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Abstract

Type 2 diabetes mellitus (T2DM) is a major global health issue that significantly reduces life expectancy and
impairs overall quality of life. Early diagnosis of T2DM is critical, as it can help prevent or delay the
development of associated complications. This study aims to assess the effectiveness of a stacked ensemble
machine learning model, incorporating a meta-model approach, for the early detection of T2DM. In the first
stage of modeling (Level 1), two base models - random forest (RF) and support vector machines (SVM) - are
trained using distinct feature selection, tuning, and optimization strategies. In the second stage, ensemble
methods, such as voting and stacking classifiers, are employed to combine the predictions from these base
models. The final prediction is made by a meta-model, specifically a gradient boosting classifier (GBC),
which classifies individuals as either positive or negative for T2DM. Further classification of positive
instances is based on low-, moderate-, or high-risk levels. The system is designed for deployment to enable
real-time assessment of diabetes risk. The Meta-Model (GBC), with an accuracy of 99.13%, a precision of
100%, specificity of 100%, and an F1 score of 99.25%, consistently outperforms the base models (SVM and
RF) and ensemble models (voting and stacking classifiers), proving highly effective in the early detection of
T2DM. This significant accuracy highlights the enormous promise of machine learning methods for assisting
in the early identification of T2DM. The findings of this study will significantly enhance precision medicine
screening for T2DM, empowering healthcare professionals to diagnose the condition early and ultimately
improve patient outcomes.

Categories: Biotechnology and Computational Biology, Machine Learning (ML)
Keywords: type 2 diabetes mellitus (t2dm), ensemble machine learning, stacking classifier, meta model, gradient
boosting classifier (ghc)

Introduction

Diabetes mellitus (DM) is a chronic metabolic condition characterized by elevated blood glucose levels
caused by inefficient insulin synthesis or use by the body. There are three types of diabetic conditions that
may be identified (Figure 7). In type 1 diabetes, also known as juvenile diabetes or insulin-dependent
diabetes, the body’s defenses damage insulin-producing cells, resulting in the loss of insulin synthesis [1].
Type 2 diabetes (T2D) accounts for 90% of DM cases. Recently, there has been an annual increase in the
prevalence of T2D [2]. Next, during pregnancy, usually in the second or third trimester, a type of diabetes
known as gestational DM can develop. Insulin resistance and high blood glucose are its defining
characteristics, which result from the body's inability to synthesis enough insulin to fulfill the needs of
pregnancy. In this instance, 90-95% of all instances of diabetes are caused by T2DM. A number of related
illnesses, including stroke, cancer, Alzheimer's disease, hypertension, and cardiovascular disease, can be
made more likely by improper diabetes care, which can also impair glucose regulation. Consequently,
improved results for those with diabetes are ensured by early identification of DM, or type 2 diabetes
mellitus (T2DM), which is essential for accurately forecasting and controlling the disease. T2DM is mostly
caused by insufficient creation of insulin to fulfill the body's needs. People with T2D are often diagnosed
around the age of 40. The condition is frequently linked to aging, obesity, and genetic inheritance from
parents [3]. Apart from obesity, T2D is highly correlated with age, gender, socioeconomic position, site of
residence (rural or urban), drinking and smoking behaviors, and dietary patterns [4]. A few of these variables
are changeable and have a significant influence on T2D treatment [3].
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FIGURE 1: Types of diabetes

Worldwide, 537 million people are expected to suffer from diabetes [5]. Based on statistical data, 529 million
individuals globally suffered from diabetes in 2021. It is projected that the population will reach 1.31 billion
by 2050. Even if the proportion of diabetic patients varies somewhat between nations, diabetes is still one of
the leading causes of mortality and disability worldwide. This is true irrespective of age groupings, gender
factors, or national boundaries [6]. An estimated 760 billion dollars are spent each year on diabetes research
[7]. Healthcare systems bear a massive and ever-growing financial burden from the expense of treating
diabetes-related problems [8]. There is a considerable global increase in the number of diabetes individuals,
which presents a major health concern. The top 15 nations with the highest DM rates are listed in Table / [9].
Many diabetes patients misjudge how terrible their health status is in the early stages of the disease [10].

Country Diabetes Rate (Age 20-79)
American Samoa 20.3%
Egypt 20.9%
French Polynesia 25.2%
Guam 19.1%
Kiribati 22.1%
Kuwait 24.9%
Malaysia 19.0%
Marshall Islands 23.0%
Mauritius 22.6%
Nauru 23.4%
New Caledonia 23.4%
Pakistan 30.8%
Qatar 19.5%
Solomon Islands 19.8%
Tuvalu 20.3%

TABLE 1: The top 15 nations with the highest incidence of diabetes
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It is essential to develop methods for early identification and prediction of DM, as a high yearly death rate
and several health complications arise from delayed diagnosis. The increasing prevalence of T2DM patients
is regarded as a severe health problem [11]. It is vitally essential to predict T2DM in individuals of all ages.
As a result, timely implementation of the necessary lifestyle modifications can aid in delaying the
advancement of DM and the health issues that accompany it [12]. In the past year, data mining and machine
learning have developed into trustworthy and valuable instruments in the medical field [13]. To increase the
precision of illness prediction, machine learning algorithms were developed to automate the healthcare
systems' operational model. The introduction of a distributed computing architecture based on Hadoop
clusters facilitated the efficient processing and storage of enormous amounts of data in cloud environments.
A novel machine learning method was implemented to predict diabetes on Hadoop-based clusters [14].
Numerous machine learning-based systems were utilized to classify and predict diabetic disease, including
logistic regression (LR), feed-forward neural network, decision tree (DT), 48, random forest (RF), naive
Bayes (NB), support vector machine (SVM), artificial neural network (ANN), k-nearest neighbor (KNN), and
others [15]. To enhance efficiency and effectiveness in T2DM identification, we employ stacked ensemble
machine learning in conjunction with Meta-Model. To improve their performance, the two fundamental
models in the first level - RF and SVM - are trained using various feature selection strategies,
hyperparameter adjustments, and optimization approaches. The second level involves combining the
predictions from these basic models using ensemble approaches like voting and stacking classifiers. The
final prediction is then produced by a Meta-Model, namely a gradient boosting classifier (GBC), which
categorizes people as either positive or negative for T2DM. Based on their estimated risk, those who test
positive are further divided into low-, moderate-, and high-risk categories.

