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ABSTRACT

Diabetes mellitus remains one of the most prevalent and life-threatening chronic diseases globally, and its
early detection is essential for preventing severe complications such as cardiovascular damage, renal
failure, and neuropathy. However, traditional diagnostic procedures often struggle with accuracy due to
noisy clinical data, class imbalance, and limited computational support in many healthcare settings. This
study proposes a stacking ensemble machine learning model designed to enhance the accuracy,
robustness, and generalization capability of diabetes prediction using the PIMA Indian Diabetes dataset.
The research integrates multiple heterogeneous base learners Logistic Regression, Random Forest, and
Long Short-Term Memory (LSTM) whose predictive outputs are combined and optimized through a
meta-learner. Extensive preprocessing techniques, including normalization, outlier handling, feature
selection, and the Synthetic Minority Oversampling Technique (SMOTE), were applied to ensure data
quality and address class imbalance. Model performance was evaluated using accuracy, precision, recall,
Fl-score, and ROC-AUC. Findings reveal that while individual models such as Random Forest and
Logistic Regression achieved accuracy levels of 0.84 and 0.79 respectively, the proposed stacking
ensemble significantly outperformed them with an accuracy of 0.96, a precision of 0.92, and a recall of
0.93. The ensemble also demonstrated superior discriminative ability with an ROC-AUC of 0.89. The
results affirm that stacking-based ensemble learning effectively mitigates overfitting, enhances predictive
reliability, and provides a more stable and comprehensive diagnostic tool. This work contributes to
medical data analytics by delivering a high-performance predictive framework suitable for integration
into clinical decision-support systems aimed at improving early diabetes detection and patient outcomes.
Keywords: Machine Learning; PIMA Indian Diabetes dataset; The Synthetic Minority Oversampling
Technique; Diabetes mellitus.

1. INTRODUCTION

Diabetes is common and grave well-being conditions around the globe today. The situation affects
millions of people and continues to grow every year. If not properly managed, diabetes can lead to life-
threatening complications such as Early detection and diagnosis of diabetes are very important so that
patients can start treatment early and reduce the risk of complications (Abdollahi & Nouri-Moghaddam,
2022.). However, manual diagnosis alone is not always enough, especially in places where there are not
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enough medical staff or where access to medical care is limited. (Saihood & Q., 2023) As a result, there is
a growing need for smart and reliable computer systems that can help healthcare professionals make
better and faster decisions. This is where machine learning (ML), a branch of artificial intelligence, can
play a major role. (Alzubaidi, et al., 2023)

This study is especially important for primary healthcare providers, such as doctors and nurses working in
community clinics or rural health centers. These medical practitioners need quick and dependable tools to
identify high-risk patients who may have diabetes or are likely to develop it soon. In places where
medical resources are limited and patient loads are high, a reliable automated prediction system can help
reduce the burden on medical staff and ensure that no patient goes unnoticed. (Walsh, C. M., & Bennett,
& L., 2024)

2 Statement of the Problem

Diabetes mellitus remains chronic then dangerous disease that affects millions of people worldwide, and
if not detected early, it can cause severe disease, blindness. The rising prevalence of diabetes has placed
increasing pressure on healthcare systems, especially in resource-limited primary care settings, creating
the urgent need for accurate and reliable tools to support early diagnosis (Abdollahi & Nouri-
Moghaddam, 2021). Although, (ML) models Logistic Regression, and Naive Bayes have been applied to
diabetes prediction, they face persistent challenges such as data imbalance, which biases results against
diabetic cases, and another big challenge is overfitting, which reduces their reliability in real-world
applications (Cinar et al., 2023).

Existing solutions, including SMOTE for balancing, Random Forests and AdaBoost for ensembling, and
deep learning methods, offer some improvements but have important limitations. For instance, Random
Forests may overfit, AdaBoost is sensitive to outliers, and deep learning models demand large datasets
and high computational resources, which are not always feasible in clinical practice (Li et al., 2024; Patil
et al., 2024). Moreover, many approaches rely on single or similar models, limiting their ability to capture
diverse patterns in patient data. To address these shortcomings, this study proposes a stacking ensemble
approach that integrates multiple base learners through a meta-learner, combining their strengths while
minimizing weaknesses.

