give feature-level interpretability,
which enables clinicians to see the effect of individual
input variables on predictions.

e Stacking ensemble was able to achieve high overall
accuracy (91.5), which is better than the baseline
models (best base: 88.9).

e Provided a clear, practical model that can fit into the
context of the actual healthcare decision support in
assessing the risk of diabetes.

II. RELATED WORK

Most recent studies in diabetes risk prediction have
been pushing more towards the use of machine learning
(ML) and ensemble methods to achieve better predictive
performance and interpretability. In their study, author
employed the use of ensemble ML models using a cohort of
the Qatar Biobank that included both clinical and DXA bone
health indicators and obtained a maximum accuracy of
87.2% when wusing feature seclection and SHAP
interpretation of model outcomes, proving that explainable
ensemble models could potentially be utilized in clinical
settings [17] On the Pima Indians Diabetes Database,
researcher evaluated several classical ML models, such as
Random Forest, SVM, Logistic Regression, and XGBoost,
in predicting diabetes. They had a moderate accuracy of
about 82-83, and SHAP was used to underscore the
predictors as influential (glucose and BMI) and the need to
focus on explainability in diabetes diagnostics is further
justified [18].

Recent researches in related areas of application support
important design decisions in our SHAP-based ensemble
guide to risk prediction of diabetes. Topology-conscious
load balancing Work has shown how adaptation of learning
and decision logic to underlying system structure can be
used to enhance robustness and efficiency, which is
analogous to our use of a meta-learner to integrate
complementary base models to be able to generalize better
in clinical risk prediction [19]. Similarly, analyses of smart
methods of short-term load prediction point out the
usefulness of systematically benchmarking a variety of
models and reporting overall performance measures in line
with our multi-metric validation (accuracy, precision, recall,
Fl-score, specificity, ROC-AUC, and confusion matrix) to
establish a reliable diabetes screening output [20]. The
success of ensemble-style modeling on these nonlinear and
complex patterns in real-world data is further supported by
machine-learning-based residential load prediction, which
conceptually resembles our approach of stacking multiple
learners to improve predictive performance on
heterogeneous clinical and demographic variables [21].
Lastly, AloT based disease forecaster demonstrates how
data-driven predictive frameworks can be generalized to
early disease prediction and decision support, which fits our
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objective of generating reliable but interpretable estimates
of diabetes risk supporting actionable health care
interventions [22].

Recent works integrate SMOTE, tree-ensemble models
and XAI (e.g. SHAP) to provide reliable and explainable
healthcare predictions, but tend to test single ensembles
instead of stacking. There are other studies that compare
several classifiers to SHAP, but extensive feature selection
and hybrid oversampling can mask the individual
contribution of each algorithm [23]. SHAP is applied in
large survey-based analyses but often based on more simple
models (e.g. logistic regression and simple trees) rather than
stacked ensembles [24]. Comprehensively, as observed in
previous reviews, SVM, RF, and deep learning demonstrate
promising outcomes, but it has been challenging to achieve
a balance between predictive accuracy and clinically
significant interpretability across various cohorts [25].

Majority of the research done is based on single or
simple ensembles and hardly any attempts have been made
to stack different models. Additionally, although SHAP has
been applied in explainability, little research has been done
to combine SHAP with multi model stacking ensembles
with the aim of improving accuracy and facilitating a clear
interpretation. Also, there are limited comparisons between
such frameworks using multiple base models and balanced
evaluation measures, and thus there is a gap in stronger and
understandable ensemble frameworks when using diabetes
risk prediction.

III. PROPOSED METHODLOGY

The Fig. 1 represents the general structure of the
workflow of the planned diabetes risk prediction framework.
The methodology starts with the acquisition of data and then
proceeds to data preprocessing, which involves missing
value treatment, data normalization, and balancing the
classes using SMOTE. Various base learners are trained and
stacked together with XGBoost serving as the meta-learner
to boost the performance in prediction. The standard
classification measures are used to assess the proposed
model and the model interpretability is provided by the
SHAP-based global and local explanations.