The key contributions of this work are summarized as follows:

1. The model blends ensemble approaches (voting and stacking classifiers) with the best characteristics of
many machine learning techniques, including SVM and RF. Through the use of many model’s
complementing properties, this hybrid method enhances accuracy and adaptability.

2. Using a GBC as the Meta-Model at the last prediction step significantly enhances predictive performance.

3. The model provides an additional risk level assessment (low, moderate, and high). This makes it possible
for doctors to provide more targeted treatments by helping those categories patients according to how likely
they are to have problems.

4. We implement the model for clinical application, facilitating quick and precise real-time diabetes risk
assessment.

5. By incorporating predictions from different algorithms, healthcare providers can have more confidence in
the results and explore which model’s output contributed to the final decision.

6. Its modular design makes it simple to update and adjust as new algorithms or additional data become
available.

Literature survey

The early prediction of T2DM has become a critical area of research due to the increasing prevalence of the
disease worldwide. Many studies have applied various machine learning algorithms to predict the onset of
T2DM, with a particular focus on improving prediction accuracy and robustness. Recent advancements in
hybrid models, which combine multiple classifiers in a stacking or ensemble approach, have shown
promising results in diabetes prediction. These models leverage the strengths of different machine learning
algorithms to achieve more reliable and precise predictions. The following Table 2 summarizes key works in
the field of T2DM prediction, outlining the solution methods employed, the performance metrics achieved,
and the limitations noted in each study.

Method Performance Limitations

Requires more computational resources and

Random Forest Accuracy 93.8% ) .

complex interpretation.
Random Forest with High computational cost due to kernel entropy;
Kernel Entropy Accuracy 96.75% component analysis and random forest
Component Analysis complexity.

Moderate accuracy and generalization; may
AdaBoost Accuracy 80% require more data and advanced feature
engineering for improved performance.
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Risk Prediction for
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Diabetes Detection in
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T2DM Classification
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Diabetes Detection
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E-Diagnosis System for
Diabetes Using ML
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Diabetes Prediction
Using Deep Dense
Layer Neural Network
(DDLNN)

Enhancing Diabetes
Prediction Using ML

Diabetes Prediction

Diabetes Prediction
Using Deep Learning

Diabetes Prediction
Using Data Mining and
ML Algorithms

Deep Neural Network
(DNN) Framework for
Diabetes Classification

Deep Learning for
Predicting Diabetes
Mellitus Complications

Comparison of ML
Algorithms for Type 2
Diabetes Prediction

Predictive Models for
Chronic Kidney Disease
in Type 2 Diabetes

Multivariable Logistic
Regression

Ensemble Technique

Soft Voting Ensemble
(XGBoost, Random
Forest, LightGBM)

SB-SVM

ANN

Naive Bayes classifier,
Random Forest classifier,
J48 Decision Tree
models

DDLNN

Ensemble Soft Voting

Random Forest

Convolutional Neural
Network

Neural Network

DNN with Stacked
Autoencoders and
Softmax Layer

Deep Belief Network

DNN

Cox Proportional Hazards

Model

TABLE 2: Summary of existing studies

Accuracy 79.6%

Accuracy 99.27%

AUC improved from 0.792 to
0.847 with 12 baseline
biomarkers + 3 metal
variables

Accuracy 81.43%

Accuracy 80.79%

Accuracy 79.57%

Accuracy 84.42%

Accuracy 97%

Accuracy 83%

Accuracy 92.31%

Accuracy 88.6%

Accuracy 86.26%

Accuracy 81.25%

Accuracy 99.5%

Accuracy 87.4%

Low recall and F1 score indicate potential
issues with imbalanced data or insufficient
sensitivity.

Potential overfitting due to ensemble
complexity; class imbalance issues despite
SMOTE and ROS

Potential bias due to dietary self-reporting;
multicollinearity issues despite VIF adjustment

Class imbalance issue handled, but
generalization to other datasets may be
limited

Requires a significant amount of data for
training; may be sensitive to overfitting with
small datasets

Decision-making process can be difficult to
interpret without model fine-tuning; may
require additional features for better
performance

Requires hyperparameter tuning and K-fold
cross-validation; could benefit from more
complex datasets or features

Class imbalance issue (Mendeley dataset);
complexity of RDPVR method; further
validation on diverse datasets needed

Limited to the selected features; only two
classifiers evaluated

Requires a balanced dataset, computationally
intensive, may not generalize well to
imbalanced datasets

Neural network with multiple layers requires
more computational resources, model
performance may vary with different
configurations

May require significant computational
resources for training, and the risk of wrong
predictions in medical diagnosis

Limited to the dataset used; may not
generalize well to other datasets or
complications

Results depend on dataset quality; noisy data
may affect performance before preprocessing