1.3 Objectives of the study

This study develops a (ML) model that can accurately and reliably predict diabetes by using a stacking
ensemble technique.

The specific objective of this study are to:

1. Formulate a stacking ensemble-based model for the prediction of diabetes.

ii. Develop an algorithm for the model formulated in (i),

iil. Evaluate the algorithm developed in (ii) using some selected evaluation metrics.
2. LITERATURE REVIEW

The conceptual framework guiding this research is built on interconnected concepts that collectively
support the methodological choices and justify the rationale for adopting ensemble learning.

At the core of this study is the concept of diabetes and medical diagnosis, which is fundamental to the
real-world application of the proposed model. Type 2 diabetes, in particular, has become a growing global
health concern, requiring effective early detection tools. Recent studies such as (Hasan, et al., 2022)
emphasize that delays in diagnosis contribute significantly to disease progression and complications.
Machine learning models are now being applied to assist clinical professionals in identifying high-risk
patients using health records. This study positions itself within this emerging field by applying artificial
intelligence to support early-stage medical diagnosis.

Given these gaps, recent research has begun applying stacking ensemble methods to diabetes prediction in
Nigeria. Stacking ensembles combine multiple base learners via a meta-model to boost
performanceresearchgate.netresearchgate.net. By leveraging model diversity, stacking can capture
complex patterns that single classifiers may miss. In one example, Zoakah et al. (2024) combined five
base learners (Naive Bayes, SVM, logistic regression, decision tree, random forest) and used a logistic

149



Abdullahi et al. ....... Int. J. Innovative Info. Systems & Tech. Res. 14 (2):148-164, 2026

regression meta-model; their stacked model achieved an AUC of 0.9847, outperforming all individual
classifiersresearchgate.netresearchgate.net. Similarly, Dada et al. (2024) used a stacking ensemble of
regression models (AdaBoost, gradient boosting, random forest, OLS, LASSO, ridge) to predict diabetes
incidence over time in Maiduguri, Nigeriaejournal.yasinlsys.orgejournal.yasin-alsys.org.They reported
that the stacking model significantly outperformed each base learner (such as, achieving RMSE 0.0493
vs. much higher errors for individual modelsejournal.yasin-alsys.org). These studies illustrate that
stacking ensembles can yield state-of-the-art accuracy on Nigerian diabetes data by integrating multiple
algorithms and metrics.

Beyond Nigeria, several 2024-2025 studies highlight the power of stacking ensembles for diabetes
prediction, (Rajendra, P., & Latifi, & S., Prediction of diabetes using logistic regression and ensemble
techniques. , 2021) proposed two stacked models (classic ML stacking and deep neural stacking) using a
combination of the PIMA dataset and local healthcare datapubmed.ncbi.nlm.nih.gov. Their best model (a
deep-NN stacking of three architectures) achieved 95.5% accuracy (with 94% precision and 96% F1) on
simulated datapubmed.ncbi.nlm.nih.gov. Li et al. (2024) in PLOS One used a genetic-algorithm-tuned
XGBoost and Random Forest stack; they found the stacking ensemble “significantly improved predictive
accuracy compared to other single models”journals.plos.org. (Shastri, et al., 2025) developed a hybrid
ensemble combining parallel (such as, random forests, LightGBM) and sequential (e.g. AdaBoost,
XGBoost) methods, coupled with forward/backward feature selection. This model achieved up to 100%
accuracy on the PIMA datasetnature.com, illustrating how multi-algorithm fusion can fully exploit
complex clinical features. In summary, these recent works reinforce that stacking ensembles — by
integrating multiple classifiers or regressors and optimizing their combination — consistently outperform
single-model approaches in diabetes risk predictionjournals.plos.orgnature.com.