A. Dataset Description

This research employs a publicly available dataset of
diabetes that is received in Mendeley Data, containing 5,288
patient records characterized by 14 clinical and
demographic variables. The attributes consist of age, gender,
body mass index (BMI), pulse rate, systolic and diastolic
blood pressure, level of glucose and markers of family
history connected with diabetes and cardiovascular diseases.
The target variable is the binary status of diabetes, which
makes it supervised classification.
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Fig.1 Flow Chart of the Proposed Framework
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Fig.2 Histogram of Numerical Features

The dataset represents the clinical variability which
exists in the real world thus; it is the right dataset to be used
in assessing the predictive power and interpretability of the
machine learning models in diabetes risk assessment. The
Fig. 2 presents histograms of several medical numerical
variables (age, gender, pulse rate, blood pressure, glucose,
height, weight, etc.) in order to have an idea about their
distributions. The small plots indicate each feature and show
the frequency of various ranges of values, which allows
observing the location of the data concentration and the
balance or occurrence of skewness. This value is a
correlation heatmap that indicates the strength of the
relationship between every pair of features of the dataset. A
high positive correlation is represented by darker red cells, a
high negative correlation is represented by darker blue
colors and values near zero (light colors) indicate significant
or no linear relationship between the variables as shown in
Fig. 3.
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Fig.3 Correlation Heatmap of Dataset

B. Data Preprocessing and Balancing
The Before training a model, an extensive
preprocessing pipeline is used to guarantee data quality and

stable learning will be used. First, the data is analyzed
regarding missing and incongruent values. Given that the
features are quantitative and presented in written records,
entries with unfinished or invalid data are handled
attentively to maintain data integrity. The input features are
made to a standard scale whereby they are represented to a
uniform scale to avoid being biased in favor of the attribute
with a larger numerical range especially in optimization
based learning algorithms.

Borderline ~ Synthetic ~ Minority ~ Over-Sampling
Technique (Borderline-SMOTE) is used to solve the
problem of class distribution imbalance with the training
data alone only. Under this approach, synthetic samples are
created close to the decision border allowing the models to
learn more discriminative patterns between diabetic and
non-diabetic cases and lessening the chances of overfitting.
To guarantee the information leakage does not occur when
evaluating the model, it is sufficient to apply data balancing
to the training set. Lastly, stratified train test splitting is
applied to the preprocessed data splitting them in
proportions equal to that of the original classes. Such a
preprocessing  plan  preconditions a  high-quality
experimental base, which provides the opportunity to make
a fair comparison of models and assess their predictive
performance and interpretability reliably.

C. Machine Learning Models

In order to enhance the prediction accuracy of diabetic
and non-diabetic classification, we use a stacking ensemble
technique. The ensemble makes use of various base models
that determine different patterns in the data, where a meta-
model is used to combine the predictions in the best way.

D. Random Forest (RF)

Random Forest represents non-linear interaction
between clinical characteristics. Its prediction capacity to
combine the forecasting of a set of decision trees offers to
minimize overfitting issues on this dataset and remains
responsive to the slightest changes in the blood parameter
characteristics.



E. Extra Tree (ET)

Extra Trees provides an extra amount of randomization
to tree building, which is especially useful in learning latent
interdependences between features which may not be fully
utilized by RF. This is applicable in our dataset whereby
some feature combinations would play a larger role in the
prediction.

F. Logistic Regression (LR)

Logistic Regression creates a linear view of the
relationships between features and targets so that powerful
linear relationships in the set of data are not ignored. Its
additional stability and interpretability as a tree based model
complements the tree-based models.

G. Stacked Ensemble

XGBoost is used as the meta-model to combine the
predictions of RF, ET and LR. XGBoost is a system that
allows heterogeneous input by the use of numerous base
models and optimizes the predictive performance by
gradient boosting. XGBoost is able to blend the strength of
the base models and recompense the weakness of a single
model, thus leading to overall more accuracy and strength in
the prediction task.

H. Model Evaluation

To measure the performance of the proposed stacking
ensemble, a number of metrics are used in order to have a
strong evaluation of the predictive power of the model. F1-
score and accuracy measure the total accuracy and a balance
between precision and recall of classes diabetic and non-
diabetic. Confusion matrices are used to depict right and
wrong predictions of each class and this information offers a
reflection on the strengths and weaknesses of the model.
Also, bar graphs are employed in comparing the
performance of the individual base models as well as the
compare and contrast performance of the stacking ensemble
of these models, showing the level of improvement that is
made by combining models together. This assessment
framework is comprehensive in the sense that it will
guarantee quantitative and visual knowledge of the
effectiveness of the model.