Limited generalizability to other populations;
model performance could vary with different
datasets

T2DM: Type 2 Diabetes Mellitus, ML: Machine Learning, SB-SVM: Sparse Balanced Support Vector Machine, EHR: Electronic Health Record,

SMOTE: Synthetic Minority Over-sampling Technique, ROS: Random Over-Sampling, RDPVR: Random Data Partitioning with Voting Rule, VIF: Variance

Inflation Factor
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Materials And Methods

This study's methodology integrates ensemble-based Meta-Model techniques in an attempt to create a
dependable machine learning model for diabetes diagnosis. The suggested strategy, which stacks classifiers
with Meta-Model to improve diabetes analysis's accuracy and dependability, incorporates many machine
learning techniques. The methodology for developing and assessing the Meta-Model is covered in depth in
this section. The following explains the essential procedures that comprise this strategy:

Dataset description

The Sylhet Diabetes Hospital in Sylhet, Bangladesh (SDHS-B) dataset, the publicly available dataset utilized
in this work, is essential for forecasting diabetes outcomes and risk. It has 17 features, including both
numerical and qualitative data, and is derived from 520 records at the Sylhet Diabetes Hospital, Sylhet,
Bangladesh [34]. These characteristics cover a wide range of patient-related data, including joint thrush,
polyuria, polydipsia, abrupt weight loss, weakness, polyphagia, blurred vision, itching, irritability, delayed
healing, partial paresis, stiffness in the muscles, alopecia, and obesity. The distribution of gender and status
among the sample population is depicted in the pie chart (Figure 2). According to the gender distribution pie
chart, 36.92% of the sample is female, and 63.08% of the sample is male. According to the status distribution
pie chart, 61.54% of the participants have a positive status, whereas 38.46% have a negative status.

Gender distribution Status distribution

Female Negative

Male Positive

FIGURE 2: Status and gender distribution pie chart

The PIMA-I dataset [35] contains 768 patient records and eight features. Similarly, the Diabetes Dataset
Frankfurt Hospital-Germany (DDFH-G) dataset, originating from Frankfurt Hospital, Germany [36], includes
data from 2,000 cases, each with eight features. The features span various health metrics, such as the number
of pregnancies and skin thickness. Notably, some features like glucose, insulin, blood pressure, BMI, and

skin thickness include values of zero, which are unrealistic in practice. These zero values are treated as
missing data and replaced by the mean of the corresponding feature column.

The target variable in the dataset specifies if a patient has been diagnosed with diabetes or not. Its extensive
patient data and wide range of clinical characteristics offer a strong foundation for binary classification,
which attempts to estimate the risk of diabetes precisely. This dataset was carefully chosen since it is
extensive and relevant to diabetes, which will help the model generalize effectively and provide insightful
results. A correlation heatmap, shown in Figure 3, illustrates the connections between several variables. The
correlation coefficient between two variables is represented by each square in the heatmap, with the colors
representing the direction and intensity of the link. White squares denote no correlation, blue squares show
negative correlations (variables move in opposing directions), and red squares indicate positive correlations
(variables rise or decrease together).
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FIGURE 3: Correlation heatmap of diabetes symptoms

Data preprocessing

An essential component of any machine learning pipeline is data preparation. To ensure that the learning
algorithms can extract significant patterns and correlations from the data, raw data must be transformed
into a format appropriate for model training. Several important preprocessing steps were carried out in this
diabetes prediction system, including the train-test split, normalization, and label encoding. Figure 4
presents the proposed workflow. A detailed explanation of these steps is as follows:

Label Encoding

Numerous categorical variables are included in the dataset, including gender (e.g., male/female), family
history of diabetes (e.g., yes/no), and other medical conditions (e.g., polyuria, polydipsia, sudden weight loss,
weakness, polyphagia, genital thrush, visual blurring, itching, irritability, delayed healing, partial paresis,
muscle stiffness, alopecia, and obesity). Typically, machine learning models operate on numerical data.
However, because most machine learning algorithms rely on mathematical operations like addition,
subtraction, or comparison of numerical values, categorical variables convey qualitative input that cannot be
employed directly. This was addressed by using label encoding. Using a process called label encoding, each
category in a set of categorical variables is given a distinct integer value. The two categories (male and
female), for example, might be encoded as follows: Male = 0 and Female = 1, in the case of gender. Likewise,
for the presence of diabetes in the family: Yes = 1, No = 0. Because it enables algorithms like SVM, RF, and
neural networks to handle categorical data and consider it as a part of their feature space, this
transformation is essential.
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FIGURE 4: Proposed Meta-Model-based framework

SVM: Support Vector Machine

Normalization

Numerical information like the patient's age is included in the dataset. The min-max scaling approach was
used to normalize the numerical variables, especially the age attribute. Using the following formula,
normalization converts the data into a new range, usually between 0 and 1, where min (X) and max (X) are
the feature's lowest and highest values in the dataset, and X represents the feature's initial value. For
instance, the age feature's raw values would be converted into values between 0 and 1 by normalization if its
minimum and maximum values were 16 and 90, respectively. Because the age variable has a wider numerical
range than other data, such as gender, which is stored as either 0 or 1, this guarantees that it does not unduly
affect the model. Because distance-based computations and weight optimizations can be sensitive to the size
of the features, normalization is especially crucial when utilizing algorithms like SVM, RF, and neural
networks.
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FIGURE 5: Histogram and scatter plot of normalized ages

Two plots, a scatter plot and a histogram, show the distribution of normalized ages in a dataset in Figure 5.
An enhanced visualization is provided by the overlay density curve on the left-hand histogram, which
displays the frequency of ages inside certain bins. The individual data points are shown in the scatter plot on
the right, which makes it possible to examine the distribution in greater detail. Normalized age is
represented by the x-axis in both plots, frequency is represented by the y-axis of the histogram, and
normalized age is represented by the y-axis of the scatter plot. Plots such as this offer information about the
dataset's age distribution, including its central tendency, dispersion, and any outliers.