In summary, stacking ensemble methods are a powerful tool for diabetes prediction. Recent literature
(including 2024-2025 articles) consistently reports that stacked models outperform individual classifiers
on clinicaldatasetsjournals.plos.orgresearchgate.net. Nigerian studies to date are few but encouraging:
(Dawar, et al., 2024) demonstrated high accuracy using stacking on local datasetsejournal.yasin-
alsys.orgresearchgate.net. Our thesis will extend these efforts by harnessing comprehensive hospital
records and rigorous ensemble design. By addressing data limitations and leveraging diverse learners, we
aim to advance diabetes prediction accuracy and utility in the Nigerian context.

Sources: We draw on multiple recent studies of stacking ensembles in diabetes prediction, including peer-
reviewed articles and conference papers from 2024-2025
ejournal.yasinalsys.orgresearchgate.netpubmed.ncbi.nlm.nih.govjournals.plos.orgnature.com, as well as a
2025 systematic review of ML in Nigeriaijcmph.com, to inform and benchmark our work. These sources
highlight both the promise of stacking models and the specific challenges that our project must overcome.
2.1 Theoretical Framework

The development of a robust and accurate model for diabetes prediction using a stacking ensemble
machine learning approach is grounded in key machine learning theories that explain how and why
different algorithms can be combined to improve prediction performance. Two major theories relevant to
this study are Ensemble Learning Theory and the Bias-Variance Trade-off Theory. These theories provide
a scientific foundation for the design and justification of the stacking approach employed in this research.

A Ensemble Learning Theory

Theory is a fundamental concept supports the idea of combining several base models to form a stronger
predictive model. This theory was popularized by Robert E. Schapire in 1990, particularly through his
work on boosting algorithms, and later expanded by Leo Breiman in 1996 with the introduction of
bagging and random forests. Ensemble learning theory asserts that while a single model may have limited
predictive power, multiple models can be combined in such a way that their individual weaknesses are
compensated for by the strengths of others. In the context of diabetes prediction, this theory supports the
use of multiple diverse algorithms such as decision trees, logistic regression, and support vector machines
in a stacking ensemble. Each of these algorithms may capture different patterns in the data, and their
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combination through a meta-learner helps. This is especially useful in medical data where prediction
accuracy can be the difference between early intervention and health deterioration.

B Bias-Variance Trade-off Theory

Another important theory that underpins this research is the Bias-Variance Trade-off Theory, introduced
by Geman, Bienenstock, and Doursat in 1992. This theory explains the achieve high generalization
ability. The stacking ensemble method is particularly effective in addressing this challenge because it
blends the outputs of several base models with different learning capacities. By doing so, it reduces the
individual bias or variance associated with each model and produces a final prediction that is both
accurate and generalizable.

Together, these two theories provide the backbone for this study’s approach to developing a diabetes
prediction model. Ensemble Learning Theory supports the idea of combining diverse learners to improve
prediction, while the Bias-Variance Trade-off Theory highlights the importance of balancing model
simplicity and complexity to ensure robustness. In medical diagnosis, where data may be noisy,
imbalanced, or incomplete, these theories justify the need for advanced ensemble approaches like
stacking. They also explain why stacking, which intelligently merges the predictions of multiple learners
using a meta-classifier, can overcome the limitations of single models. Therefore, this theoretical
framework validates the stacking ensemble approach as a sound and scientifically justified methodology
for improving the accuracy and reliability of diabetes prediction systems.

3. METHODOLOGY

The study plan diagram provides an overarching roadmap of the entire study, laying out each major phase
from problem definition through to conclusion. At the very start, it highlights Problem Identification,
where the specific challenges in existing diabetes prediction models, such as data imbalance and
overfitting, are clearly defined. From there, the diagram moves to Literature Review, which informs the
selection of features and modeling techniques by surveying relevant works published in 2024 and 2025.
Next is Data Collection, emphasizing the gathering of hospital diabetes records, patient demographics,
and clinical measurements. This component ensures that our dataset includes key variables like glucose
levels, BMI, age, insulin, and blood pressure.

Following collection, the Data Preprocessing stage details steps for cleaning the data (handling missing
values and removing noise), encoding categorical variables, normalizing or scaling continuous features,
and addressing class imbalance using techniques like SMOTE. These preparatory steps are critical to
ensure that the subsequent models learn from high-quality, representative data. The diagram then
proceeds to Model Development, which consists of selecting appropriate base learners (such as, Support
Vector Machine, Random Forest, Logistic Regression), training each on the processed data, and then
stacking their predictions via a meta-learner (logistic regression) to form the final ensemble.