IV. RESULT

This diabetes prediction framework applies base
classifiers; among them are Random Forest (RF), Extra
Trees (ET), and Logistic Regression (LR), and a stacked
ensemble model with XGBoost as the meta-model. All the
models are trained and evaluated with Python on the Google
Colab platform. The data is divided in terms of training and
testing sets in a proportion of 80: 20. The offered solution is
effective in terms of dividing diabetic and non-diabetic
individuals. Measurements of evaluation wused in
determining the performance of the two individual base
models and the stacked ensemble are accuracy, F1-score,
precision, recall and specificity, which are outlined and
discussed below.
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Fig.4 Confusion Matrix of Stacked Model

As shown in Fig. 4, stacking ensemble confusion matrix
depicts its performance levels in the accurate classification
of diabetic and non-diabetic cases. It indicates the number of
true positives, false positives, true negatives and false
negatives which reveals the capacity of the model to
minimize misclassifications. This analysis shows the
predictability and consistency in the prediction between the
two classes in the ensemble.
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Fig.5 Bar Chart Comparsion across Base vs Stacked Model
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To compare the performance of the base models and the
stacking ensemble on five evaluation metrics, including
accuracy, Fl-score, precision, recall, and specificity, the
performance is compared with the help of a bar chart. As
shown in Fig. 5, the stacking ensemble would always
perform better than the base models individually in every
measure. The effectiveness of multiple model combination
is well illustrated in this comparison as the overall
predictive ability is better. The bar chart is an easy method
of evaluating and conveying the performance increment that
the stacking approach has brought.

True Posit ve Ree

False Positive Rate

Fig.6 ROC Curve of Base Models and Stacked Model

ROC curves are plots that are used to compare the
performance of the base models with the stacking ensemble
by displaying the trade-off between sensitivity and false
positive rate. The stacking ensemble has the best AUC and
it has a better capability of differentiating diabetic and non-



diabetic cases as shown in Fig. 6. This proves that the
ensemble is better than individual base models in terms of
classification performance on the whole.As shown in Fig. 7,
the precision- recall curves are used to compare the trade-off
between precision and recall of the base models and the
stacking ensemble. The stacking ensemble reaches the
largest area under the Precision-Recall curve, which means
that it better performs at the task of correctly classifying the
cases of diabetes and has the lowest false positives. It shows
that the ensemble has the most appropriate balance between
precision and recall and it is more accurate at classification
when compared to individual base models.
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Fig.7 Precision-Recall Curve of Base Models and Stacked Model

The learning curve of the stacking ensemble shows the
trends in the accuracy of the training and validation as the
training sample size grows as shown in Fig. 8. Based on the
curve, it can be seen that the model has always high training
accuracy and increasing validation accuracy as more data is
provided, which proves effective learning and
generalization. This discussion proves that the ensemble is
not overfitted, and bigger training sets are advantageous to
the predictive performance in discerning diabetic and non-
diabetic cases.
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Fig.8 Learning Curve of Stacked Meta Model

To explain the predictions of the base models, SHAP
(SHapley Additive exPlanations) is employed to measure
how each feature contributes to classifying between diabetic
and non-diabetic cases. The SHAP beeswarm plot graphs
help visualize the significance of features and the orientation
of their effect, whereas the bar charts provide the summary
of the features significance in the world expressed by mean
absolute SHAP values.

In the case of the Random Forest model, hypertensive
status, glucose level and systolic blood pressure were the
most influential features that affect model predictions in the
analysis as shown in Fig. 9. The increased feature values
tend to have a positive effect on the prediction of the cases
of diabetes, and it means that clinical risk factors are
powerful.
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Fig.9 SHAP Interpretation for Random Forest

As shown in Fig. 10, the Extra Trees model identifies
hypertension and glucose to be the most significant
predictors after which blood pressure-related features and
age are considered as the next most important ones. The
propagation of SHAP values is an indicator that the model is
able to encode the interaction of complex features, which
supports its position as a powerful non-linear base learner.
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Fig.10 SHAP Interpretation for Extra Trees

In the case of Logistic regression, coefficient values
represent the feature importance and they give a linear and
interpretable perspective of its impact as shown in Fig. 11.
Aspects like hypertensive status, family history, and
cardiovascular measures are more associated with predicting
diabetes, and the direction of coefficients are used to
determine whether these aspects predict the likelihood of
diabetic outcome or not.



helght

hypertensive

farily hyperension -

il digbles

cardioaseular disease -

sinoke -
qenger
glucese-
bmi
wieight-
diastolic_bp -

age

-3 3 1

{l
Coefficient Valua

Fig.11 Feature Importance for Logistic Regression

V. CONCLUSION

This paper introduces a machine learning-driven model

of diabetic and non-diabetic individual’s classification based
on a stacking ensemble algorithm. Base models used are
Random Forest, Extra Trees, and Logistic Regression
whereas the XGBoost is used as a meta-model to combine
their prediction. Extensive testing and explainable Al (XAI)
analysis shows that the proposed framework has a good
performance in addition to offering meaningful model
explainability. In spite of the fact that the proposed approach
demonstrates a high level of prediction, it is tested on a
single dataset, which can be improved by the validation with
larger and more heterogeneous clinical datasets. Future
research will concentrate on the multi-center data extension
of the framework, as well as further investigation.
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