Train-Test Split

The dataset was divided into two subsets: a training set that contained 75% of the data and a testing set that
contained the remaining 25% in order to assess the model's performance and guarantee that it could
generalize to new data. The machine learning models were trained on the training set to find patterns and
connections between the input data and the target variable. In order to determine how effectively the
models would function in actual situations, their performance on previously unknown data was assessed
after training on the testing set. In order to avoid overfitting, make sure the model learns generalizable
patterns rather than just memorizing the training data, and simulate the model's performance on fresh,
unknown patient cases, the train-test split must be implemented.

Base models

The idea of a base model is fundamental to machine learning and forms the basis for prediction tasks.
Usually, a base model consists of a single machine learning algorithm that runs on its own and makes
predictions using the input features that are supplied. We use two popular foundation models in this work:
RF and SVM. The SVM approach with a radial basis function (RBF) kernel was used to address classification
difficulties. SVM operates exceptionally well in high-dimensional fields by determining the optimal
hyperplane that maximizes the margin between distinct classes - in this case, differentiating between those
with and without diabetes. This was a very useful feature since the RBF kernel can handle non-linear
decision boundaries, which is necessary to capture the complex patterns in the data. The model's
performance was enhanced by optimizing hyperparameters such as the gamma coefficient, which determines
the impact of a single training example, and the penalty parameter CCC, which balances the goals of
maximizing margin and minimizing classification error, using grid search with cross-validation. By ensuring
that the model struck the optimal balance between generalization and accuracy, our method successfully
decreased the risk of overfitting while preserving strong predictive performance. Finding the optimal
hyperplane that maximizes the margin between classes is one of the ways the SVM approach prevents
overfitting in high-dimensional feature fields.

In contrast, the RF approach is an ensemble learning technique that creates a large number of DTs during
training and determines the mode of each tree's classification forecast. By using the advantages of several
trees, this model reduces overfitting and increases prediction accuracy. RF is a great option for complicated
datasets since it excels at tolerating missing values and preserving accuracy for a large number of features.
By using these two models as our foundational models, we are able to identify a variety of patterns in the
data and offer a thorough categorization strategy that makes use of the advantages of each technique.
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The Level-1 modeling procedure and combination of base model outputs, where the preprocessed data is fed
to both SVM and RF models, are shown in Figure 6. Every model produces predictions on its own, and
performance is assessed using metrics like accuracy, precision, sensitivity, specificity, and confusion
matrices. Use a stacking classifier to combine the prediction-1 (P1) and prediction-2 (P2).

1

Hyper Parameter Tuning

Model Training

Kerne| Selection
Model Testing
Model Deployment

Model Optimization

Model 1

sta:kingcmssiﬂer}—-h[ Evaluation ]

JE

Normalized Data

Monitoring and Maintenanc
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Multiple Decision Tree
model Deployment

Tree Voting
Model Evaluation

]

FIGURE 6: Base model training and evaluation workflow with stacking
classifier

Voting classifier to combine output of base models

The voting classifier is an effective ensemble technique that improves overall classification performance by
combining the predictions of several base models. We use a soft voting technique in this methodology,
which computes a final probability for each class based on the anticipated probabilities from each base
model. This method is especially useful as it lets the classifier take advantage of the complementing features
of each base model independently, which might increase resilience and accuracy. By combining the results
of RF and SVM, the voting classifier lessens the possibility that any one model's biases may affect the
outcome. The weighted average of the estimated probabilities from the basic models is how the voting
classifier works. More dependable models are able to exert a larger effect on the result since each base model
makes contributions based on its own level of prediction confidence. The combined result can offer a more
balanced picture of the likelihood of class membership, for example, if the RF predicts 0.6 and the SVM
predicts 0.8 for the positive class. When predictions are combined, performance measures like recall, F1
score, and accuracy may all be enhanced. This is especially true for unbalanced datasets where one class may
predominate. All things considered, the voting classifier serves as an intelligent middleman, combining data
from several sources to arrive at a better judgment.

Stacking classifier to combine output of base model

Another ensemble method that improves prediction accuracy is the stacking classifier, which combines
many base models and makes use of each one's unique advantages. The stacking classifier has a two-level
design, in contrast to the voting classifier, which accumulates the predictions of each of its components
directly. First, several base models are trained separately. Then, based on these base-level outputs, a Meta-
Model is fed with the predictions of the base models to learn how to produce final predictions. Because of its
hierarchical structure, the Meta-Model is able to represent intricate relationships and patterns that may not
be apparent from the base models alone. A more sophisticated model, such as a gradient boosting classifier,
may be the final estimator to which we feed the outputs of the SVM and RF. Through training, the Meta-
Model gains insight into the advantages and disadvantages of the base models, which helps it fine-tune its
decision-making process. By enabling the model to adaptively balance the contributions of the base models
according to their performance in the validation dataset, this technique improves the predictive power of
the entire model. Consequently, the stacking classifier can produce increased resilience against overfitting,
higher accuracy, and better generalization to previously unknown data. The stacking classifier diagram used
to aggregate the output of the basic model is shown in Figure 6. That would be ready for the Meta-Model's
input.