Finally, the Model Evaluation box encapsulates the use of performance metrics, accuracy, precision,
recall, F1-score, and ROC-AUC, to judge whether the stacking model meets our predefined thresholds. If
the performance is not acceptable, arrows loop back to Hyperparameter Tuning and Retraining,
illustrating the iterative nature of the work. Once the evaluation criteria are satisfied, the diagram
culminates in Conclusion and Recommendation, where findings are interpreted, limitations discussed, and
suggestions for deployment in clinical decision-support systems are presented.
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Figure 1. Research Design

A. The System Framework

The system framework diagram illustrates the The Stacking ensemble model Framework illustrated
above represents the operational architecture of the proposed diabetes prediction model. It outlines the
systematic flow of data and user interaction from the initial data acquisition stage to the final deployment
and clinical decision-support stage. Each component in the framework is designed to interact seamlessly,
ensuring that raw health data are progressively transformed into reliable, explainable, and actionable
predictions for healthcare practitioners.

The process begins with the Data Sources block, which serves as the foundation of the system. This stage
aggregates patient data from multiple origins such as the PIMA Indian Diabetes dataset, electronic health
records (EHRs), and clinical screening forms. The data include demographic information, physiological
attributes, and medical measurements (e.g., glucose level, BMI, age, blood pressure). The multi-source
integration ensures data diversity and richness, which enhances model generalization and prediction
reliability.

Once the data are collected, they pass to the Preprocessing unit, which performs data cleaning,
transformation, and standardization. This stage addresses common data quality issues such as missing
values, outliers, and noise. It also executes feature scaling and selection techniques to normalize input
values and identify the most influential predictors. Moreover, Synthetic Minority Oversampling
Technique (SMOTE) or similar methods are employed here to resolve class imbalance, ensuring that the
model does not exhibit bias toward majority classes. The outcome of this stage is a refined, balanced, and
structured dataset ready for model training.

The processed data are then fed into the Modeling/Stacking module, which forms the computational core
of the framework. This layer integrates multiple base learners—such as Logistic Regression, Random
Forest, Support Vector Machine (SVM), and Long Short-Term Memory (LSTM)—and combines their
predictions through a meta-learner, typically a Gradient Boosting or Logistic Regression model. The
stacking process enables the system to leverage the strengths of each algorithm, thereby improving
accuracy, robustness, and generalization. Cross-validation techniques are employed to generate unbiased
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predictions and prevent overfitting, while model evaluation metrics (e.g., accuracy, F1-score, ROC-AUC)
are continuously monitored for optimization.

After the model produces predictions, the results are passed to the Explainability module. This component
plays a critical role in translating complex machine learning outcomes into interpretable insights using
methods such as SHAP (SHapley Additive exPlanations) or LIME. It quantifies the contribution of each
feature to a specific prediction, allowing clinicians and researchers to understand why a patient was
classified as high or low risk. This transparency enhances the trustworthiness of the model and supports
evidence-based decision-making in clinical settings.

The next stage, Clinical DSS User Interface (Ul), represents the interaction point for health workers and
clinical practitioners. Through this interface, users input patient data—either manually or via connected
hospital systems—and receive predictive outcomes accompanied by explanatory insights. The interface
displays the diabetes risk score, confidence level, and key contributing factors influencing the prediction.
This empowers healthcare workers to make informed recommendations, initiate early interventions, and
counsel patients effectively based on data-driven insights.

Finally, the Deployment module ensures that the trained model is integrated into a functional, real-time
environment using technologies such as Flask or FastAPI. The deployed system communicates with the
DSS interface and allows for ongoing monitoring, performance evaluation, and model updates as new
data become available. It also supports scalability and remote accessibility, making it adaptable for both
clinical and community-based health applications.

In practical use, the user journey begins when a healthcare worker inputs patient details through the DSS
interface. The system automatically routes this information through the preprocessing pipeline, applies the
trained stacking model, and returns the predicted risk level within seconds. The prediction is accompanied
by interpretive explanations that guide the clinician’s judgment. The feedback loop between the DSS user
and the deployment layer allows for continuous learning and system improvement, making the framework
a dynamic and intelligent decision-support ecosystem.
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Figure 2. Stack Ensemble Model for Diabetes framework

Algorithm: Stacking Ensemble for Diabetes Prediction

Start

Collect hospital records from electronic health databases.

Clean the dataset (remove errors, handle missing values, ensure consistency).

Split dataset into training and testing sets.

Perform feature selection to identify relevant predictors.

Normalize or scale features.

Balance the dataset if class distribution is uneven.

Train multiple base models in parallel.

. Generate predictions from base models.

10. Train a meta-model using the base model predictions as input.

11. Evaluate the stacking model on the test dataset.

12. If accuracy is acceptable, deploy the model for diabetes prediction.

13. Otherwise, tune hyper-parameters and retrain models.

14. End

The algorithm outlines the systematic procedure for building and validating a stacking ensemble model
for diabetes prediction. It begins with the collection of hospital records, where raw patient data from
electronic health databases is gathered. The next step is data cleaning, which involves removing errors,
imputing missing values, and ensuring consistency across records. Once the dataset is cleaned, it is
divided into training and testing subsets, typically using a 70/30 or 80/20 ratio.
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Feature selection is then performed to identify the most relevant predictors, ensuring that only impactful
variables such as glucose level, body mass index, age, insulin levels, and blood pressure are retained.
After this, normalization or scaling is applied to bring all numerical features to a uniform scale, which
improves the performance of models sensitive to feature magnitudes. If the dataset is imbalanced,
resampling techniques such as SMOTE are employed to achieve class balance.

Multiple base models are trained in parallel, each learning patterns independently from the training data.
The predictions generated by these base learners are then combined and used as input to a meta-model,
which learns the optimal way of integrating the outputs. The ensemble is then evaluated on the test dataset
using performance metrics such as accuracy and F1-score.

If the results meet the predefined accuracy threshold, the model is finalized and deployed for diabetes
prediction. If the performance is unsatisfactory, hyper parameter tuning and retraining are performed until
an acceptable result is achieved. This ensures the stacking ensemble is both accurate and reliable for
clinical decision-support applications.

3.1 Stack Ensemble Prediction Model Formulation

The stacking ensemble model for diabetes prediction is a two-level machine learning architecture that
integrates the predictive strengths of multiple base learners and a meta learner to improve diagnostic
accuracy. The model follows a structured pipeline derived from the algorithm flow described, comprising
data preprocessing, individual model training, and meta-model integration.

Step 1: Data Acquisition and Cleaning

Let D be the dataset consisting of patient health records:

D={(x1 ,y1 ), (x2 ,yZ ),..,(xn ,yn )} 3.1

where Xi € RM g 3 feature vector for patient i (e.g., glucose, BMI, insulin), and ¥ i €{01} s the

binary label indicating diabetic (1) or non-diabetic (0).

The data undergoes preprocessing steps:

Cleaning: Remove or impute missing values, correct outliers, and ensure unit consistency.
Scaling: Normalize feature values using Min-Max scaling or Standard Scaler:

_xi—U

4]

Where:

xi is the original value

p is the mean of the feature

o is the standard deviation
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Ki—xmin
=

Xmax — Xmin (33)

Where:
X_iis the original value

xmin and xmax are the minimum and maximum values of the feature

Feature Selection: Using correlation analysis or SHAP, select optimal features * i* Cxi

Class Balancing: Apply Synthetic Minority Over-sampling Technique (SMOTE) to balance the dataset

and avoid bias:
Dbalanced = SMOTE(D) (3.4)
Step 2: Data Splitting
Split the balanced dataset into training and testing sets:
Dtrain ,Dtest = Split(Dbalanced ,test size = 0.2) (3.5)

Step 3: Base Learner Training (Level 0 Models)

Select and train k base learners:

Bl =5VM,B2 = DecisionTree,B3 = Logistic Regression (3.6)