Final prediction using meta-model

The final Meta-Model in our hybrid framework plays a crucial role in refining predictions by aggregating
insights from the base models - SVM and RF. Unlike traditional ensemble methods that average or vote on
base model outputs, our Meta-Model undergoes a structured learning process using the probability outputs
from the base models as new features. This allows it to discern patterns, dependencies, and
misclassifications that individual models may overlook. In our implementation, the GBC serves as the core
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of the hybrid model due to its sequential learning approach, where weak models are iteratively improved by
minimizing residual errors. GBC builds an ensemble of decision trees, where each tree corrects the mistakes
of the previous ones by focusing more on misclassified instances. This adaptive boosting mechanism enables
the Meta-Model to capture complex, non-linear relationships in the transformed feature space while
reducing overfitting. By learning from the errors of base models, GBC enhances generalization, leading to
improved accuracy, precision, recall, and specificity. Additionally, GBC employs a loss function optimization
process that balances bias and variance, making it particularly effective in managing diverse feature
distributions and handling class imbalances. The ability of GBC to iteratively refine decision boundaries
ensures that even subtle distinctions in data patterns are leveraged for more precise classification. This
structured and adaptive learning process enables the final Meta-Model to provide a robust, reliable, and
highly accurate classification output, significantly enhancing overall model performance in complex
predictive tasks. Figure 7 shows the research in action.

Meta Model
Selection

Meta Model

Stacking il - =
raining [P s SO

Ensemble

FIGURE 7: Meta-Model training and final prediction workflow

Performance metrics

The performance of the Meta-Model was evaluated using a broad variety of metrics. The many viewpoints
that each of these indicators offers guarantee a thorough assessment of the model's prediction ability along
several dimensions.

The following key terms are used to compute these metrics: TP: True Positives - Cases correctly identified as
positive. TN: True Negatives - Cases correctly identified as negative. FP: False Positives - Cases incorrectly
identified as positive. FN: False Negatives - Cases incorrectly identified as negative.

Accuracy: The percentage of correctly categorized cases relative to all instances is known as accuracy.
Accuracy is helpful as a general measure, but in imbalanced datasets - where one class predominates over
the other - it can be deceptive.

TN +1TP
TP+FN+FP+TN

Accuracy =

Precision: Precision is the percentage of genuine positives among all cases that were anticipated to be
positive. When FP result in significant costs, it is especially crucial.

TP

P . _
rectsion 7FP TP

Sensitivity (Recall): Recall, also known as sensitivity, quantifies the percentage of TP that were accurately
detected. In medical diagnostics, where FN (missing positive instances) might be crucial, it is indispensable.

TP

Sensu‘wzty = W

Specificity: Specificity is a crucial metric for minimizing FP since it quantifies the percentage of TN that
were accurately recognized.

Speci ficit TN
ecificity = ————
P Y=TN+FP

F1-Score: In situations when recall and accuracy are equally important, the F1 score - which is the harmonic
mean of these two metrics - offers a fair assessment.

(Precision x Recall)

F-1 =2
Score X (Precision + Recall)

Matthews correlation coefficient (MCC): Four categories (TP, TN, FP, and FN) in the confusion matrix are
considered by the reliable MCC measure. For imbalanced datasets, it is quite beneficial.
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(TP x TN) — (FP x FN)

MCC =
/(TP + FP)(TP+ FN)(TN + FN)

ROC Curve: The receiver operating characteristic (ROC) curve provides a visual representation of the model's
ability to differentiate across classes. It displays the genuine positive rate (sensitivity) against the FP rate (1 -
specificity) at different threshold settings.

AUC Value: The region AUC, or Area Under the ROC Curve, offers a single scalar value that summarizes the
performance of the model at each threshold level. Excellent model performance is indicated by an AUC value
closer to 1, whereas random guessing is indicated by an AUC value near 0.5.

Results

In Table 3, the evaluation of the five classification models reveals significant differences in their
performance across key metrics. The base model achieved an accuracy of 94.61%, while the voting and
stacking classifiers both reached 98.46%, indicating a strong performance, yet the Meta-Model (GBC)
excelled with an accuracy of 99.13%. In terms of precision, the base model scored 93.50%, with the voting
and stacking classifiers improving to 98.64%, but the Meta-Model achieved a perfect precision of 100%. For
sensitivity, the base model was at 97.29%, with voting and stacking classifiers at 98.64%, while the Meta-
Model scored 98.52%. Specificity showed a similar trend, with the base model at 91.07%, voting and stacking
classifiers at 98.21%, and the Meta-Model achieving a flawless 100%. The F1 score reflected this superiority,
with the base model at 95.36%, voting and stacking classifiers at 98.64%, and the Meta-Model at 99.25%.
Lastly, MCC displayed the Meta-Model's strength with a score of 98.22%, significantly outperforming the
base model at 89.04%. Overall, the Meta-Model stands out with the highest values across most metrics,
affirming its effectiveness as the proposed solution for classification tasks.