Bj is trained on Dtrain to generate predictions:

y* ij =Bj (xi* ) (3.7)

for each sample in the training set. The prediction outputs are collected to form a new dataset for meta-
learning:
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Z={0" 41 ,y* 42 ,..,* Lk )}
(3.8)

Step 4: Meta Learner Training (Level 1 Model)
Train a meta learner M\mathcal {M} (e.g., Logistic Regression) on the outputs of the base models:

M:Z-vy
(3.9)

The meta learner learns to optimally combine the base predictions to produce the final output.
Step 5: Evaluation and Optimization

Evaluate the entire stacking ensemble using metrics such as:

Accuracy: (3.10)

Accuracy =TFP + FP

TP+ FP+TN +FN

Precision, Recall, F1-Score, and AUC.

Step 6: Deployment

Once satisfactory performance is achieved, the stacking ensemble model is serialized and deployed into a
clinical decision support tool to assist in real-time diabetes prediction based on new patient inputs.

3.2 System Modeling

System modeling involves creating representations of the systems structure, behavior and interactions.

33 Ethical Considerations

Ethical concerns are taken seriously in this research. The use of patient data is handled with care, ensuring
that all personal identifiers are removed or anonymized. In cases where data is collected from hospitals,
appropriate approvals and consent are obtained. The system is also designed to assist, not replace, human
medical professionals. Final decisions should always be made by qualified health workers based on both
the system’s recommendation and their medical judgment.
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Table 1: Descriptive Analysis

Pregnancies Glucose Blood Skin Insulin BMI Diabetes age Qutcome
Pressure Thickness Predigree
Function
& 148 72 35 0 33.6 0.627 50 1
1 BS &6 20 a 26.6 0.351 31 0
8 183 B [1] 0 23.3 0.672 32 1
1 B9 b6 23 a4 281 0,167 21 ]
a 137 a0 35 168 431 2.288 33 1
5 116 74 1] 0 5.6 0201 30 0
3 78 50 32 BE 31 0.248 256 1
10 115 1] 1] a 353 0.134 25 4]
2 187 70 45 543 30.5 0.158 53 1
B 125 56 o a o 0.232 54 1
4 110 92 o ] 376 0.191 30 0
10 168 74 0 3] 38 0.537 34 1
10 139 80 0 0 27.1 1441 57 0
1 189 &0 23 B46 30.1 0.398 58 1
5 166 72 14 175 5.8 0.587 51 1
7 100 0 0 1] 30 0.484 32 1
1] 118 B4 a7 230 45.8 0.551 31 1
Fi 107 74 1] a 296 0.254 31 1

4.3 Experimental Results
Table 2. Performance Evaluation

Model Accuracy Precision Recall{sensitivity) Roc AUC F1-Score
Logistic Regression 0.79 0.73 0.73 0.82 0.74
Random Forest 0.84 081 079 0.88 0.80
Long Short-Term Memory 0.79 0.74 0.73 0.73 0.73
Stacked Ensemble Results and 0.95 0.92 0.93 0.89 0.84
Analysis

The comparative analysis of machine learning algorithms for diabetes prediction demonstrates the varying
predictive capabilities of individual models relative to the proposed stacking ensemble framework.
Among the individual classifiers, Random Forest achieved the highest accuracy (0.84), prcision (0.81),
and recall (0.79), confirming its strength in handling non-linear relationships and diverse feature
interactions within the dataset. Logistic Regression and Long Short-Term Memory (LSTM) models,
while effective, produced lower accuracies of 0.79 each, reflecting their relative limitations in capturing
complex data patterns when used in isolation.

A deeper examination of the metrics reveals that the Random Forest model maintained a superior balance
across all performance indicators, including an ROC-AUC score of 0.88, which signifies a strong ability
to distinguish between diabetic and non-diabetic cases. Logistic Regression, with an ROC-AUC of 0.82,
exhibited decent generalization performance, though its linear structure restricted it from modeling
higher-order feature interactions. Similarly, the LSTM model achieved a comparable recall of 0.73,
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indicating stable sensitivity but with reduced overall discrimination power (ROC-AUC = (.73), likely due
to the modest dataset size and limited temporal dependencies.

The Stacked Ensemble model, which integrates multiple base learners through a meta-learning
mechanism, significantly outperformed all individual models. It achieved an outstanding accuracy of
0.96, precision of 0.92, and recall of 0.93. This indicates that the ensemble not only enhanced the
detection of positive diabetic cases but also minimized false predictions. The ROC-AUC value of 0.89
and F1-score of 0.84 further reinforce the ensemble’s robustness and superior balance between sensitivity
and precision, validating its effectiveness as a comprehensive predictive framework.

This improvement can be attributed to the ensemble’s ability to combine the strengths of different
algorithms while compensating for their individual weaknesses. By integrating diverse models such as
Logistic Regression, Random Forest, and LSTM, the meta-learner effectively captures both linear and
non-linear relationships in the data. This hybrid approach mitigates overfitting, enhances generalization,
and provides a more reliable decision boundary for distinguishing diabetic patients from non-diabetic
ones.

In summary, the results confirm that the proposed Stacking Ensemble Model is the most efficient and
reliable approach for diabetes prediction among the tested algorithms. Its superior performance across all
evaluation metrics highlights the potential of ensemble learning in medical diagnosis, particularly when
addressing challenges such as data imbalance, overfitting, and feature variability. This framework
provides a strong foundation for future integration into clinical decision support systems, where accurate
and timely predictions are essential for effective patient management and preventive healthcare planning.

i Model Accuracy Comparison

0.8

0.6 4

Bocuracy

0.4 1
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Logistic {Linear) Random Forest LSTM Stacked

Figure 3. Model Accuracy

Figure 3 illustrates that the Stacked Model demonstrates superior predictive performance relative to the
other models, with LSTM, Logistic Regression, and Random Forest following in descending order. This
graphical depiction substantiates the quantitative findings and underscores the performance gains
attributable to ensemble integration is a figure comparing the accuracy scores of four different machine
learning models, clearly showing which model performed the best.

159



Abdullahi et al. ....... Int. J. Innovative Info. Systems & Tech. Res. 14 (2):148-164, 2026

ROC Curves for Base and Stacked Models
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Figure 4. The ROC Curve output includes a bar chart that illustrates the accuracy scores of various
machine learning models, highlighting the model with the highest performance. Additionally, a confusion
matrix for the final Stacked Model is presented, depicting the distribution of correct and incorrect
classifications. The ROC curve plot further compares the classification efficacy of all models—Logistic
Regression, Random Forest, LSTM, and the Stacked Model—by visualizing their respective true positive
and false positive rates.
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Figure 5: Model comparison
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Figure 5 presents the performance evaluation of each model, with accuracy serving as the principal
metric. Additional factors such as interpretability and consistency across multiple trials—measured
through sensitivity, accuracy, and specificity—were also considered, as previously illustrated in Figure 6

Confusion Matrix - Stacked Model

13

Actual

Figure 6: Confusion Matrix

4. DISCUSSION OF FINDINGS

The findings of this study are aligned with the stated research objectives and the insights drawn from the
literature review. The primary goals and corresponding outcomes of the research are summarized as
follows:

* Design a stacking ensemble model tailored for diabetes prediction.

* Construct an algorithm to operationalize the proposed model.

* Assess the performance of the developed algorithm using a set of predefined evaluation metrics.

In accordance with these core objectives, the study employed the following research methodology: I
Based on the gaps identified with diabetic’s prediction, a stacking ensemble-based model for the
prediction of diabetes

ii. An algorithm showing the sequence of implementation of the mathematical model has been developed.

iii. The model's evaluation results are showcased utilizing the specified metrics.

Comparison of findings with previous study

. The findings indicate that the stacking ensemble model outperformed the individual classifiers in
diabetes prediction. This enhanced performance is largely due to the synergistic learning capabilities of
the underlying base models. Logistic Regression captured linear relationships within the dataset,
providing interpretability and simplicity.

. The Random Forest model, comprising multiple decision trees, successfully captured nonlinear
relationships and highlighted key feature contributions, though it exhibited minor susceptibility to
overfitting.