Base Model

Evaluation Indexes Voting Classifier Stacking Classifier Meta-Model (GBC)
SVM RF

Accuracy 94.61 98.46 98.46 97.43 99.13

Precision 93.50 98.64 98.64 97.87 100

Sensitivity 97.29 98.64 98.64 97.87 98.52

Specificity 91.07 98.21 98.21 96.77 100

F1 Score 95.36 98.64 98.64 97.87 99.25

MCC 89.04 96.86 96.86 94.64 98.22

TABLE 3: Performance evaluation of the proposed base model, voting classifier, stacking
classifier, and Meta-Model using the SDHS-B dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient Boosting Classifier, SDHS-B: Sylhet Diabetes
Hospital in Sylhet, Bangladesh

Confusion matrices were created to show the classification results and assess each model's performance
further. In comparison to the RF model, the SVM model's confusion matrix in Figure 8 displays 51 TP, 5 FP, 2
FN, and 72 TN. This suggests that the SVM model's accuracy in recognizing non-diabetic patients is
somewhat lower. With just one FP (+) and one FN (-), the RF and voting classifier models showed comparable
results, demonstrating their potent predictive power. With two FP and two FN, the stacking classifier
exhibited somewhat higher misclassification rates but was still quite accurate. With just one FN and no FP,
the Meta-Model (GBC) performed the best, demonstrating its greater capacity to distinguish between
patients with and without diabetes. These illustrations further demonstrate how ensemble methods -
specifically, the Meta-Model - achieve higher accuracy, as shown in Figure 8.
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Confusion Matrix - SVM Classifier Confusion Matrix - Random Forest Classifier

o

True labels

True labels

o 1 0
Predicted labels 0 Predicted labels

Confusion Matrix - Stacking Classifier Confusion Matrix - Meta Model

True labels
True labels

1
Predicted labels £ Predicted labels

FIGURE 8: Confusion matrix for SVM, random forest, stacking classifier,
and Meta-Model (GBC) using SDHS-B dataset

SVM: Support Vector Machine, GBC: Gradient Boosting Classifier, SDHS-B: Sylhet Diabetes Hospital in Sylhet,
Bangladesh

The evaluation of classification models on both the DDFH-G and PIMA-I datasets showcases varying
performance across multiple metrics, illustrating the strengths of each model in Tables 4 and 5. For the
DDFH-G dataset, the Meta-Model (GBC) achieved the highest accuracy of 99.10%, closely followed by the
voting classifier at 99.08%. Precision scores were impressive across the board, with the base model and both
the voting and stacking classifiers attaining perfect scores of 100%, while the Meta-Model scored 98.63%.
Sensitivity for the DDFH-G dataset saw the base model at 91.03% and the Meta-Model at 98.62%, indicating
robust performance in identifying positive instances. Specificity remained high for all models, with the base
model at 100% and the Meta-Model at 99.33%. The F1 score and MCC also highlighted the Meta-Model’s
effectiveness, scoring 98.62% and 97.94%, respectively.

In contrast, the evaluation of the PIMA-I dataset revealed that the voting classifier led with an accuracy of
99%, while the Meta-Model slightly outperformed it with an accuracy of 99.10%. While precision was perfect
for the base, voting, and stacking classifiers at 100%, the Meta-Model recorded a strong precision of 98.63%.
Sensitivity metrics were notable, with the base model at 91.41% and the GBC at 98.62%. Similar to the
DDFH-G results, specificity was uniformly high, reaching 100% for the base and voting classifiers and
99.32% for the Meta-Model. The F1 score for the base model was 95.51%, while the Meta-Model excelled
with 98.62%, and the MCC scores indicated strong overall performance, with the GBC achieving 97.95%.
Collectively, these evaluations underscore the Meta-Model’s consistent superiority across both datasets,
emphasizing its effectiveness and reliability for classification tasks.

2025 Rashed et al. Cureus J Comput Sci 2 : es44389-025-03135-0. DOI https://doi.org/10.7759/s44389-025-03135-0 12 of 22


https://assets.cureusjournals.com/artifacts/upload/figure/file/8497/lightbox_4915d3c0eea011efa868874e600f41d7-Fig-8-.png
javascript:void(0)

Cureus Journal of Computer Science

Evaluation Indexes

Accuracy
Precision
Sensitivity
Specificity
F1 Score

MCC

Base Model
SVM RF
97.05 99.08
100 98.62
91.03 98.62
100 99.32
95.31 98.62
93.38 97.94

Voting Classifier

98.64
100
95.86
100
97.89

96.93

Stacking Classifier

99.09
98.62
98.62
99.32
98.62

97.94

Meta-Model (GBC)

99.10
98.63
98.62
99.33
98.62

97.94

TABLE 4: Performance evaluation of the proposed base model, voting classifier, stacking

classifier, and Meta-Model using the DDFH-G dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient Boosting Classifier, DDFH-G: Diabetes
Dataset Frankfurt Hospital-Germany

Evaluation Indexes

Accuracy
Precision
Sensitivity
Specificity
F1 Score

MCC

Base Model
SVM RF
97.25 99
100 100
91.41 96.88
100 100
95.51 98.41
93.37 97.71

Voting Classifier

97.75
100
92.97
100
96.36

94.86

Stacking Classifier

99.09
98.62
98.62
99.32
98.62

97.94

Meta-Model (GBC)

99.10
98.63
98.62
99.32
98.62

97.95

TABLE 5: Performance evaluation of the proposed base model, voting classifier, stacking

classifier, and Meta-Model using the PIMA-I dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient Boosting Classifier, PIMA-I: PIMA Indian

The visualization charts of these measures are shown in Figures 9-11, for three datasets, which offer clear

insights into the model’s efficacy and highlight the validity of the Meta-Model for the diagnosis of diabetes.