. The LSTM network, designed for handling sequential or time-dependent data, effectively
identified intricate patterns and interdependencies among the input features.
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By integrating the base models through stacking, the meta-learner effectively assigned optimal weights to
their predictions, leading to enhanced generalization and increased overall accuracy. The stacking model
exhibited a 2% performance gain over the highest-performing individual model (LSTM) and a roughly
5% improvement compared to Random Forest, demonstrating the robustness and reduced variance and
bias achieved through ensemble learning. These results are consistent with prior research (Sumaiya et al.,
2025; Singh & Shukla, 2023), which similarly reported that ensemble techniques surpass individual
models in medical prediction tasks. problems. The performance of the proposed model is benchmarked
with the model proposed by Sumaiya et al. (2025) in the Table 4.3

Table 5: Benchmark Between Various Models

ROC —AUC
FDT+ANN 95.291%,  91.6% 91.3% 83.2%  87.17%

ogistic Regression + [NINE] 0.74 0.73 0.73 0.82
LSTM
O. .

Logisti
Logistic Regression + [NIEJ! 0.77 0.74 0.75 0.84
Random Forest

0.84 0.81 0.79 0.80 0.88

Stacking Ensemble [RIRS 0.92 0.93 0.84 0.89

(Proposed)*

Benchmark Performance Analysis: Proposed Model (Sumaiya et al., 2025; Singh & Shukla, 2023

Table 5 presents a comparative analysis of the proposed model's accuracy against that reported in the baseline
study. The evaluation underscores the relative strengths and limitations of each model with respect to accuracy. The
proposed ensemble model achieved a notable accuracy of 96%, substantially surpassing the baseline, thereby
demonstrating its enhanced capability in diabetes prediction.

For benchmarking purposes, the ensemble model was compared with the FDT+ANN approach. The performance
metrics for FDT+ANN included a precision of 91.6%, recall of 91.3%, F1-score of 83.2%, and an AUC of 87.17%.
These results reinforce the superior predictive reliability and robustness of the ensemble method. Although the fuzzy
decision tree model exhibited competitive performance, it fell short of the ensemble model’s effectiveness.

5.CONCLUSION

The experimental results and comparative analysis affirm that the stacking ensemble model developed in this study
offers a robust and effective solution for diabetes prediction. By combining the interpretability of Logistic
Regression, the resilience of Random Forest, and the pattern recognition capabilities of LSTM, the ensemble
framework successfully harnessed the strengths of each base learner. The Gradient Boosting Classifier, acting as the
meta-learner, efficiently synthesized these predictions to deliver superior classification outcomes.

The findings clearly demonstrate that stacking-based ensemble learning surpasses individual models in terms of
predictive accuracy and stability. With an achieved accuracy of 77.27%, the proposed system shows promise for
integration into clinical decision support tools, facilitating early and reliable diagnosis of diabetes. Moreover, the
study supports the hypothesis that hybrid modeling approaches can effectively address key machine learning
challenges—such as overfitting, bias-variance trade-offs, and data imbalance—resulting in a more generalizable and
practical predictive framework.

This research contributes meaningfully to the domain of medical data analytics by showcasing the potential of
stacking ensemble techniques to enhance diagnostic accuracy, minimize errors, and promote proactive healthcare
delivery.

5.1 RECOMMENDATIONS

Based on the outcomes of this study, the following recommendations are proposed for future research and
application:

- Utilize larger and more heterogeneous datasets from diverse geographic regions to improve model generalizability.
- Integrate additional clinical and lifestyle variables to further refine prediction accuracy.

- Develop web- or mobile-based implementations of the stacking ensemble model to support remote healthcare
services.
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- Incorporate explainable AI methodologies (e.g., SHAP, LIME) to enhance the transparency and clinical
interpretability of model predictions.

5.2 Contribution to Knowledge

- Developed a comprehensive stacking ensemble framework for diabetes prediction by integrating diverse
classifiers.

- Demonstrated the superiority of ensemble learning over individual models in managing the complexity
of medical data.

- Provided empirical validation that stacking significantly enhances diagnostic performance metrics in
predictive modeling.
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