As can be seen by comparing the Meta-Model's evaluation metrics to those of the voting classifier, stacking
classifier, and the individual base models (SVM and RF), the Meta-Model performs the best and most
consistently out of all the models using several datasets.
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FIGURE 9: Performance evaluation visualization of the proposed base
model, voting classifier, stacking classifier, and Meta-Model using the
SDHS-B dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient
Boosting Classifier, SDHS-B: Sylhet Diabetes Hospital in Sylhet, Bangladesh
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FIGURE 10: Performance evaluation visualization of the proposed base
model, voting classifier, stacking classifier, and Meta-Model using the
DDFH-G dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient
Boosting Classifier, DDFH-G: Diabetes Dataset Frankfurt Hospital-Germany
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FIGURE 11: Performance evaluation visualization of the proposed base
model, voting classifier, stacking classifier, and Meta-Model using the
PIMA-I dataset

MCC: Matthews Correlation Coefficient, SVM: Support Vector Machine, RF: Random Forest, GBC: Gradient
Boosting Classifier, PIMA-I: PIMA Indian

Plotting the true-positive rate (TPR) against the false-positive rate (FPR), the ROC curves for four models -
SVM, voting classifier, stacking classifier, and Meta-Model - are displayed in Figure /2. These curves each
represent the classification performance of these models. Strong performance is indicated by the orange
SVM curve, which initially shows a high TPR with few FP; however, performance gradually decreases as the
number of FP rises. By virtue of its curve being closer to the top-left corner and its ability to combine many
models through soft voting, the voting classifier outperforms the SVM. With a nearly flat ROC curve at the
top, indicating an incredibly low FPR and nearly flawless classification, the purple stacking classifier
performs virtually flawlessly. The Meta-Model is the last model to reach almost perfect performance; its ROC
curve hugs the top-left corner, indicating near-flawless or flawless classification. The stacking classifier and
Meta-Model perform the best out of all the models; the Meta-Model probably achieves an AUC near to 1,
indicating a notable increase in predicting accuracy when employing ensemble approaches as opposed to
more straightforward classifiers like SVM. The Meta-Model is the study's best-performing model for
classification, demonstrating the value of ensemble techniques in your diabetes risk prediction framework.

The SVM, voting classifier, stacking classifier, and Meta-Model precision-recall (PR) curves in Figure 13
show how each model strikes a balance between accuracy and recall for diabetes risk prediction. The SVM
model has great precision for the majority of recall values. Still, precision gradually decreases as recall levels
rise, suggesting a trade-off between increased identification of genuine positives and FP. The voting
classifier, which gains from mixing many classifiers, performs almost flawlessly with continuous excellent
precision and recall. The purple-colored stacking classifier has a practically perfect PR curve, demonstrating
its remarkable ability to classify with few false positives and flawless precision across all recall settings. In a
similar vein, the Meta-Model exhibits almost perfect performance, with precision holding steady at 1.0 for
the majority of recall values, albeit slightly declining at the highest recall points. All things considered, the
ensemble models - in particular, the Meta-Model and stacking classifier - perform better than the individual
classifiers because they strike the ideal balance between precision and recall, which makes them extremely
useful for precise diabetes risk assessment.
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FIGURE 12: ROC curve for SVM, voting classifier, stacking classifier,
and Meta-Model using the SDHS-B dataset

ROC: Receiver Operating Characteristic, SVM: Support Vector Machine, SDHS-B: Sylhet Diabetes Hospital in
Sylhet, Bangladesh
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FIGURE 13: Precision-recall curve for SVM, voting classifier, stacking
classifier, and Meta-Model using the SDHS-B dataset

SVM: Support Vector Machine, SDHS-B: Sylhet Diabetes Hospital in Sylhet, Bangladesh

To grasp the confidence of model predictions, it is essential to examine the calibration curves for the SVM,
voting classifier, stacking classifier, and Meta-Model in Figure 14. These curves show how well each model's
projected probabilities match the actual results. The diagonal "perfectly calibrated" line is significantly
deviated from by the SVM curve, which exhibits a high degree of fluctuation. This suggests that the model
may be overconfident in certain probability ranges, causing the predicted probabilities not to match the true
likelihood of positive outcomes closely. While it shows better alignment at extreme probability values, the
voting classifier also has some inconsistencies. Its curve displays high peaks and deviations, indicating
locations where the predicted probabilities are not well calibrated. Although it performs well in classification
trials, the stacking classifier (purple) shows a similar pattern with significant deviations from the perfectly
calibrated line, indicating space for improvement in probability prediction. The Meta-Model, on the other
hand, shows an extremely flawless calibration curve that closely resembles the diagonal line in every
probability range. This implies that the Meta-Model is the most trustworthy model for estimating the
likelihood of diabetes risk because it not only performs well in terms of categorization but also produces
extremely reliable predicted probabilities. Overall, these curves show that the Meta-Model is both highly
accurate and well calibrated, whereas ensemble methods such as the voting and stacking classifiers
demonstrate strong classification performance but may need further calibration to increase the reliability of
their probability estimates.
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FIGURE 14: Calibration curve for SVM, voting classifier, stacking

classifier, and Meta-Model using the SDHS-B dataset

SVM: Support Vector Machine, SDHS-B: Sylhet Diabetes Hospital in Sylhet, Bangladesh

In order to measure generalization performance as the training size rises, the learning curves for four models
- SVM, voting classifier, stacking classifier, and Meta-Model - evaluated exclusively on the test data are
shown in Figure /5. Because of the short training size, all models initially show lower accuracy and

increased variability; however, when additional data is added, the accuracy increases and stabilizes. The
voting classifier performs marginally better, stabilizing at almost 97% accuracy, while the SVM steadily
improves, reaching about 94% accuracy. Ensemble techniques such as the Meta-Model and stacking classifier
typically outperform the others, with the Meta-Model exhibiting the best performance at around 99%
accuracy and the stacking classifier obtaining approximately 98%. Confidence intervals are shown by the
shaded areas surrounding the curves; as training size increases, these intervals go smaller, indicating lower
variance and higher model confidence. When compared to the individual SVM model, ensemble models
exhibit better test accuracy and stability overall, highlighting the benefits of merging many classifiers for
reliable generalization.
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FIGURE 15: Learning curve for SVM, voting classifier, stacking

classifier, and Meta-Model using the SDHS-B dataset

SVM: Support Vector Machine, SDHS-B: Sylhet Diabetes Hospital in Sylhet, Bangladesh

300

Ref. Dataset

[3] SDHS-B

[17] NHANES

[18] DHIS database public hospitals

[20] PIMA-I

[26] PIMA-I

[27] PIMA-I

[28] PIMA-I

[29] PIMA-I

[30] PIMA-I

[37] DDFH-G

[38] PIMA-I

[39] PIMA-I, DDFH-G, IDPD-I
SDHS-B

Proposed Model PIMA-I

DDFH-G

Model

RF

Feature selection (LR) and Classifier (RF)
RF

LR

Naive Bayes

Deep Dense Layer Neural Network (DDLNN)
Soft Voting (Logistic Regression, Naive Bayes, and RF)
SVM

CNN

ML

K-Means++

ANN, LSTM, CNN

Meta-Model (GBC)

Meta-Model (GBC)

Meta-Model (GBC)

Accuracy
98%
94.25%
93.8%
80.2%
79.13%
84.42%
97%
81.4%
92.31%
82%

98%
98.81%, 97.23%, 94.81%
99.13%
99.10%

99.10%

TABLE 6: Comparing the proposed Meta-Model with state-of-the-art approaches

SDHS-B: Sylhet Diabetes Hospital in Sylhet, Bangladesh, NHANES: National Health and Nutrition Examination Survey, DHIS: District Health Information
System, PIMA-I: PIMA Indian, DDFH-G: Diabetes Dataset Frankfurt Hospital-Germany, IDPD-I: Iragi Diabetes Patient Dataset, LR: Logistic Regression,
RF: Random Forest, SVM: Support Vector Machine, CNN: Convolutional Neural Networks, ML: Machine Learning, ANN: Artificial Neural Networks, LSTM:
Long Short-Term Memory, GBC: Gradient Boosting Classifier
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In Table 6, the performance comparison of various models across different datasets highlights the
effectiveness of the proposed Meta-Model (GBC) in predicting T2DM. Studies such as [3], which used RF on
the SDHS-B dataset, achieved 98% accuracy, demonstrating strong predictive performance. Other
approaches, like LR and RF on the NHANES (National Health and Nutrition Examination Survey) dataset
[17], yielded 94.25%, and RF applied to the District Health Information System database [18] reached 93.8%.
Methods using the PIMA-I dataset, such as LR [20] and NB [26], resulted in lower accuracy, at 80.2% and
79.13%, respectively, while more advanced techniques like DDLNN [27] and CNN [30] improved accuracy to
84.42% and 92.31%, respectively. However, ensemble methods like soft voting [28], incorporating LR, NB,
and RF, significantly boosted accuracy to 97%. Similarly, SVM [29] and K-means++ [35] on the PIMA-I
dataset yielded 81.4% and 98% accuracy, respectively. The use of ANN, LSTM, and CNN on datasets like
PIMA-I, DDFH-G, and Iraqi Diabetes Patient Dataset [39] showed high performance, with accuracies of
98.81%, 97.23%, and 94.81%, respectively.

Discussion

The proposed Meta-Model, based on GBC, demonstrated exceptional performance across multiple datasets,
establishing its superiority over traditional and machine learning approaches from previous research. On the
SDHS-B dataset, the Meta-Model achieved an outstanding accuracy of 99.13%, significantly surpassing the
performance of earlier models applied to the same data. Furthermore, its consistent accuracy of 99.10% on
the PIMA-I and DDFH-G datasets highlights its robustness and adaptability to varied data environments.
This consistency across diverse datasets underscores the Meta-Model’s capacity to generalize effectively,
ensuring reliable predictions beyond individual datasets. Such generalization is critical in real-world
scenarios where data variability can challenge model reliability. The superior performance of the Meta-
Model is a testament to its advanced design, leveraging the strengths of ensemble learning to optimize
prediction accuracy. These findings reinforce its potential as a reliable, comprehensive solution for diabetes
risk prediction, offering a significant advancement in early diagnosis and preventive healthcare strategies.

Conclusions

Our research underscores the transformative role of machine learning in the early diagnosis of T2DM. By
employing an advanced stacking ensemble framework, we achieved an impressive accuracy of 99.13%,
demonstrating the effectiveness of predictive modeling in healthcare. Early identification is crucial for
preventing long-term complications, and our study highlights how machine learning can contribute to the
development of accessible, cost-effective, and efficient diagnostic tools, benefiting a wider population.

Despite the promising results, further research is necessary to enhance the model’s generalizability and
clinical applicability. Future work should focus on validating the model across larger, more diverse datasets
to ensure its robustness across different demographics and medical conditions. Additionally, incorporating
key physiological variables such as body size, height, and BMI could refine predictive accuracy by identifying
subtle patterns related to diabetes onset. Another vital direction is the integration of longitudinal and time-
series data to track patient health trends over time. This could improve the model’s predictive capabilities by
recognizing progressive changes indicative of early-stage diabetes. Moreover, exploring deep learning-based
meta-models and hybrid architectures may further optimize the detection process, leading to more accurate
and adaptable diagnostic solutions.
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